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ABSTRACT

To date, galaxy image simulations for weak lensing surveys usually approximate the light profiles of all galaxies as a single or double Sérsic
profile, neglecting the influence of galaxy substructures and morphologies deviating from such a simplified parametric characterisation. While this
approximation may be sufficient for previous data sets, the stringent cosmic shear calibration requirements and the high quality of the data in the
upcoming Euclid survey demand a consideration of the effects that realistic galaxy substructures and irregular shapes have on shear measurement
biases. Here we present a novel deep learning-based method to create such simulated galaxies directly from Hubble Space Telescope (HST)
data. We first build and validate a convolutional neural network based on the wavelet scattering transform to learn noise-free representations
independent of the point-spread function (PSF) of HST galaxy images. These can be injected into simulations of images from Euclid’s optical
instrument VIS without introducing noise correlations during PSF convolution or shearing. Then, we demonstrate the generation of new galaxy
images by sampling from the model randomly as well as conditionally. In the latter case, we fine-tune the interpolation between latent space
vectors of sample galaxies to directly obtain new realistic objects following a specific Sérsic index and half-light radius distribution. Furthermore,
we show that the distribution of galaxy structural and morphological parameters of our generative model matches the distribution of the input
HST training data, proving the capability of the model to produce realistic shapes. Next, we quantify the cosmic shear bias from complex galaxy
shapes in Euclid-like simulations by comparing the shear measurement biases between a sample of model objects and their best-fit double-Sérsic
counterparts, thereby creating two separate branches that only differ in the complexity of their shapes. Using the Kaiser, Squires, and Broadhurst
shape measurement algorithm, we find a multiplicative bias difference between these branches with realistic morphologies and parametric profiles
on the order of (6.9 ± 0.6) × 10−3 for a realistic magnitude-Sérsic index distribution. Moreover, we find clear detection bias differences between
full image scenes simulated with parametric and realistic galaxies, leading to a bias difference of (4.0 ± 0.9) × 10−3 independent of the shape
measurement method. This makes complex morphology relevant for stage IV weak lensing surveys, exceeding the full error budget of the Euclid
Wide Survey (∆µ1,2 < 2 × 103).

Key words. gravitational lensing: weak – methods: data analysis – techniques: image processing – galaxies: fundamental parameters

1. Introduction

Identifying the origin of the accelerated expansion of the Uni-
verse by constraining the dark energy equation of state param-
eter w is one of the most challenging and pressing open ques-
tions in cosmology. To tackle the task of unravelling the charac-
teristics of dark energy, several next-generation surveys such as
Euclid (Laureijs et al. 2011; Euclid Collaboration: Mellier et al.
2025c), the Nancy Grace Roman Telescope (Spergel et al. 2015),
and the Legacy Survey of Space and Time at the Vera C. Rubin
Observatory (Ivezić et al. 2019) will need to measure weak lens-
ing (WL) image distortions at extremely high accuracy. These
distortions have been imprinted on the observed shapes of dis-
tant galaxies by the gravitational fields of the foreground cosmic
large-scale structure. Such measurements call for precise cali-
brations to meet the tight requirements. Detailed and realistic
image simulations are hence a key ingredient for the latest gen-
eration of weak lensing surveys, as they allow for the cosmic
shear measurement methods that will be applied to be calibrated,
and thus the full predictive power of the data for the inference of
cosmological parameters can be leveraged.

There have been many efforts to quantify the effect of
the properties of image simulations on shape measurements
(see for example Hoekstra et al. 2017; Hernández-Martín et al.
2020) and to subsequently improve the simulation qual-
ity to more closely match the real observations concerning,
for example, galaxy number densities, morphological prop-
erties, redshifts and magnitudes, and instrumental or atmo-
spheric effects (Mandelbaum et al. 2018; Kannawadi et al. 2019;
MacCrann et al. 2022; Li et al. 2022, 2023). Until now, how-
ever, the galaxy morphologies included in these simulations
have lacked the complexity and irregularity of real galaxies,
or they have relied on injecting real high-resolution Hubble
Space Telescope (HST) observations into image simulations by
adjusting the imaging properties to match the target survey’s
instrument and observing properties (Li et al. 2022). The latter
method is applicable to ground-based stage III experiments but
has been shown to cause strong issues in the shear estimation

due to noise correlations (Euclid Collaboration: Scognamiglio
et al. 39 2025). For the former simulation framework, the
light distribution of an object is simulated as a single ana-
lytic Sérsic profile or as a two-component model consisting of
the sum of a Sérsic bulge and an either Sérsic or exponential
disc. While stage III surveys, such as the Dark Energy Survey
(Dark Energy Survey Collaboration 2016), the Hyper-Suprime-
Cam Survey (Aihara et al. 2018), and the Kilo-Degree Survey
(de Jong et al. 2013), were able to rely on this simplification
due to the lower shape measurement bias requirements, novel
stage IV projects such as Euclid will have to account for the
influence of galaxy substructures on the cosmic shear analysis.
In weak lensing, cosmic shear is measured from spatial corre-
lations in galaxy ellipticities using large source samples, thus
requiring simulations that accurately reproduce the shapes of
real objects to calibrate the measurement. Previous attempts at
creating more realistic simulations include the emulation of lens-
ing data from HST images (Mandelbaum et al. 2012a, 2018),
the generation of galaxies via shapelet functions (Massey et al.
2004), and the sampling of different deep learning models
trained on real data (Lanusse et al. 2021). Results from the
GREAT3 challenge (Mandelbaum et al. 2015) showed a percent-
level bias difference with respect to parametric galaxy morpholo-
gies for most shape measurement methods using HST emu-
lation, which was more prominent for simulated space-based
data due to the high resolution and small pixel scales, while
the Shear Testing Programme 2 (Massey et al. 2007a) revealed
a sub-percent bias difference using the shapelet galaxies, albeit
at ground-based pixel scales and point-spread functions (PSFs).
The analysis of the full Euclid Wide Survey requires a shear cali-
bration accuracy to better than 0.2% (Cropper et al. 2013), mak-
ing it imperative to account for the impact of galaxy morpholo-
gies. The effect stems from the fact that second-order moments
of galaxy light profiles, which are commonly used by shape mea-
surement algorithms, are coupled with higher-order moments
by the shear (Massey et al. 2007b; Zhang & Komatsu 2011;
Bernstein 2010). These higher-order moments are, however,
dominated by morphologies deviating from simple parametri-
sations. Previous estimates determined that the Euclid Wide
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Survey will be able to resolve substructures down to a surface
brightness of 22.5 mag arcsec−2 and down to 24.9 mag arcsec−2

in the Deep Fields (Euclid Collaboration: Bretonnière et al.
2022a). This results in approximately 250 million galaxies
with resolved morphologies over the entire mission lifetime.
As there does not exist a well-established parametric model of
galaxy morphologies that is more realistic than a two-component
description, aside from simulating a substructure using para-
metric shapes that are disturbed with knots in the light profile
(Sheldon & Huff 2017), a different path is needed to simulate
galaxy images.

With deep learning techniques on the rise for tasks of
computer vision, such as image generation or classification,
capitalising on this growing research field for the aforemen-
tioned goal is a promising approach. Spindler et al. (2021),
Lanusse et al. (2021), Smith et al. (2022), and Holzschuh et al.
(2022) have shown how variational autoencoders (VAEs;
Kingma & Welling 2013) and generative adversarial networks
(GANs; Goodfellow et al. 2014) can be applied to generate
galaxy images with high-resolution training data, a method
that has since also been applied for forecasts on galaxy mor-
phologies with Euclid (Euclid Collaboration: Bretonnière et al.
2022a). Aside from VAEs and GANs, diffusion models have
gained popularity as a powerful image generation method
(Ho et al. 2020), but they are accompanied by increased com-
plexity. Aside from image generation, latent space machine
learning models have also found other applications, for exam-
ple, galaxy classification (Cheng et al. 2021), discovery of strong
lenses (Cheng et al. 2020), modelling of galactic dust extinc-
tion (Thorne et al. 2021), and dimensionality reduction of galaxy
spectra (Portillo et al. 2020).

In this work, we propose a new generative model that
allows for noise-free and PSF-independent reconstruction of
real galaxy images and is able to generate a distribution of
new objects following an input distribution of morphologi-
cal parameters. While it is mostly interesting to generate new
images due to the necessity of including 107–109 galaxies
in order to reach the precision of the Euclid shear calibra-
tion requirements (Euclid Collaboration: Martinet et al. 2019),
the noise-free reconstruction of inputs with minimal residuals
can also be relevant for the Euclidisation procedure proposed
by Euclid Collaboration: Scognamiglio et al. (2025a), where the
authors presented a method to convert HST images of iso-
lated galaxies (hereafter, postage stamps) into Euclid observa-
tions. Such a pipeline requires PSF (de)convolution, shearing,
and down-sampling steps on a noisy image, which gives
rise to noise correlations that impact the shape measurement
(Gurvich & Mandelbaum 2016). Moreover, our model can be
applied to future high signal-to-noise ratio observations in the
Euclid Deep Fields in order to obtain a larger sample of observed
but noise-free galaxies that can be injected into simulations with-
out introducing correlated noise or relying on the output of a
black-box machine learning model.

In this paper, we perform a proof-of-concept study on the
calibration of biases from a complex galaxy morphology for the
Euclid mission. First, we present the architecture and training
data of our deep learning model based on the wavelet scatter-
ing transform after summarising the weak lensing formalism and
the theoretical background on galaxy morphological statistics in
Sects. 2 and 3. We then compare our reconstructed images with
their inputs in terms of their structural parameters and a set of
morphological statistics in Sect. 4. Afterwards, we describe our
method for generating new galaxies according to either an input
distribution of Sérsic indices or their overall visual characteris-
tics. Finally, in Sect. 6, we quantify the shear bias introduced

by galaxy substructures through the comparison of simulations
of Euclid VIS-like postage stamps with samples from our model
and their respective best-fit parametric models before concluding
in Sect. 7.

2. Weak lensing formalism

2.1. Definitions

Weak lensing describes the coherent, statistical distortion of
objects in the Universe due to gravitational deflection by mass
density fluctuations along the line of sight, see Massey et al.
(2010), Kilbinger (2015), and Mandelbaum (2018) for reviews.
The local differential mapping between lensed and unlensed
coordinates can be described via the Jacobian matrix, whose ele-
ments are

Ai j = δi j − ∂i∂ jΨ, (1)

where Ψ denotes the lensing potential, δi j is the Kronecker delta,
and ∂i, j are the derivatives along the respective coordinate of the
lens plane. This matrix can be parametrised by the introduction
of a convergence κ and a two-component shear γ = (γ1, γ2), to
simplify the Jacobian to

Ai j =

(
1 − κ − γ1 −γ2
−γ2 1 − κ + γ1

)
. (2)

Usually, the shear is expressed as a complex number γ = γ1 + iγ2
and in terms of the reduced shear

g = g1 + ig2 =
γ

1 − κ
, (3)

which is advantageous due to this quantity’s connection to the
ellipticity ε, making it directly measurable. In the absence of
preferential intrinsic galaxy orientations, the expectation value
of the intrinsic ellipticity 〈εs〉 vanishes, leading to

g = 〈εo〉, (4)

where 〈εo〉 is the expectation value of the observed ellipticity.
This simple relation shows that a measurement of the elliptic-
ity of galaxies allows measurement of the shear when averaging
over a sufficiently large number of sources.

2.2. Shear measurement

There exist several methods for measuring the shear from
a galaxy image. It can be done directly from galaxy bright-
ness moments, for instance with the Kaiser, Squires, and
Broadhurst (KSB) shape measurement algorithm (Kaiser et al.
1995; Hoekstra et al. 1998), or using forward-modelling
of a light distribution and then fitting it to the data by
maximising a likelihood function, such as im3shape
(Zuntz et al. 2013), lensfit (Miller et al. 2007), or LensMC
(Euclid Collaboration: Congedo et al. 2024b). Moreover,
Metacalibration (Sheldon & Huff 2017) has been applied
with both of these types of methods to get, in principle, model
bias-corrected estimates of the shear signal. We measure galaxy
shapes in this work using the KSB implementation from the
HSM module of the GalSim package (Hirata & Seljak 2003;
Rowe et al. 2015). Therein, second-order brightness moments

Qi j =

∫
I(θ) W(θ) θi θ j d2θ∫

I(θ) W(θ) d2θ
(5)
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are used to infer the complex ellipticity

εo = ε1 + iε2 =
Q11 − Q22 + 2iQ12

Q11 + Q22
. (6)

Here, θ = (θ1, θ2)T is the position vector relative to the object
centre, which is defined such that the weighted first-order bright-
ness moment vanishes, I(θ) is the image light distribution,
and W(θ) is an arbitrary weight function, which is usually a
Gaussian. Within the KSB formalism the ellipticity is then cor-
rected for the impact of the point-spread function using further
brightness moments and measurements of stars.

Model fitting algorithms such as LensMC on the other hand
employ a Bayesian approach to forward-model the pixel data and
then estimating the ellipticity as the mean of a posterior distribu-
tion

ε̂ =

∫
ε p(ε|D) dε (7)

by sampling the galaxy model parameter space, for instance with
Markov-Chain Monte-Carlo (MCMC), and marginalising over
nuisance parameters. Here, p(ε|D) is the ellipticity marginal pos-
terior on the pixel data D = I(θ) given by

p(ε |D) =
1

p(D)

∫
p(D|ε, ξ, φ) p(ε, ξ, φ) dξ dφ, (8)

with p(D) being the marginal likelihood and ξ and φ
as the intrinsic and linear nuisance parameters (Euclid
Collaboration: Congedo et al. 2024b).

2.3. Bias calibration

Shear estimators are affected by a range of different bias
sources, for example from selection biases or PSF correc-
tion errors (Bernstein & Jarvis 2002; Hirata & Seljak 2003;
Fenech Conti et al. 2017). In linear approximation, the shear
bias, defined as the difference between an observed reduced
shear gobs

i and the true reduced shear gtrue
i with i = 1, 2 (assuming

no mixing between the two components), can be written as

gobs
i − g

true
i = µig

true
i + ci + ni, (9)

with µi and ci being the multiplicative and additive shear
biases, respectively, and ni as a statistical noise component.
The indices i = 1, 2 denote the shear component along
the Cartesian axes and along the π/4 diagonals, respectively.
Alternatively, the bias can be defined via a spin-2 equation
with spin-0 and spin-4 multiplicative biases, which then facil-
itates an inclusion of non-linear shear bias terms, if required
(Kitching & Deshpande 2022). The magnitude of the multiplica-
tive bias is generally a function of galaxy morphological param-
eters (see, e.g., Hernández-Martín et al. 2020), galaxy signal-to-
noise ratio (Schrabback et al. 2010; Hoekstra et al. 2015), red-
shift (Kannawadi et al. 2019), and blending (MacCrann et al.
2022), therefore requiring a redshift tomography-dependent cal-
ibration.

To mitigate the effect of biased galaxy shape estimation on
shear analysis (and in consequence cosmological inference), sev-
eral techniques can be exploited. On one side, methods such
as shape and pixel noise cancellation (Massey et al. 2007b;
Jansen et al. 2024) have been shown to be able to efficiently scale
down the necessary simulation volume for shear calibration,
which in return is used to correct the survey measurements for
the determined bias. Other methods such as Metacalibration

have been employed successfully to remove noise biases,
model biases and selection effects from the shape measurement
directly during the measurement process (Sheldon & Huff 2017;
Sheldon et al. 2020). Nevertheless, detailed simulated images
are needed due to blending, detection (Hoekstra et al. 2021),
and redshift blending (MacCrann et al. 2022; Li et al. 2023). In
this work, we will focus on the influence of complex galaxy
morphologies on the shear measurement bias. This is a model
bias that enters the shape measurement due to inaccuracies of
the underlying model (either the fitted profiles or the estima-
tion of ellipticities via moments), and thus it depends on the
applied method. While this specific model bias has been pre-
viously ignored for ground-based surveys with lower resolution
imaging, where substructure is not well resolved, this assump-
tion does not necessarily hold for a space-based mission such as
Euclid, given its unprecedented precision and survey area.

3. Galaxy morphologies

3.1. Sérsic profiles

The overall complex structure of galaxies is a product of their
complicated evolution history, see Conselice (2014) for a review.
Nevertheless, the observations of a majority of galaxies at cur-
rently feasible resolutions for large ground-based WL surveys
can be well approximated using a simple analytic prescription.
The most common parametric form of a galaxy-like light distri-
bution is the Sérsic profile

I(r) ∝ exp

−bn

(
r
re

)1/n , (10)

where n is the Sérsic index, re is the half-light radius, and bn is a
scaling factor that depends on n (Sérsic 1963). With this model,
galaxy light profiles can be simulated as either a single Sérsic or
a double Sérsic profile consisting of separate bulge and disc com-
ponents. Simulating galaxies in this way is advantageous due to
the simplicity and existing measurements of the model param-
eters across previous survey areas, which enables a simple yet
realistic generation of simulated footprints.

3.2. Morphological statistics

Euclid’s VIS instrument (Cropper et al. 2016; Euclid
Collaboration: Cropper et al. 2024) will observe billions
of galaxies over 14 000 deg2, with many of them covering
only a few pixels given the 0′′.1 pixel scale. A large subset
will have shapes that can be well approximated by a Sérsic
parametrisation, but a non-negligible portion of the sample will
also display structural features such as irregularities, clumps,
spiral arms, or tidal streams. Moreover, the fraction of such
peculiar galaxies changes gradually with redshift, with high-z
objects (z > 1.2) showing irregularities more commonly,
especially since optical observations show rest-frame UV
structures for high-z galaxies, which are dominated by star-
forming regions (Abraham et al. 1996; Conselice et al. 2005;
Bundy et al. 2005). Even though these objects will have mostly
low signal-to-noise ratios, parametric fits can still result in large
residuals for a substantial number of objects. Given that the
Euclid WL sample will include galaxies with redshifts up to
z ≈ 2 (Euclid Collaboration: Ilbert et al. 2021), accurate galaxy
shapes will accordingly be even more relevant.

Statistical proxies for disturbed morphologies can be eval-
uated on input HST data and the deep learning model output
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to validate its capability to capture modes that deviate from
smooth structures. Hackstein et al. (2023) summarised a set of
such proxies to estimate the power of galaxy image generators.
For instance, the MID statistics (multi-mode, intensity, devi-
ation) by Freeman et al. (2013) provide an estimate of pecu-
liar features of a galaxy morphology by tracing the existence
and intensity ratio of multiple nuclei as well as the deviation
from simple elliptical representations. Similarly, the Concentra-
tion, Asymmetry & Smoothness (CAS) morphology indicators
(Conselice et al. 2000; Conselice 2003) trace irregular shapes by
defining the following set of estimators:

C = 5 log10

(
r80

r20

)
; (11)

A =
∑
i, j

|I0(θi, θ j) − Iπ(θi, θ j)|
|I0(θi, θ j)|

− |Bπ|; (12)

S =
∑
i, j

|I0(θi, θ j) − IS(θi, θ j)|
|I0(θi, θ j)|

− |BS|. (13)

The concentration C measures the bulge concentration by
relating the radii r80, r20 of apertures within which 80% and 20%
of the total flux are located. Additionally, the asymmetry param-
eter A and the smoothness S quantify the rotational symmetry
with respect to the flux, and the magnitude of small-scale struc-
tures, respectively. Here, I0(θi, θ j) is the galaxy image intensity
at pixels θ = (θi, θ j)T, Iπ(θi, θ j) is the same image rotated by π
around the image centre, |Bπ| is the average asymmetry of the
rotated image background, IS(θi, θ j) is the image smoothed by
a boxcar filter, and |BS| is the average smoothness of the back-
ground.

Furthermore, another such statistic, the Gini coefficient, is
sensitive to the intensity concentration in a compact component
of the light profile and can be calculated with

G =
1

k(k − 1) Ī0

k∑
i

(2i − k − 1) I0(θi). (14)

The value I0(θi) is the i-th pixel value of the individual galaxy,
here with pixels sorted by increasing intensity, and Ī0 is the mean
over all k pixels (Abraham et al. 2003). We also calculated the
M20 coefficient

M20 = log10

(∑
i Qi

Qtot

)
, (15)

where Qtot is the second-order moment of the total galaxy light
distribution (sum over all pixel fluxes multiplied by their squared
distance to the image centre) and

∑
i Qi are the second-order

moments summed over only the brightest 20% of pixels, so∑
i I0(θi) < 0.2 I0(θ). This parameter is thereby able to indicate

merger signatures and clumpiness (Lotz et al. 2004).

4. Reconstruction of HST data

4.1. The wavelet scattering transform

One main attribute of deep learning models is a process of
dimensionality reduction. To learn the distribution of training
images, these models usually compress the 2D array of image
pixels into a latent vector z, which is then later expanded to
image size using convolutional layers. While these latent repre-
sentations within VAEs and GANs effectively constitute a black-
box, where usually no physical meaning can be attributed to the

latent variables, we employ an image compression method that is
based on the wavelet scattering transform (WST; Mallat 2012) as
an encoder for the network. Such convolutional neural networks
(CNNs) have previously been proposed by Bruna & Mallat
(2013) and applied to common deep learning test data sets by
Angles & Mallat (2018). This operation is useful, due to the
transform’s ability to capture morphological information. With
this mathematically motivated latent space, we can later on also
sample galaxies by clustering them according to their wavelet
scattering coefficients. Thus we avoid learning a latent variable
model or encountering the typical limitations of other genera-
tive models, such as mismatches between aggregate posterior
and prior in VAEs (Tomczak & Welling 2018) or mode collapse
for GANs (Salimans et al. 2016).

The wavelet scattering transform is an operation that applies
a set of convolutions by dilated and rotated wavelet filters ψλ
to a 2D array. A family {ψλ} j,l of such filters is specified by a
dyadic sequence of scales 2 j with j ∈ Z, J ≥ j > 0, a number of
rotations with angles l, l ∈ Z, L ≥ l > 0, and a rotation operation
rl on the data x:

{ψλ} j,l =
1
2 jψλ

 r−1
l x
2 j

 . (16)

Given an input image I0(θ), the zeroth-order scattering trans-
form is defined simply as the mean of the input. The first-order
coefficients are calculated by convolving the image with the fam-
ily of wavelet filters {ψλ} j1,l1 and then by taking the mean of the
modulus of the obtained scattering fields. Similarly, the second-
order scattering coefficients are given by the convolution of the
first-order fields by another set of wavelets {ψλ} j2,l2 :

s0 = 〈I0(θ)〉; (17)

s1
j1,l1 =

〈∣∣∣I0(θ) ? {ψλ} j1,l1
∣∣∣〉 ; (18)

s2
j1,l1, j2,l2 =

〈∣∣∣∣∣∣I0(θ) ? {ψλ} j1,l1
∣∣∣ ? {ψλ} j2,l2 ∣∣∣〉 . (19)

Here, ? designates a convolution. This results in JnLn +1 scatter-
ing coefficients, where n is the maximum order of the scattering
transform, which exceeds the target latent space dimension for
typical values of J = 4, L = 8. By averaging over all orientations
(l1, l2), one can reduce this number to J + J2 + 1 (Greig et al.
2023). This, however, does not preserve the angular dependence
of the wavelet filtering and thus only probes the size scales of
the image, which thus reduces the morphological information.
We only average over the orientations l1, which preserves shape
information but discards information on the orientation. Addi-
tionally, one can further limit the dimensionality by a factor of
2n−1, by discarding coefficients with j1 ≥ j2, as they only con-
tain high-frequency information (Cheng & Ménard 2021). This
is almost exclusively noisy pixel-level information, which will
not be highly relevant for Euclid with respect to HST, given the
resolution difference. For the reduced scattering coefficients of
I0(θ), one thus ultimately obtains

s1
j1 =

〈〈∣∣∣I0(θ) ? {ψλ} j1,l1
∣∣∣〉〉

l1
; (20)

s2
j1, j2,l2 =

〈〈∣∣∣∣∣∣I0(θ) ? {ψλ} j1,l1
∣∣∣ ? {ψλ} j2,l2 ∣∣∣〉〉l1

, j2 > j1. (21)

Here, 〈. . . 〉l1 denotes an average over all l1 indices. The choice
of J and L depends on the size of the images and the scales and
angles that need to be probed. In principle, the wavelet scatter-
ing transform can be extended to higher orders; this is, how-
ever, computationally expensive. Bruna & Mallat (2013) have
furthermore shown that the information content is extremely
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Fig. 1. Architecture of the CNN. Noisy input images are embedded into a latent space vector by performing a PCA on the wavelet scattering fields
s j1 ,l1 , j2 ,l2

2 with J = 4, L = 8, which is then propagated through one fully connected layer and five convolutional layers, each with a 5 × 5 kernel,
batch normalisation and ReLU. The final output of the generative model is produced by a tanh activation function.

small beyond the second order. We compute wavelet scattering
coefficients with the kymatio package with pytorch backend
(Andreux et al. 2020; Paszke et al. 2019).

4.2. Training data

Our galaxy image training data set consists of HST images
observed in the F814W filter as part of the COSMOS pro-
gram (Scoville et al. 2007). The GalSim package supplies a
catalogue of postage stamps of deblended, PSF deconvolved
galaxies with magnitudes down to mF814W

AB ≤ 23.5 from this
survey (Leauthaud et al. 2007; Mandelbaum et al. 2012b, 2014).
For the sample selection of this data set, some additional cuts
were imposed on the COSMOS data to reject objects with con-
tamination from stars or image defects, as well as objects lying
in masked regions of the ground-based BVIz imaging, to ensure
good photometric redshift estimates. The exact cuts can be found
in the appendix of Mandelbaum et al. (2014).

We draw these 56 062 galaxies on 64 × 64 images at a pixel
scale of 0′′.05, that is half of the nominal pixel size of the Euclid
VIS instrument, and convolve them by a simple Gaussian PSF
with σ = 0′′.07 for training. We can later easily deconvolve the
noise-free reconstructions by the same PSF without introducing
noise correlations. Next, we discard galaxies with a low signal-
to-noise ratio (S/N≤ 10), as well as large galaxies that exceed
the image size of the postage stamps to avoid truncation. This is
done by creating a 3σ binary segmentation map and removing
objects whose edges do not lie within the stamp. Alternatively,
we could increase our postage stamp size, although only to the
detriment of much longer training times. Moreover, galaxies that
exceed 64 pixels at 0′′.05 are not relevant for the cosmic shear
analysis due to their angular size of ≥3′. Such objects do not
carry a significant shear signal and can thus be excluded from
the analysis. These cuts leave us with 46 720 galaxies, which we
divide into 43 520 training images and 3200 test images.

4.3. Network architecture and training

Using the aforementioned WST, we first calculate the scatter-
ing fields of our training images up to second order with J =

4, L = 8, resulting in a 3D vector of size (1 + LJ + L2J(J −
1)/2, w/2J , h/2J) for an image with size (w, h). To further reduce
the dimensionality we perform a principal component analy-
sis (PCA, see Shlens 2014) to compress the data into a latent
space embedding {zs(I0,i)} of input images I0,i with 64 compo-
nents, which has been tested before by Angles & Mallat (2018)
for deep learning generative models. This proved to be more
robust on noisy inputs than training the network directly on
the scattering coefficients, as the scattering coefficients first cap-
ture morphological information at fixed scales, which mostly do
not contain the high-frequency noise), which is then further de-
noised by the PCA. This two-step process facilitates the selec-
tion of morphological modes only, and produces a latent space
that is not arbitrary, but carries significant, correlated informa-
tion. Later on, however, we also compute the reduced scattering
coefficients of the reconstructed noise-free HST data, to classify
the objects and facilitate conditional sampling of galaxies.

Overall, the model architecture resembles an autoencoder,
with a CNN decoder, but a manual encoder to create latent vec-
tors. The CNN itself consists of a linear fully connected layer
followed by 5 transposed convolutional layers with batch nor-
malisation and ReLU activation functions (Agarap 2018). These
iteratively expand the compressed latent space data via convo-
lutions with 5 × 5 kernels until a final tanh activation to get the
generator output. Figure 1 depicts an overview of the CNN archi-
tecture. We then also calculate the second-order reduced scatter-
ing coefficients s2

j1, j2,l1 (hereafter, s2) of the generated recon-
structions, which have previously been shown to be able to trace
morphologies in galaxy images (Cheng & Ménard 2021).

We trained our model ω̂ on the embeddings {zs(I0,i)} by min-
imising a L1 loss function such that

ω̂
(
{zs(I0,i)}

)
= argmin

ω∈G

n∑
i=1

|I0,i − ω({zs(I0,i)})|, (22)

where G represents the class of CNNs with the specified archi-
tecture. The generator is trained in batches of size 128 and its
hyperparameters are iteratively improved by an ADAM opti-
miser (Kingma & Ba 2014).

To compare the outputs of our model with the original
images, we first perform a qualitative inspection by plotting
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Fig. 2. Qualitative check of the HST reconstruction from the generator
ω̂. The left column shows original input galaxies, while the second col-
umn displays the output of the generator after training. In the middle we
plot the residual at noise level between the first two columns, followed
by the best-fit double Sérsic from pysersic and the residuals between
the original HST stamps and the Sérsic fits. We also display the root
mean squared error (RMSE) values between the original image and the
reconstruction, for both the parametric and realistic columns.

the samples from the generative model on a few test images
next to the corresponding HST galaxy. Additionally, we esti-
mate the best-fit double-Sérsic profile of each galaxy to visualise
the gain of our model with respect to common paramet-
ric methods. To obtain this fit, we use the pysersic pack-
age, which employs Bayesian inference methods for this task
(Pasha & Miller 2023). After estimating a prior on the fit param-
eters from the input image, the code finds a posterior distribution
by either full MCMC or using stochastic variational inference
(SVI, Hoffman et al. 2013). We use the latter (mainly due to its
speed), which initially finds the maximum a posteriori (MAP)
parameters with SVI and then samples from a narrow Gaussian
distribution around these values to obtain the best-fit model.

In Fig. 2, we show this comparison between the input HST
data and the realisations from ω̂ for a selection of galaxies.
As one can observe, the CNN is able to easily capture details
that deviate from the parametric representation, resulting in an
overall reduced residual and a detection of features in the sur-
face brightness that consistently surpasses the capabilities of the
employed parametric models. This gain is naturally not as pro-
nounced for galaxies that closely match the regular disc-bulge or
elliptical morphology, as for example visible in the first row of
the plot. Nevertheless, our model can introduce additional sub-
structure, which is relevant for shear bias calibration. We also
display the pixel-wise root mean square error (RMSE) values
between the original HST image and either the generative model
reconstruction or the parametric fit. As all images are normalised
to the same interval and the reconstructions do not contain noise,
the values are not qualitative comparisons, but rather a way to
show that the best-fit Sérsic profile is consistently less accurate.

While there are of course residuals besides pure noise,
extremely small-scale deviations from the original images are
not concerning for the shear calibration simulations. As the
Euclid VIS instrument operates at half the pixel resolution of our
output, the generated sample has to be processed by a Euclidisa-
tion pipeline which adds a correct PSF and re-samples the image

with roughly 2 × 2 binning, thus reducing the overall resolution.
Such differences might affect the possibility of training the CNN
directly on Euclid Deep Field data, which is an option that could
be investigated in the future.

The proposed model is not the first generative neural net-
work for galaxy morphologies developed recently, as previ-
ously another architecture has been used within the context of
Euclid (Euclid Collaboration: Bretonnière et al. 2022a, 2023).
There are, however, some key differences. The presented archi-
tecture facilitates extremely fast training and sampling, the latter
of which is necessary for the large simulation volume required
for a successful Euclid shear calibration campaign. Moreover,
it allows for an easy extension to multi-channel inputs and out-
puts in order to learn and simulate morphologies in multiple filter
bands jointly. This improvement will be part of future work and
is an important step in obtaining true morphologies across both
Euclid instruments and for calibration of colour gradient biases
(Semboloni et al. 2013).

4.4. Recovery of galaxy structural parameters

As an additional step for the validation of the reconstructions, we
look at the distribution of the common galaxy structural param-
eters in the test data set, namely the Sérsic index n and the half-
light radius re. This allows us to check if the generative model
generalises well upon application to data outside of the training
set, which is paramount for subsequent sampling stability and
reliability. Moreover, as shape measurement biases depend on
the n and re distributions, an accurate recovery is necessary for
the next steps of the main goal of the work.

We again estimate these Sérsic model properties by perform-
ing fits of single Sérsic profiles on the original HST image, as
well as on the generated output. We mimic the inputs with our
new sample by matching the flux and noise properties between
the input and the generated image. Additionally, we restrict our
model fitting by fixing the priors on both data sets to assure iden-
tical centroid positions and fluxes for each galaxy pair.

Recovering the general input distributions is an additional
indicator for success of the generative model and important
for sampling of new galaxy images, as these parameters are
necessary for realistic generations, due to the existing knowl-
edge on spatial distribution and number densities of these struc-
tural parameters for true galactic populations (Shen et al. 2003).
Moreover, a correlation between shear measurement bias and
Sérsic index has previously been shown by Pujol et al. (2020)
and Hernández-Martín et al. (2020). Therefore, samples with
accurate Sérsic index distributions in the tomographic redshift
bins are required for calibration of the shape measurement.

Figure 3 shows the 1:1 relations and histograms between the
best-fit parameters calculated on the original HST image and the
corresponding reconstruction output by the generator. The latter
is thereby matched by flux to its original counterpart and then
given a noise level that resembles the one on the original HST
input image. We see that our generative model ω̂ generalises well
on the test data, as the measured structural parameters are recov-
ered well for the majority of galaxies. The mean difference of
Sérsic indices is 〈∆n〉 = 0.13 (−0.005) with a standard deviation
of ∆σn = 0.68 (0.46), where the numbers in parentheses are the
values when only considering objects up to n ≤ 4.0. For the half-
light radii, the mean scatter and its standard deviation are simi-
larly small, with 〈∆re〉 = −0.02 (−0.01) and ∆σre = 0.08 (0.07).
Towards high Sérsic indices n ≥ 4, the fit accuracy breaks down,
although it should be noted that the sample size is small at these
values. Still, the overall distribution remains precise, with some
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Sérsic index n

0.0

0.2

0.4

0.6

0.8

n
or

m
al

iz
ed

d
en

si
ty

(c) Distributions of n

original Sérsic n
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Fig. 3. Comparison of Sérsic index n and half-light radius re recovery
on original and reconstructed images. Panel a shows the 1:1 relation
for the Sérsic index, and panel b shows the 1:1 relation for the half-
light radius. Panels c and d display the overall distributions of the two
parameters in both samples. The residual ∆-plots show the means and
standard deviations of the relative difference between the original and
reconstructed subsets over equi-spaced bins.

excess at intermediate Sérsic indices in the generated sample.
The scatter towards higher values of re on the reconstructed sam-
ple can be mostly attributed to the fitting procedure, where the
models for strongly peaked galaxies with high Sérsic indices are
not easily distinguishable using the SVI posterior estimation and
thus often produce offset half-light radii. To check the recovery
of these galaxies, we show in Appendix A a sub-sample of such
galaxies with the strongest fit offsets between the HST image and
the generator output. Looking at the actual images of the galax-
ies with the strongest offset from the 1:1 relation, we see that
the CNN recovered their overall shape similarly well, meaning
that the large difference is a product of the degrading fit accu-
racy. This mostly happens for very concentrated galaxies (high-n
objects) with high S/N.

4.5. Recovery of morphological statistics

Next, we check the statistics on disturbed morphologies for both
galaxy image samples. Again, an accurate reconstruction with
subsequent noise and flux matching should be able to recover
the values of the input for the various morphology parameters
introduced in Sect. 3. In Fig. 4, we compare a set of morpholog-
ical proxies, namely M20, the Gini coefficient G, and the CAS
tracers. Concentration C, M20 and G are recovered well for the
majority of galaxies. The parameters A and S follow the 1:1 rela-
tion as well, although with more scatter compared to the other
parameters, especially towards the higher end of their respec-
tive ranges. We also depict four example galaxies with vary-
ing shapes to indicate where the main galaxy populations reside
within the plots. The estimation of these statistical parameters
is again dependent on the noise matching, which is presum-
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Fig. 4. Comparison of morphological proxies between original HST
images (x-axis) and reconstructions by the generative model (y-axis).
Panel a shows the M20 index, and panel b shows the Gini coefficient.
Panels c–e display the CAS statistics, and panel f depicts four example
images from the test data set with their values for the respective param-
eters shown according to the coloured markers.

ably the strongest source of scatter, as shown by Conselice et al.
(2000), Conselice (2003), and Lotz et al. (2004). Furthermore,
offsets can be introduced by the segmentation algorithm applied
to separate the galaxy from the background, where redshift-
dependent biases may arise due to surface brightness dimming
(Freeman et al. 2013). We implement the segmentation method
from the photutils package (Bradley et al. 2023) for our anal-
ysis. Overall, we find a good and robust recovery of most of
the morphological proxies, which proves the capabilities of the
reconstructive power of our generative model.

In general, there is only limited knowledge so far on the
distribution of these properties in observed samples of galaxies
across redshift bins, as not a large amount of data exists, which
has a high enough resolution to reliably determine such prox-
ies. We do however expect a dependency of the shear bias from
complex morphologies on some of the parameters, as shapes
with more disturbance from smooth profiles should lead to larger
overall deviations for an ellipticity estimator. In Sect. 6, we will
check this dependency for Euclid-like simulations.

5. Generation of new galaxies

5.1. Galaxy-galaxy interpolation

To generate new galaxies from our trained model ω̂, several
options are at hand. The common approach for VAEs or GANs
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ω̂(zs(I0,1)) f = 0.2 f = 0.4 f = 0.6 f = 0.8 ω̂(zs(I0,2))

Fig. 5. Interpolation between two input galaxies with embeddings {zs(I0,1)} and {zs(I0,2)}. The columns in the middle display the intermittent results
by feeding interpolated embeddings in 0.2 increments into the generative model ω̂. The images are displayed inverted to shown faint details.

is to sample directly from the distribution of latent space vari-
ables. This, however, is accompanied by the risk of also gener-
ating images whose latent values originate from the multivari-
ate distribution spanned by the training set, but do not possess
shapes that fit into the pool of observed galaxies. This can occur
for example when the latent space is not compact, resulting in
a possibility of arbitrary output shapes. Additionally, this makes
conditional sampling difficult without training a secondary latent
space model (see, e.g., Lanusse et al. 2021) or using a larger set
of input galaxies that can be binned without restricting the gen-
eralisation power of the generative model.

Another possible path for the conditional generation of
galaxies is linear interpolation, by leveraging the linearity of
the scattering fields (Angles & Mallat 2018), which extends
onto our PCA components, as the PCA is itself a linear oper-
ation. Such latent space linear arithmetic calculations have
also been shown to allow for informative sampling in GANs
(Bojanowski et al. 2017) and prescribe a common test for gen-
erative model performance. Assuming that the GalSim COS-
MOS data set is representative of the general plethora of possible
galaxy shapes, every additional galaxy can be interpreted as an
intermediate shape and ergo as an interpolation between two dif-
ferent galaxies from the whole sample. The only galaxy popula-
tion that presumably does not fit into this space are highly irreg-
ular galaxies, for them, the shapes are not conformable with any
known physical model anyway, as their name suggests. Thus,
a potential irregular object created from a generator cannot be
definitively confirmed or refuted as a realistic representation.
Still, caution is required also for common shapes, due to the
fact that the latent space between two objects is not necessar-
ily fully covered, so interpolating between any arbitrary galaxy
pair might not lead to realistic shapes. Interpolation between
two edge-on galaxies that are rotated by 90◦ with respect to
each other could ensue intermediate realisations of, for example,
cross-like shapes and therefore produce overall more irregular
morphologies, which we found when just randomly interpolating
between galaxies from the training set. Hence, a fine-tuning of
the operation is necessary to ensure realistic shape distributions.
Another caveat of training data set size is the small area of the
COSMOS field, with potentially large cosmic variance, mean-
ing that the assumption that the full multidimensional parameter
space is covered can be wrong. In the future, the training set
needs to be expanded towards a more diverse galaxy sample.

Given the embeddings zs(I0,1) and zs(I0,2) of two original
HST galaxies calculated with the formalism described in Sect. 4,
we can obtain a linearly interpolated latent space vector zs(I0, f )
with

zs(I0, f ) = (1 − f ) zs(I0,1) + f zs(I0,2), (23)

where f ∈ [0, 1] is the fraction of interpolation between the indi-
vidual latent space components of both initial galaxies. Feeding
such new realisations into the trained generative model allows
for a transformation from a linear operation in the latent space
into a non-linear interpolation in image space. In principle, this
may be extended to extrapolations, with f values that lie out-
side of the mentioned interval. Alternatively, one could calculate
the interpolation directly on the scattering fields, as the WST is,
however, not invertible, and a gradient descent method is thus
needed, which requires the training of a secondary CNN for a
regularised inversion.

Latent space interpolation has previously been shown to
be prone to distribution mismatch, where the latent priors
are narrowed by sampling in this manner, leading to possi-
bly incomplete coverage of the posterior distribution of images
(Kilcher et al. 2017). To alleviate this issue, several methods
can be incorporated, as for example normalised interpolation
(Agustsson et al. 2017), where the intermediate embedding vec-
tors are given by

zs(I0, f ) =
(1 − f ) zs(I0,1) + f zs(I0,2)√

(1 − f )2 + f 2
. (24)

Randomly loading pairs of embeddings from the joint train-
ing+test data set and interpolating between them with an arbi-
trary value for f thus constitutes another simple way, aside from
random draws of the latent space distribution, to generate new
objects. The number of possible novel galaxy instances hereby
by far exceeds the requirements for the Euclid shear calibration,
as a 0.1 spacing for f already produces visibly varying mor-
phologies and allows for combinations of the order of O(1010)
with ∼50 000 training objects, which can be further increased in
the future by incorporating a larger postage stamp sample.

Figure 5 shows how this procedure translates into the image
space. Depicted are original galaxies on the left- and right-
most subplots, with four intermediate realisation obtained via 0.2
increments for f in Eq. (23). It is apparent how the overall shape
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Fig. 6. Comparison of structural parameter distributions between original HST images reconstructed by the generator (black), samples composed
by interpolating between galaxies (blue line), normalised interpolation (blue), and samples formed by random draws from the latent distribution
(red). The term Nobj is the number of objects found per bin.

is shifted in a continuous way amidst the two sample objects,
demonstrating the capabilities of the CNN and the interpolation
procedure.

To preserve the input shape distribution and avoid unrealistic
morphologies due to non-compactness of the embeddings space
or orientation-related sampling issues, a more restrictive inter-
polation may thus need to be incorporated. While the standard
random interpolation might produce realistic shapes for ellipti-
cals, this is not generally the case for all pairs of galaxies, thus
requiring a fine-tuning of the interpolation.

5.2. Interpolation fine-tuning

To circumvent such concerns, several solutions can be realised.
For once, we can limit the interpolation fraction. This, however,
reduces the amount of clearly discernible galaxies from our data
set and could result in too many similar looking galaxies that do
not necessarily cover the range of realistic shapes that will be
observed by Euclid. Another option is to disturb existing galaxy
images not in a specific direction of the latent space, but by diffu-
sion or random walks in the neighbourhood of their embedding
vectors. This though could again give rise to an overall unrealis-
tic distribution of numerous too similar objects or risk the gen-
eration of non-physical objects, as we do not have knowledge
of the latent space topology mapped by the optimised generative
model.

Therefore, we test a different method that should allow for
more variable generation and simplify the realisation of condi-
tional sampling by Sérsic index or re distributions. To be able to
use the full range of interpolation fractions f and diminish the
likelihood of unrealistic light profiles, we first rotate all original
HST galaxies to match along their major axis, which we set as
the axis of the best-fit Sérsic model. In consequence, we avoid
the possibility of generating objects with for example cross-like

shapes, as the interpolation then always takes place along the
same axis. Galaxies for which a clear symmetry cannot be rea-
sonably assigned, that is irregulars, do not pose a threat to this
framework, as they have intrinsically peculiar shapes and will
therefore naturally lead to generations of new irregular instances,
irrespective of their rotation. Then, we recreate the embeddings
for these new images and re-train the generator ω̂ on this data set.
We choose the 45◦ diagonal with respect to the x-axis as the des-
ignated direction, as we can thereby steer clear of rotating large
galaxies previously residing along this direction out of the image
bounds. It should be noted that rotation in the image space can
results in information loss due to interpolation onto a new pixel
grid with GalSim. This should, however, be irrelevant towards
the application for Euclid, as the pixel scales differ by a factor
of two and fine details will be smeared out by the re-binning and
noise application. With this new data set of generated galaxies,
we can obtain new instances over the full range of f by drawing
pairs of objects and interpolating between them along the diago-
nal axis.

5.3. Random draws versus interpolations

Next, we check whether one of both interpolation methods, reg-
ular and normalised, provides an advantage with respect to the
common random multivariate sampling approach for galaxy gen-
eration if no conditionality is needed. For this, we employ all
three techniques to create 104 random galaxies, respectively, and
also randomly choose 104 galaxies from the reconstructed HST
training data. Afterwards, we compare the distributions of struc-
tural parameters and CAS +GM20 statistics between all sets of
objects and selection from the input training set.

Figure 6 displays the histograms of the measured properties
for all subsets. Clearly, random latent space drawing can more
consistently trace the parameters distributions of the original
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HST data set sample, with almost identical histograms. The reg-
ular interpolation method on the other hand is similarly reliable
on the Sérsic index recovery, but fails to capture the distribution
tails for the effective radius and the CAS +GM20 morphology
proxies, even though the means are captured correctly.

This is a logical consequence of the method, due to the afore-
mentioned distribution mismatch. The probability of drawing a
galaxy from one of the tails is low to begin with, and the likeli-
hood of generating such an object will be decreased upon inter-
polation with a sample that most likely does not reside in the
same regime. This leads to a narrowing of the latent distribution,
which translates to the image space and hence to the measured
properties. As can be seen in the plot, normalised interpolation
reduces this effect, but is still not capable of achieving the quality
of the results from random draws.

Still, we note that linear interpolating along a predefined axis
did not produce objects with non-physical structural parame-
ters or morphology statistics outside the input distribution. This
proves the capability of the technique for the task at hand and
indicates a tightly packed latent space. While the random draw
method delineates a powerful tool for galaxy generation if only
the input distribution shall be recovered, we will further explore
the interpolation approach for conditional sampling of galaxy
properties.

We note here that while the CAS +GM20 parameters provide
a well-established set of morphological estimators, there is no
clear prior information on which values or distributions would
describe non-physical shapes. Moreover, irregular galaxies can
most likely reside anywhere in this parameter space, as their ori-
gins lie in turbulent process that can create a wide range of com-
plex structures. Thus, a distribution match between samples and
observation does not necessarily prove the realism of the gener-
ations, but is still a valuable indicator of the model performance.

5.4. Galaxy classification

One step towards conditional sampling can be to group the
galaxy data set roughly into main categories of for example
ellipticals, spirals, and irregular galaxies. Overall, there exist a
multitude of methods for galaxy classification along the Hub-
ble sequence. This can be achieved using intrinsic galaxy prop-
erties such as star-formation rate (SFR) or colour (Kennicutt
1998), joint analysis of morphological tracers (e.g. Gini−M20),
or even citizen science projects such as Galaxy Zoo (Darg et al.
2010). While classification with Galaxy Zoo is able to make
more distinct classifications, it cannot handle the amount of data
in stage IV surveys such as Euclid. Machine learning techniques
trained on Galaxy Zoo results, however, have recently been
shown to be able to classify Euclid morphologies directly from
the images (Euclid Collaboration: Aussel et al. 2024a). This, as
well as using morphological proxies, requires pixel data and
relies on rather arbitrary thresholds for classification. Leverag-
ing galaxy population properties, which on the one hand only
uses photometry, is usually only able to robustly separate the
bimodal distribution of early-type ellipticals and late-type spi-
ral galaxies (Baldry et al. 2004). For deep generative models, a
classification can also be obtained via the learned embeddings.
Here, studies for instance on GANs have previously shown the
manifold clustering capabilities of their low-dimensional latent
space distributions (Mukherjee et al. 2018).

We here employ a different method by performing a clus-
tering analysis on our galaxies via the wavelet scattering trans-
form. Given the scattering coefficients of each image, we can
determine if and how the multi-dimensional parameter set corre-

elliptical edge-on face-on irregular

Fig. 7. Example galaxies for the four classes elliptical, edge-on, face-
on, and irregular, classified by fitting a bGMM to their second-order
reduced scattering coefficients s2 and assigning labels to each compo-
nent.

lates with each galaxy’s intrinsic light profile and accordingly
its overall class affiliation. For this, we calculate the second-
order reduced scattering coefficients s2 with L = 4, J = 6 for
each galaxy, as they have been shown to correlate with galaxy
morphology (Cheng & Ménard 2021). Next, we fit a Bayesian
Gaussian mixture model (bGMM) to their distribution. In gen-
eral, a Gaussian mixture model is a probabilistic model that
describes a weighted sum of k multivariate normal distributions
N given by

p(x) =

k∑
n

πnN(x | µn,Σn),
k∑
n

πn = 1, (25)

where πn is the weight of the n-th component and µn,Σn are the
respective means and covariance matrices, p(x) is the distribu-
tion of input vectors, in our case with x = s2. In a bGMM,
the parameters of the model are not found with an expecta-
tion maximisation algorithm, as is the case for common GMMs,
but by variational inference of an approximate posterior using
a Dirichlet prior on the parameters and then maximising the
log-likelihood lnL(p(x)). We use the bGMM implementation
from the scikit-learn package (Pedregosa et al. 2011). After-
wards, we attribute a keyword to each component, based on the
general visual appearance of the items within the respective clus-
ter. These keywords are elliptical, edge-on, face-on, irregular.

Figure 7 visualises a random sample of galaxies for each
class. It should be acknowledged that the class edge-on hereby
does not necessarily only consist of disc plus bulge galaxies
with an inclination angle of 90◦ relative to the line of sight,
but only groups objects which appear elongated and could thus
also include, for example, lenticular galaxies with a large axis
ratio. Moreover, the differentiation between face-on spirals and
a subset of the irregular class is not trivial, resulting in possible
contamination of the peculiar sample by regular spiral galaxies.
Besides, the exact differentiation between face-on and edge-on
is overall rather arbitrary, as naturally galaxies exist over the full
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Fig. 8. Dependence of the Sérsic index on the interpolation fraction f .
The blue points and error bars are the respective best-fit Sérsic index
and the estimated error from pysersic. The red dashed curve shows
our best-fit parametric model, with the dotted region designating the 1σ
confidence interval. The image insets are inverted stamps at intermedi-
ate interpolation points.

range of inclination angles. While this method is by no means
a classifier that can currently compete with machine learning
models such as Zoobot (Walmsley et al. 2022), it still showcases
the morphological information carried by the wavelet scattering
transform, as also shown by Cheng & Ménard (2021). Due to
the fact that we do not necessarily need to sample from overall
morphological galaxy populations for the quantification of the
shear bias, a more complex model is not needed. Still, these gen-
eral morphology flags provide a first method towards conditional
sampling of the COSMOS data set by drawing objects from the
latent distribution of each cluster.

5.5. Conditional sampling

Image simulations for shear calibration are needed not only for
random fields, but may need specific structural property dis-
tributions such as for cluster fields, therefore requiring condi-
tional sampling methods. To sample new galaxies by their Sérsic
indices, we can leverage the latent space interpolation technique.
To draw an object at a specific Sérsic index ni, we draw a galaxy
with n0 > ni and another object with n1 < ni from the joint
reconstructed training/test data set. Then, conditional sampling
only requires finding a robust functional correlation between the
interpolation fraction f and the Sérsic index. To obtain such an
empirical description of this dependence, we draw random pairs
of galaxies with n0 > n1 and calculate their intermediate reali-
sations by propagating the interpolated latent representations in
0.1 steps for f through the generator, then measure their struc-
tural parameters and finally parametrise the functional form of
the Sérsic index development.

We find that the correlation of f and n can be approximated
well by an exponential law following

n( f ) ∝ (n0 − n1) e−β f + η, (26)

where the parameters β = 2.6 ± 0.24, η = 0.5 ± 0.30 were
determined empirically as the mean values from an exponential
fit to the n( f ) relation for multiple galaxy pair draws. Figure 8
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Fig. 9. Results of conditional sampling of galaxies with a normal Sérsic
index distribution. The left plot shows the obtained Sérsic index dis-
tributions, on the right we show the corresponding effective radii. The
black curve depicts the overall distributions from the HST training data.

shows the functional form of n( f ) with the 1σ confidence inter-
val and example images of a galaxy pair for the interpolation
along the exponential law. A similar parametrisation can also be
constructed for the half-light radius, to sample galaxies accord-
ing to this property.

The main drawback of this approach is the fit accuracy at
high Sérsic indices. As precise fits of Sérsic profiles are difficult
for strongly peaked galaxies without time-intensive sampling,
the correct interpolation might suffer under galaxy draws that
are mismatched from the target index, thus leading also to differ-
ing intermediate representations. To alleviate contamination of
the target sample, we reject every galaxy that deviates by more
than ∆n = 0.5 from its target value. We observe that the rejec-
tion fraction increases with n, which confirms the hypothesis of
mismatches due to high-Sérsic fitting difficulties.

Given this correlation, we can sample either specific single
objects or distributions of Sérsic indices from the generator ω̂.
To achieve this, we draw values for n randomly from the tar-
get prior. Then, we choose two galaxies with n0 > n > n1
from the train/test images and calculate the required interpola-
tion fraction according to Eq. (26) and generate the correspond-
ing image from the interpolated embedding vector. Afterwards,
we measure the Sérsic index of the obtained object to validate the
result.

To present the capability of this sampling method, we
apply this routine to generate two arbitrarily chosen sam-
ples of 104 objects following a truncated normal distribu-
tion Nt(µ, σ, [min,max]) for the Sérsic index over the interval
[0.5, 8.0], peaked at means of µ = 2 and µ = 4 and with respec-
tive standard deviations of σ = 0.5 and σ = 1.0. Figure 9
shows a comparison of the target Sérsic index distributions and
the obtained samples, as well as the distributions of the corre-
sponding half-light radii. We find that we are able to accurately
construct galaxies given a target Sérsic index distribution. More-
over, the technique also allows for sampling of individual objects
at specific n values over the range of the training data distribu-
tion. Additionally, the effective radius of the generated sample
does not strongly depart from the range of the original HST dis-
tribution, which confirms that the interpolation approach does
not create galaxies outside of the input range that might thus
exhibit unrealistic shapes.

While the rejection fraction of generated galaxies with off-
sets larger than 0.5 from their target value increases strongly
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Fig. 10. Procedure for creating Euclid VIS-simulated galaxies from the generator output and their parametric double-Sérsic counterparts. First,
the generated images are deconvolved by their Gaussian training PSF, and then a shear is applied, after which they are convolved with the Euclid
PSF from Appendix C. Next, the galaxies are re-binned to the correct pixel scale of l = 0′′.1. Finally, the total image flux is rescaled according to
an apparent magnitude following Eq. (28) and CCD noise is added using the GalSim.CCDNoise tool.

with n (up to ∼0.8 for 7 < n < 8), the majority of galaxies, espe-
cially at low Sérsic indices, where the observed number density
is higher anyway, are created accurately and with morphologi-
cal proxies that trace the input distribution, as shown in Fig. 6.
Furthermore, even high rejection fractions are not concerning
given the speed of the generation, as ∼104 objects can be prop-
agated through the generator in approximately one minute using
only one CPU core. This can easily be accelerated even more
with GPUs, given that the model architecture is written entirely
with pytorch and already optimised for usage with cuda
devices.

This conditional method allows for the direct and fast simu-
lation of a large number of galaxies for insertion into full GalSim
scenes and the Euclid VIS pipeline. Not only can one sample
using a specific value or distributions for Sérsic indices, but also
by galaxy class (elliptical, face-on, edge-on, irregular) via inter-
polation between objects from the respective label. Additionally,
the two methods can be united, to for instance create a popula-
tion of edge-on galaxies at Sérsic index n = 2. Still, the diver-
sity of such generated data is strongly susceptible on the size of
the training data. This can be improved in the future by larger
training data sets from different HST fields or Euclid Deep Field
observations. Right now, this is not needed for the main goal of
this work, which is the calibration of the shear measurement bias
due to galaxy substructures.

6. Quantification of shear bias from complex galaxy
morphologies

6.1. Measurement setup

To reach the scientific requirements of Euclid, the bias needs
to be calibrated to an accuracy of |δµ| < 2 × 10−3, |δc| <
1 × 10−4 (Cropper et al. 2013). However, most of this error bud-
get is needed for PSF modelling errors. Hence, even sub-percent
level biases have to be accounted for, as they exceed the tar-
get precision by more than one order of magnitude. Now that we
have presented our method for generating galaxies with realistic,
noise-free morphologies from the GalSim COSMOS sample, we
will apply the technique for the estimation of the shape measure-
ment bias by complex galaxy structures. The difference in shear
biases between realistic and parametric objects can be leveraged
for this task and determine if this difference is relevant for Euclid
Wide Survey cosmic shear measurements. We perform the esti-
mates here using KSB due to its speed, future work will apply

more modern shape measurement methods such as LensMC and
Metacalibration.

First, we need a sample of generated galaxies and their para-
metric counterparts which are both rendered identically (aside
from the complexity of their shapes) and possess the same
noise and PSF properties. For this, we sample randomly from
the latent space of the trained CNN and create 5 × 105 new
images. We mainly want to quantify the bias with respect to
the whole range of possible shapes and as a function of struc-
tural parameters and morphological proxies, a conditional sam-
pling approach is therefore not needed. Afterwards, we perform
double-Sérsic fits for each generated object using pysersic. We
note that we here do not account for redshift–magnitude corre-
lations yet, which can change the distribution of shapes due to
increased irregularity at higher redshifts. For tomographic bias
difference estimates this has to be accounted for. This can for
example be done by adding the redshift as an additional latent
dimension and learning the joint distribution of redshifts and
shapes.

As we try to determine the bias for Euclid VIS, the generated
galaxies have to be modified towards a Euclid-like emulation.
Such an Euclidisation procedure has previously been developed
by Euclid Collaboration: Scognamiglio et al. (2025a), although
we can here abstain from noise whitening and symmetrisation.
Instead, we just add CCD noise (consisting of Poisson shot noise
from source and background, as well as Gaussian read-out noise)
to the image using the corresponding GalSim function. Account-
ing for both of these noise sources is important for Euclid, given
its lower sky background in comparison to previous ground-
based weak lensing surveys. First, however, we deconvolve the
generated images by their original Gaussian PSF, apply a shear
and convolve them with a fixed Euclid PSF, as presented in
Tewes et al. (2019) and Jansen et al. (2024). Next, we draw the
galaxies at the correct pixel scale of 0′′.1, producing 32 × 32
pixel postage stamps. Then the galaxies need correct fluxes and
noise levels. For this, we assigned to each galaxy a magnitude
mgal following the distribution from the test+training data set but
allowed magnitudes of up to mAB ≤ 24.5, which approximately
corresponds to the VIS target-limiting magnitude. Finally, the
noise was added as described above. For this emulation, we used
the assumptions on the Euclid VIS detector and observing con-
ditions from Tewes et al. (2019), namely the nominal VIS expo-
sure time texp, gain GVIS, read-out noise R, zero point Zp, and
sky brightness msky (Refregier et al. 2010; Laureijs et al. 2011;
Niemi et al. 2015; Cropper et al. 2016). The sky level and galaxy
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flux at given object and sky magnitudes were thereby calculated
following Tewes et al. (2019) with

Fsky =
texpl2

GVIS
10−0.4(msky−Zp); (27)

Fgal =
texp

GVIS
10−0.4(mgal−Zp), (28)

where l is the pixel scale in arcsec. These parameters will have to
be adjusted in the future once accurate measurements have been
performed following the performance verification of the Euclid
mission. Figure 10 exhibits an overview of this process to obtain
pairs of realistic and parametric galaxies that emulate Euclid
VIS images. To perform shape noise cancellation, we addition-
ally create duplicates of the original HST-like images rotated by
90 degrees for both sets of simulated galaxies, but with an iden-
tical noise field (the noise is not rotated), which increases the
effective number of galaxies by a factor of two to 106.

We separately save an oversampled image of the applied
Euclid PSF, which is needed by the KSB method for a shear
estimate. This PSF image can be found in Appendix C. On
top of that, we assign each object to one of the galaxy classes
introduced in Sect. 5 by calculating their second-order wavelet
scattering coefficients and also measure the S/N following the
definition by Tewes et al. (2019) and the CAS +GM20 statistics
of the galaxies to later quantify the bias as a function of these
properties.

6.2. Realistic morphologies versus double-Sérsic

As a first measurement, we take the sample of 106 noise-less
galaxies from the generator and their parametric double-Sérsic
fits and emulate Euclid VIS images following the described pre-
scription, creating two measurement branches. Initially, we do
this at fixed magnitudes over the range mAB ∈ [20.0, 24.0]. With
this, we intend to quantify the overall effect of the bias as a func-
tion of magnitude up to approximately the limit of the Euclid
Wide Survey. As the fine details of galaxy substructures get
increasingly washed out with a decreasing S/N, the galaxy mor-
phology bias may exhibit a dependence on the S/N. While there
is an additional dependency of galaxy complexity on redshift and
magnitude correlations, we do not yet account for this here. Still,
in the future this has to be addressed, as two independent effects
can affect the bias difference: The evolution of the galaxy pop-
ulation with more irregular objects at higher redshift and thus
lower S/N, as well as the improved resolution of substructures at
higher S/N, with a possibly stronger impact on the shape mea-
surement. As an initial estimate of this effect, we will later on

show the dependence of the bias on the CAS +GM20 statistics
at a fixed magnitude. As aforementioned, this can in the future
be implemented by adding latent space dimensions consisting of
the relevant conditional parameters, which are for example mag-
nitude and redshift.

To ensure that both branches have identical Sérsic indices,
half-light radii, and ellipticity distributions, we measured these
properties with pysersic on the HST-like generator sam-
ple and the fitted double-Sérsic profiles. This is an important
validation in order to warrant that the measured bias differ-
ence does not originate from deviations in said distributions,
which has been shown to have a direct influence on the bias
(Hoekstra et al. 2015; Hernández-Martín et al. 2020; Pujol et al.
2020). In Fig. 11 we show the distributions of these properties in
both branches for the full set of 106 galaxies. As one can see, the
distributions match over the full data set, which therefore guar-
antees that no significant influence from these parameters can be
expected on the shear bias difference from complex morphology.
Slight differences can also be attributed to the fast fitting proce-
dure that might not always find the true best-fit Sérsic model on
either of the two branches. Moreover, no real Sérsic fit can be
obtained for complex objects with multiple brightness peaks for
instance, naturally leading to differences between branches. One
can argue that such differences can lead to a bias itself. This,
however, would also be there in relation to real galaxies, where
similar issues arise from the simplicity of a parametric light dis-
tribution. Thus, such discrepancies are a part of the morphology
bias that should not be removed by using only objects with iden-
tical structural parameter distributions.

During the emulation, we apply shears over a range of val-
ues for g1, while we fix g2 = 0. We choose a shear interval of
g

applied
1 ∈ [−0.1, 0.1] and sample it in increments of 0.01. Then,

we measure the shear components with KSB for each generated
pair of galaxies. A key difference to the usual parametric image
simulations is the fact that our training galaxies, and thus also
the CNN output, already contain a non-zero cosmic shear, as
they originate from real HST data. This can neither be removed
nor accounted for, as we do not know the shear of the gener-
ated galaxies. However, that only adds an additional source of
shape noise and also affects parametric models where usually an
observed ellipticity distribution is used as the input.

After measurement of the shear on all galaxies over the spec-
ified shear interval, we calculate the mean 〈gobs

1 〉 and standard
error σ/

√
N of the observed shear over the entire sample, where

σ is the standard deviation of the measured shear distribution
over the full sample and N designates the number of galaxies in
the sample, that is N = 106. Thereby, we employ the shape noise
cancellation, where the mean and errors are calculated over the
pre-computed means of each galaxy pair. If KSB fails for one of
the two objects, or both, we simply reject the full galaxy pair to
avoid selection bias effects for now. This way, we obtain the mul-
tiplicative and additive biases for both measurement branches,
namely the realistic and the parametric samples, using Eq. (9).
We determine the errors on the linear fits of the bias via boot-
strapping of random samples from the shear measurement and
obtaining mean and standard deviations of the fit parameters
from the bootstrap sample. In the absence of other bias sources
that differ between the branches, the difference〈
gobs, real

i

〉
−

〈
g

obs, param
i

〉
= ∆µi g

applied
i + ∆ci (29)

can be used as a metric to determine the bias introduced on
the shape measurement from realistic galaxy morphologies as
opposed to simple Sérsic profiles. While there exist other sources
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Fig. 12. Results of the cosmic shear measurement with KSB on 1 × 106 simulated galaxies at a fixed magnitude. The simulation was performed
once with realistic galaxies from the deep learning model and once with their double-Sérsic counterparts. The bottom row depicts the individual
shear biases measured on both branches, the upper row shows the difference of the mean shear at each increment with a linear fit and the standard
error confidence interval for the fitted parameters ∆µ1,∆c1.

of bias, as for example from pixel noise or a cut-off of the
light profile at the edges of the postage stamp (which should be
neglectable as our model was only trained on images that do not
exceed the specific stamp size), these effects should be apparent
in both data sets. Accordingly, these effects should be irrelevant
for the main aim of this work, as we do not expect these bias
sources to vary between both measurement branches due to their
same distributions in S/N, n, re, and ellipticity.

While the aforementioned magnitude limit designates the
target for the inclusion into the cosmic shear analysis for Euclid,
low surface brightness galaxies with high half-light radii might
exhibit extremely low S/N despite lying in the overall magnitude
range. Therefore, we applied a cut at S/N = 10 in the parametric
branch and did not include galaxies from both branches into the
bias estimation that fall within this sample.

In Fig. 12, we show the results of measuring the shear bias
following Eq. (29), where each column shows the measurements
at a specific fixed magnitude that was applied to all sample
objects. This allows one to trace how the bias changes with
decreasing magnitude. While in general morphology and mag-
nitude are tightly correlated, we neglected this correlation on
purpose in this case to be able to trace the development of the
bias over matching shape distributions. Overall, it is apparent
that there is a significant offset between the linear biases of the
two branches over the entire magnitude range. This offset does
not appear to strongly change with increased magnitude and thus
decreased S/N up to mAB = 22.0, with values at a ∼0.8% level for
∆µ1 and a ∼10−5 level for ∆c1 for each respective measurement
with the KSB algorithm. At a fainter magnitude of mAB = 24.0
though, the bias is significantly reduced below the 0.5% level
for µ1. We note here also the increased scatter at lower S/N, due
to the degradation of the KSB shear estimator for faint galax-
ies (Hirata & Seljak 2003). Likewise the absolute value of the
shape measurement bias increases at this magnitude (see the
steep slopes in the lower panel plots). Schrabback et al. (2010)
proposed corrections for noise-related multiplicative bias com-
ponents for this algorithm, though we deem these here not nec-

essary, as KSB only serves as an initial fast test. Noise-related
differences occur in both branches, cancelling out in the rel-
ative comparison of µ. We also notice and confirm the non-
linearity in the GalSim KSB shear estimator previously detected
by Jansen et al. (2024) for high shears. Ignoring higher-orders of
the shear bias also biases the linear term. We show antisymmet-
ric quadratic fits to the shear bias difference in Appendix D and
list the corresponding parameters for comparison.

Overall, the results show that realistic galaxies with complex
morphologies and substructures can bias the shape measurement
at a relevant level given Euclid’s tight requirements for the cos-
mic shear analysis. Our results confirm the order of magnitude
of this effect as found in the space-based PSF branch of the
GREAT3 challenge (Mandelbaum et al. 2015). While the effect
is reduced at lower S/N, where the majority of the galaxy popu-
lation in the Wide Survey lies, the bias can still not be neglected
there and thus has to be accounted for. Still, our sample for now
assumes the presence of galaxies of all types within the COS-
MOS sample at each magnitude, which is not the case in reality.
In true observations, disturbed and irregular structures will pref-
erentially occupy the high-redshift and faint-magnitude regime,
which could thus reduce or increase the amount of bias in spe-
cific tomographic redshift bins. In the future, we will extend
this analysis to provide a shear bias calibration that incorpo-
rates the distinct target redshift tomography of the Euclid Wide
Survey that will be applied for the cosmological weak lensing
analysis. The presented work is mostly a proof-of-concept study,
which shows that complex morphologies should be added to the
Euclid simulation pipeline for accurate shear calibration. How-
ever, even if KSB and the missing morphology-redshift correla-
tion were to overestimate the bias by a full order of magnitude,
it would still be relevant for the Survey. For instance, looking
at the mAB = 24.0 estimates, it is likely that the bias difference
is underestimated. The sample includes more elliptical galaxies
than the typical faint and high-z sample, which would mean even
tomographic bins with mostly faint objects would be biased sig-
nificantly due to increased complexity.
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Moreover, different shape measurement methods
need to be tested as well, especially LensMC (Euclid
Collaboration: Congedo et al. 2024b), as it is the designated
code for the Euclid data release 1 (DR1). While KSB is fast
and thus advantageous for initial testing, it will not be used for
stage IV surveys and hence does not provide an estimate that
is fully useful for future cosmological analyses. Nevertheless,
these initial findings show the importance of the accurate
calibration of this effect, because multiplicative biases at the
∼0.5% level exceed the necessary calibration precision by a
factor of 2.5 (Cropper et al. 2013). As the applied PSF is not
elliptical though, the additive bias should be consistent with
zero, which is the case within the errors. More galaxies and a
more realistic PSF are required in the future to check if PSF
anisotropy has a significant impact on the bias difference from
complex morphologies.

These initial estimates provide a rough quantification of the
order of magnitude of the influence by complex galaxy mor-
phologies on the shape measurement, where the magnitude and
the S/N of the image correlate with the bias level. This can be
expected, as the details of galaxy substructures are washed out
with decreasing S/N, which gives rise to the expectation of a
reduced bias level at faint magnitudes and hence a low S/N. Our
results support this assumption. As mentioned, the amount and
degree of complexity of galaxy shapes is a function of redshift,
and it might thus still affect the bias for true distributions. If a
population of galaxies at low z and bright magnitude has a higher
percentage of elliptical objects than galaxies at higher redshifts,
the bias can be reduced in comparison to a sample with increased
peculiarity. Hence, it is a necessary step to extend the model
towards realistic correlations between morphological properties
and redshift; this, however, is beyond the scope of this work.

6.3. Bias for a realistic magnitude distribution

Next we also estimate the mean morphology related bias
for a galaxy population that follows the expected mag-
nitude distribution of the Euclid Wide Survey (Euclid
Collaboration: Scaramella et al. 2022). Given that we use the
COSMOS data as a training sample, we can use its magnitude
and Sérsic index distributions to model the corresponding prop-
erties of our emulated Euclid data set. To ensure closely match-
ing characteristics, we separate the magnitude distribution into
Sérsic index bins and then fit a truncated Gaussian with an upper
limit set at mAB = 24.5 on each component. Then, we sample
magnitudes for each generated object according to the magni-
tude distribution in the respective bin. Thereby, we intend to
mimic the true observations as closely as possible with a basic
magnitude-morphology relation. However, this does not account
for possible correlations between magnitude and tracers of more
complex morphologies. This will be achieved in future work
as we expand the framework to account for such dependencies
and create fully realistic galaxy populations within each tomo-
graphic redshift bin. Finally, we again convert the generated
sample into VIS-like postage stamps with additional shears over
the same interval and then measure the S/N and the estimated g1
from KSB.

Figure 13 shows the initial magnitude and measured S/N dis-
tributions, as well as the bias estimate on 106 galaxies in the
lower subplot. We again observe an overall shear bias differ-
ence, that is ∆µ1 = (6.9 ± 0.6) × 10−3 for the multiplicative
bias and ∆c1 = (0.9 ± 3.4) × 10−5 as the additive component.
The c-bias is again consistent with zero within its errors, as
expected for a circular PSF. Overall though, it is apparent that
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Fig. 13. Shear bias difference estimate on a realistic magnitude distribu-
tion. The first subplot shows the magnitude distribution modelled with
truncated Gaussians over a set of Sérsic index bins and the second sub-
plot shows the measured S/N distribution after the Euclid-like conver-
sion of the generated images. The large panel shows the estimate on
the shear bias between the realistic and parametric branches calculated
according to Eq. (29).

either the Euclid cosmic shear analysis needs to be aware of
the value of the µ and c biases across the tomographic bins or
the simulation pipeline has to be extended to include galaxies
with realistic, complex morphologies. While the exact amount
of bias still has to be determined using LensMC and, optionally,
other shape measurement codes, a bias at the |δµ| & 7.0 × 10−3

level cannot be neglected, as it lies above the target calibration
accuracy determined for the Euclid science goals. While it is
of course clear that the bias might be reduced for LensMC,
we note that the order of magnitude found using KSB lies in
the range of previous estimates from Mandelbaum et al. (2015).
Therein, also other shape measurement methods relying on for
example model fitting were tested, with similar bias differences
of at least 10−3 found. This suggests that we we may expect a
similar order of magnitude for LensMC and assume relevance
for the Euclid analysis. The aforementioned Euclid requirements
were, however, determined for the full Wide Survey footprint
and will hence be lower for DR1.

6.4. Bias dependence on morphological parameters

The contributions to the bias originate from peculiar shapes
themselves, such as spiral arms, merger remnants, tidal streams,
or other possible sources of complexity. Moreover, substruc-
tures also exist to some degree in galaxies whose shape can
be extremely well modelled by a single or double Sérsic pro-
file. Such features correlate with the morphological proxies and
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the Sérsic profile parameters presented in Sect. 3. Using the
CAS +GM20 statistics as well as Sérsic index n, and half-light-
radius re, we can determine the bias as a function of these
properties.

To do so, we take the measurement at fixed magnitude mAB =
20.0 (to ignore S/N effects on the shear bias difference), bin the
measured distributions of g1, g2 = 0 for each parameter and then
average over the shears of all objects in the respective bin. As the
overall number of sample galaxies is not exceptionally high, the
errors in bins with low number counts can thus again be poten-
tially large. Nevertheless, this gives a rough estimate on how
the occurrence of specific disturbed morphologies can effect the
shape measurement.

In Fig. 14, we show the results of this analysis. Looking at
the additive bias difference ∆c1, we show that it is consistent
with zero for all bins. This is expected due to the isotropy of the
PSF. In contrast, the multiplicative bias difference displays clear
dependencies on all the metrics. First of all, it decreases slightly
with Sérsic index, which can be anticipated, as higher Sérsic
indices indicate highly peaked galaxies with usually smooth pro-
files at the given pixel scale. Looking at the half-light radius,
we observe an initial increase of the bias difference, followed
by a sharp decline after re & 0′′.5. Within the Gini-M20 space,
both parameters induce a decrease in the multiplicative bias with
increased value. High G values indicate strongly peaked galax-
ies, where the bias difference here drops to zero as both branches
are almost identical. Furthermore, M20 is related to merger sig-
natures such as for instance multiple nuclei as it traces the over-

all moments of the brightest image pixels and does not rely on
circular apertures such as C (Lotz et al. 2004).

Additionally, we detect a correlation between the concentra-
tion C and ∆µ. While initially higher C relates to an increased
bias, very concentrated objects again lead to a reduction of the
bias difference. The concentration parameter C has furthermore
been shown to have a strong positive connection to intrinsic
galaxy properties such as stellar mass and velocity dispersion
(Graham et al. 2001). Given that the more massive galaxies, as
well as high Sérsic index galaxies, are almost exclusively ellip-
tical and thus do not possess spiral arms or large active star-
forming regions, these result can be anticipated, as images of
such objects resemble their Sérsic-fits more closely and thereby
do not alter the estimated shear to the same degree as early-type
galaxies. For Sérsic indices n > 4 this results in a remaining bias
of ∆µ1 ∼ 0.3%. One could argue that for such objects the bias
should reduce even lower, given the absence of any substructure.
However, the sub-sample of such galaxies also contains cases
where the best-fist Sérsic profile might be highly peaked, but the
underlying true shape can exhibit weak tails or even multiple
nuclei that cannot be modelled by a Sérsic fit. Thus, the set of
galaxies which closely match in both branches is contaminated,
resulting in a small residual bias.

The trends for the asymmetry and the smoothness or clumpi-
ness also indicate interesting behaviour. Asymmetries of galaxies
are mainly caused by merger signatures, spiral structures, and star-
forming regions (Conselice 2003; Hambleton et al. 2011). The
low-A population includes ellipticals and high-Sérsic index galax-
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ies, where the previous morphological tracers showed a clearly
reduced ∆µ. Similarly, the symmetry, which traces the clumpi-
ness, shows an increase of the bias with S . This means that high-S
objects, which often possess multiple nuclei that are not captured
by Sérsic models, lead to strong shape differences in the branches
and thus increase the relative bias difference. For the asymmetry
on the other hand, the bias decreases with A, although with an ini-
tially low value for the lowest-A bin. The correlation is therefore
not purely linear, similar to the concentration.

Aside from the intrinsic increase of asymmetry and clumpi-
ness with increasing redshift, an additional effect amplifies this
effect. Observing all galaxies in the same filter, in this case the
Euclid VIS band, means that higher redshift objects will be seen
at restframe wavelengths further in the UV regime, which then
leads to even more complex and irregular observed morphologies.
Especially for Euclid, where very faint objects will represent the
majority of the sample, this could increase the shear bias from
complex morphology even more at low S/N, which is counteracted
by the washing out of structures at faint magnitudes. Thus, sim-
ply using the F814W band to mimic Euclid VIS images can also
influence the bias difference, as the two bands do not fully coin-
cide, with VIS being much broader. Future improvements of the
generativemodelwill alleviate this issueby trainingonmulti-band
data which can be used to then combine to the full VIS baseline.

Overall, these results show that the shear bias measurement
does not depend on only structural parameters such as Sérsic
index or effective radius, but can also be traced by statistics for
complex morphologies. As neglecting substructure of galaxies
in shear calibration naturally introduces an estimator-dependent
bias that is relevant for stage IV surveys, the bias is clearly
dependent on the analysed galaxy population and, the degree
of peculiarity in their shapes. Especially spirals, merger signa-
tures and multiple components increase the bias substantially.
On the other hand, its magnitude is irrelevant for Euclid’s accu-
racy requirements for ellipticals and in general symmetric or
strongly peaked galaxies.

6.5. Detection and blending

Cosmic shear results are not only dependent on the intrinsic
biases of the shape measurement methods themselves, but also
on selection effects and the detection process (Hirata & Seljak
2003; Hoekstra et al. 2017; Fenech Conti et al. 2017; Euclid
Collaboration: Martinet et al. 2019; Kannawadi et al. 2019;
Hoekstra et al. 2021). This can enter the results in two ways:
Either by actual detection differences in calibration simulations
and real observations or by failure of the shape measurement
method to determine the ellipticities of individual galaxies. The
detection significance of a faint object is usually dependent on its
alignment relative to the shear or the PSF (Hirata & Seljak 2003;
Bernstein & Jarvis 2002). The detection process happens with a
circular kernel, meaning that the images of galaxies with shear
perpendicular to their major axis will appear rounder because of
the shear, leading to an increased detection probability. This can
lead to a multiplicative bias. Moreover, the detection bias esti-
mate is correlated with the shape noise, as objects might be only
detected in one of the rotated versions if shape noise cancellation
is applied. In simulations, detection bias can thus be removed
by requiring the detection of both rotated counterparts, which
is, however, not feasible for real observations (Pujol et al. 2020;
Hoekstra et al. 2021). We note that objects with failed shear esti-
mates for one of the pair galaxies were previously omitted for
the analysis of ∆µ1, meaning that the results presented in the
previous subsections do not include selection bias from KSB.

Given our two measurement branches, it is a necessary
step to check if there is a difference in the detection with
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Fig. 15. SExtractor detection fraction in the realistic (blue) and para-
metric (red) branch. The solid, dashed, and dotted lines show the results
for a regular, doubled, and tripled source number density ρn.

SExtractor (Bertin & Arnouts 1996) if we do not look
at isolated galaxies, but full image scenes with potential
blending effects. This is relevant for Metacalibration too
(Sheldon & Huff 2017), which will also be applied for Euclid
WL. This method is generally unbiased for isolated galaxies,
and can account for selection effects if the selection is per-
formed on a measured quantity of the artificially sheared images
(Sheldon & Huff 2017), but will suffer from detection biases or
other possible selection effects (Sheldon et al. 2020).

To first of all check if there is a relevant difference from
detection itself, we create image scenes per measurement
branch, realistic and parametric, with zero applied shear. We
use galaxies from our model drawn with the aforementioned
magnitude-morphology correlation and paste them at random
positions in scenes of size 4000 × 4000 pixels, roughly match-
ing the size of one Euclid VIS CCD. We furthermore include
additional galaxies up to mAB = 29.0, as Hoekstra et al. (2017),
Euclid Collaboration: Martinet et al. (2019) previously showed
the significance of including faint galaxies beyond the Euclid
WL magnitude limit for the shear measurement bias. Simulta-
neously, matching scenes with the 90◦-rotated galaxies are cre-
ated, to perform shape noise cancellation and increase the sam-
ple size. Afterwards, Gaussian read noise and Poisson shot noise
are added to the image, with matching noise fields in rotated
scene pairs. While our simulations for now ignore blending with
large and bright objects, as well as stars and diffraction spikes,
we expect this to influence both branches in the same manner.
In the current analysis we only investigate the impact of realis-
tic and parametric light distributions as such. Moreover, galax-
ies are not randomly positioned in reality, leading to increasing
blending fractions due to clustering, especially by faint objects,
which we here ignore for now. We assume an average galaxy
number density of ρn ∼ 250 arcmin−2 up to mAB = 29.0, but also
repeat the process with doubled and tripled number densities to
increase the amount of blended objects.

After rendering of the simulations, we run SExtractor on
the images scenes and first compare the blending and detection
fractions of both measurement branches. Looking at the blend-
ing fraction fblend, we find that SExtractor flags more objects
as blended in the realistic branch, and also detects overall more
galaxies therein. The overall blending fraction is 2.8%, 4.2%, or
9.2% for realistic objects with normal, doubled, or tripled num-
ber density, respectively, or 2.1%, 4.9%, and 8.5% with double-
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Sérsic profiles (calculated from the number of detected galaxies
and the number of flagged de-blends). We note that these num-
bers strongly depend on the SExtractor parameters, which we
list in Appendix E.

The increased blending fraction arises from the complex
structure and most likely irregular galaxies, where objects with
multiple nuclei might be de-blended into separate objects. While
the overall difference is not large, with around 2% more detec-
tions in the realistic branch over the full magnitude range
(only 0.2% below mAB = 24.5), this still has to be kept in
mind. SExtractor sometimes struggles to distinguish irreg-
ular objects as single galaxies and thus detects some of them
inaccurately. Overall, some discrepancy between the detections
is expected, especially at fainter magnitudes, where most of the
detection differences can be observed. If the best-fit double-
Sérsic has a lower surface brightness, for example for asymmet-
ric objects with faint tails that are only fitted with a very broad
profile with large re, a portion will fall below the SExtractor
detection limit, while the respective corresponding realistic
object might still be selected. We show a cutout of a simulated
frame with examples of detection differences in Appendix E.

To show how the detection differences depend on magni-
tude, we depict in Fig. 15 the detection fraction fdet for all mea-
surements. The sample is almost complete up to a magnitude of
around 24.0 with the standard galaxy number density, with some
loss of objects for increased ρn, which can be expected due to
blending. The detection fraction for both types of simulations is
almost identical, although with slight differences in the number
of detected galaxies, that is ∼0.2% more in the realistic branch at
standard ρn for mAB ≤ 24.0. Which exact galaxies are detected
varies slightly over the magnitude bins, as seen by the solid lines.
Furthermore, there is more scatter for bright objects at higher
blending fractions, which can be relevant for simulations where
sources are not randomly positioned. Therefore, estimates have
to be made on how such slight selection effects apparent even at
bright magnitudes for both measurement branches are relevant
and how selections effects between real observations and para-
metric simulations in general affect Euclid.

6.6. Detection bias

In order to determine the actual shear biases from detection-
related selection, we create the simulations with standard ρn
for each value of the constant shears g1 ∈ [−0.1, 0.1] used
for the previous estimates on the morphology bias and run
SExtractor on the full frames. We also produce identical
images with the 90◦ rotated versions to determine detection dif-
ferences due to orientation with respect to the shear and analyse
them in the same manner. Then we select only the ellipticities of
galaxies that were actually detected by searching the nearest-
neighbour galaxies for each input in the output catalogue. If
the centroid offset is larger than three pixels (Hoekstra et al.
2021), we count this as a mismatch and thus a non-detection
by SExtractor, as it is then most likely not a detection of an
input shear catalogue object but from the additionally added faint
galaxies with 24.5 < mAB ≤ 29. Afterwards, we determine the
multiplicative biases in both branches for three different cases:

i Removing objects that are non-detections by SExtractor,
separately in each branch: µD

ii Removing non-detections and blended objects as identified
by SExtractor with 0 < FLAGS ≤ 3, separately in each
branch: µDB

iii Removing object with failed KSB measurements, without
removing rotated counterparts if they are measured by KSB,
ignoring detection differences, separately in each branch:
µKSB.

We determine the detection and selection biases separated
by the contributions from SExtractor and KSB, includ-
ing from blending. To mimic the detection bias results from
Hoekstra et al. (2021) for a Euclid-like setup, we here do not per-
form a S/N cut, but simply select galaxies with 20 ≤ mAB ≤ 24.5.

To furthermore avoid model-dependent influences on the
detection bias and isolate the SExtractor contribution, the
bias is hereby not calculated with the KSB estimates, but with
the true input ellipticities after shearing of the galaxies, fol-
lowing Fenech Conti et al. (2017), Kannawadi et al. (2019), and
Hoekstra et al. (2021). Here, however, we do not have intrinsic
ellipticites of the objects, at least not in the realistic branch, as
they are not parametric profiles, but just sampled shapes from the
generative model. As the parametric galaxies are by construction
modelled on the realistic branch and we have shown in Fig. 11
that their ellipticity distributions match, we use the input ellip-
ticites from the Sérsic objects for both branches. The complex
observed ellipticites, consisting of the intrinsic shape εs and the
added reduced shear g = g1 + ig2 with g2 = 0 and |g| < 1 are
given by

εo =
εs + g

1 + g∗εs
, (30)

where ∗ denotes a complex conjugate (Seitz & Schneider 1997;
Hoekstra et al. 2021). The complex intrinsic ellipticites are cal-
culated from the absolute ellipticity values of the Sérsic fits and
their rotation angles. The bias is then again determined via a lin-
ear fit of the means of the ellipticities εo with the applied cuts
i–iii as a function of g1.

We first determine the biases from all three cases separately
for realistic and parametric objects, and then compute the bias
differences between the branches ∆µD,∆µDB,∆µKSB to quantify
how the selection process affects the simulation sets differently.
There, the difference is given by ∆µx = µx

real − µ
x
param, with x ∈

{D,DB,KSB}. We summarise the results in Table 1 for all three
cases.

A strong source of selection bias comes from KSB itself,
where keeping objects where one from each rotated galaxy pair
is not measured produces a strong bias that differs between the
branches, leading to a residual of ∆µKSB = −(3.8 ± 3.1) × 10−3.
This is higher than the effect from KSB selection determined by
Hoekstra et al. (2021), but also very noisy due to the large size
of the error. We note that there exist differences in the respective
simulation and measurement setups that can account for such
variations. Different KSB implementations and morphologies
were applied, which naturally leads to variations. The GalSim
KSB implementation fails for a substantial number of objects
(∼4%), with more failures in the realistic branch. This can be
expected due to the existence of irregular shapes that make an
ellipticity estimate more difficult.

More importantly, the SExtractor results significantly dif-
fer in both branches due to detection and blending. We find
that the detection and detection-plus-blending bias estimates lie
close to the values from Hoekstra et al. (2021) for parametric
objects. The slight differences can be accounted for by varying
PSF and morphology models (Sérsic vs. double-Sérsic), as well
as the choices of detector, background, and noise characteris-
tics. The biases for realistic galaxies, however, strongly deviate
from these results. Overall, this leads to a bias difference ∆µDB =
(6.3 ± 0.9) × 10−3 associated with bias from the detection or
removal of objects flagged as a blend. This increase compared to
the only detection-related bias difference ∆µD = (2.2±0.8)×10−3

is especially interesting, as it suggests that blending leads to a
positive bias in the realistic branch, but to a negative bias for
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Table 1. Detection and selection biases.

µD [10−3] µDB [10−3] µKSB [10−3]

without S/N cut:
realistic −7.0 ± 0.6 −5.6 ± 0.7 −28.3 ± 2.2
parametric −9.2 ± 0.6 −11.9 ± 0.6 −25.3 ± 2.4
∆µx 2.2 ± 0.8 6.3 ± 0.9 −3.3 ± 3.1
with S/N cut:
realistic −3.5 ± 0.7 −2.8 ± 0.7 −15.1 ± 1.0
parametric −4.6 ± 0.6 −6.8 ± 0.7 −11.3 ± 0.9
∆µx 1.1 ± 0.8 4.0 ± 0.9 −3.8 ± 1.2

Notes. Summary of detection/selection bias contributions from
SExtractor and KSB for both branches, and the bias differences
∆µx between both branches, with x ∈ {D,DB,KSB}, for the influ-
ences from detection, detection plus blending, and KSB measurement
selection.

parametric shapes. This can be explained by the aforementioned
blending differences for irregular shapes, where objects mod-
elled with realistic morphologies are more likely to be flagged.
Thus, not only are galaxies that are actually blended omitted but
also isolated objects that look similar to blends. We find that
the realistic objects which are additionally flagged as blended
in comparison to the parametric simulations have almost exclu-
sively large effective radii. Such galaxies often show for example
spiral arms or other complex substructure in the realistic branch,
which can sometimes lead to SExtractor flagging despite the
absences of actual blending. Flagging due to the shape itself will,
however, most likely appear in a galaxy pair for both versions,
leading to no selection effects. While it then may seem counter-
intuitive that the bias decreases compared to the double-Sérsic
simulations, it can be explained by looking at the galaxies that
are flagged in both branches: Some of them may be irregular
and thus also have a flagged rotated counterpart. This effectively
reduces the number of objects with differently flagged rotations,
which in return reduces the number of objects that contribute to
the blending bias on the ellipticity estimate.

We note that using the true input ellipticies of the pro-
files in both branches can be an additional source of system-
atic error in the estimate of the bias in the realistic branch. This
can though not be corrected for, as no true ellipticites exist for
non-parametric shapes. An alternative option could be to deter-
mine the true ellipticities with a shear response on the noise-free
shapes, similar to the Metacalibration method. This though
exceeds the scope of this work. Using the measured KSB g1 val-
ues on the other hand would also potentially lead to difference
due to the morphology bias, although this might be not signifi-
cant, as mostly faint galaxies induce a detection bias, where the
difference due to morphology is low anyway. Overall, we expect
that using the identical ellipticities in both branches is the most
robust method to avoid model bias influences.

Another effect that will affect both the shear measurement
and detection biases are correlated ellipticities. For example in
dense regions, such as galaxy clusters, the intrinsic shapes may
be correlated and more heavily blended, while also exhibiting
overall higher shears outside the 10% interval where the shears
are currently measured. This will be addressed in future work by
simulating scenes with realistic positions and correlated shapes.

As we applied an additional cut of S/N > 10 during the mor-
phology bias estimate, the detection and blending bias that is
relevant for the results from Sect. 6.3 will be lower, as there will
be fewer objects without a detection. With this additional S/N
cut, the bias differences are reduced to ∆µD = (1.1± 0.8)× 10−3,

∆µDB = (4.0 ± 0.9) × 10−3, and ∆µKSB = −(3.8 ± 1.2) × 10−3,
respectively. While the absolute values in the respective branches
increase when low signal-to-noise galaxies are included, the rel-
ative difference between the branches stays stable within the
error bars.

The results show that realistic morphologies not only bias the
shape estimator itself, but can account for detection and selection
differences between parametric image simulations and observed
data. Their different blending characteristics can induce strong
biases in the ensemble shape measurement, independently of
the algorithm applied to measure the shear signal. Even when
neglecting these additional blending effects, the effect from the
detection alone leads to a bias that is significant for the Euclid
DR1 and independent of the applied shape measurement method.
This underlines the need to derive accurate bias corrections
from simulations that include complex morphologies for the
shape measurement methods that are used for the Euclid science
analysis.

7. Conclusions

In this work, we have performed a proof-of-concept study about
the calibration of model biases from complex galaxy morpholo-
gies for the Euclid mission. We have presented a new deep
generative CNN for high-resolution, noise-free galaxy postage
stamps that uses a physically motivated latent space via the
wavelet scattering transform. In addition to fast training and
a latent space model that encodes morphological information,
which can also be independently applied in unsupervised learn-
ing for galaxy classification, the model generalises well over the
plethora of galaxy shapes. It is able to recover structural parame-
ters and morphological proxies such as the CAS +GM20 statistics
between input and output distributions, which are also correlated
with each other. We showed that various sampling techniques
can be leveraged to obtain new objects from the generative
model, for example, also via conditional sampling by the Sérsic
index n. In subsequent work, we will extend the model to incor-
porate correlated sampling via redshift, magnitude, and struc-
tural parameter distributions, as for now we have only assumed
a connection between the magnitude and the Sérsic index.

Next, we estimated the bias difference introduced by realistic
galaxy morphologies in shape measurements. For this, we sim-
ulated galaxies from the model together with their parametric
counterparts, applying additional shear. With the KSB method,
we found a multiplicative bias difference at the ∆µ1 ∼ 0.7%
level for a realistic magnitude and S/N distribution with an
empirical dependency on the Sérsic index. This bias therefore
lies above the target shear accuracy for Euclid by a factor of
three. While this method will not be applied to Euclid data,
it confirms the findings from Mandelbaum et al. (2015) for a
Euclid-like setup and suggests that the bias will have to be cali-
brated for Euclid given the results with other shape measurement
methods from this previous work. We detected a correlation
between ∆µ1 and the S/N, the Sérsic index n, the half-light
radius, and the CAS +GM20 statistics of the galaxies. Further-
more, we showed that the bias reduces heavily to below a ∼0.3%
level for objects whose shapes closely resemble each other, for
example smooth profiles at high S/N or low-S/N objects. This
proves that the origin of the measured model biases really lies in
the complex structures and is not an artefact of the image ren-
dering process. Still, this first measurement assumes a random
distribution of galaxy complexity across magnitudes. While we
implemented a relation between mAB and n based on observa-
tions, there is still not much quantitative information about the
dependency on other morphological proxies. In reality, where the
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fraction of irregular galaxies is highest at high redshifts, the bias
might be reduced, as the complex substructures that arise from
various mechanisms and thereby emerge in specific regions of
the CAS +GM20 space could be washed out at a low S/N. This
would lead to an overall lower effect on the shear estimation.
However, if that is not the case, high-z samples could be more
strongly biased due to their increased irregularity. Either way, the
bias difference from galaxy morphology is most likely a function
of the source redshift. Therefore, ignoring the effect will influ-
ence the tomographic shear calibration and thus also bias the
cosmological results.

We also showed that the detection by SExtractor is not
completely identical between both measurement branches when
creating matching images scenes. The detection process recovers
almost the same galaxies, but more galaxies are detected below
the mAB = 24.5 magnitude limit of the Euclid Wide Survey in
the realistic image scenes, which we attribute mostly to the fact
that in some cases SExtractor de-blends complex shapes with
multiple brightness peaks into separate galaxies. Thus, selection
effects caused by detection and blending discrepancies lead to a
bias difference of ∆µ ∼ 4.0 × 10−3 between realistic and para-
metric objects over the full sample with an applied S/N > 10
cut. This implies that realistic morphologies must be included
in weak lensing image simulations in order to reach the Euclid
requirements for the estimation of detection biases alone, disre-
garding model biases, which are independent of the employed
shape measurement method.

Furthermore, KSB is not the designated shape measure-
ment algorithm for Euclid; hence future calibrations will need
to be performed with LensMC or Metacalibration, where
the shape measurement bias could be decreased due to the for-
ward modelling plus fitting nature of LensMC and the gener-
ally unbiased approach of the shear response measurement by
Metacalibration, where detection and selection effects are
still relevant. Fitting codes, for example, have previously been
shown to exhibit a lower morphology bias in comparison to KSB
(Massey et al. 2007a; Mandelbaum et al. 2015; Hoekstra et al.
2021), though they were only tested with simpler galaxy mod-
els via shapelets or emulation from HST data and still at a level
relevant for Euclid. While this does not necessarily mean that a
measurement with LensMC will be less biased due to complex
morphology, the procedure of the code indicates that the bias will
be reduced, as LensMC fits more realistic double-Sérsic models
to the data. Thus, a wide variety of shapes can be modelled with
such model fitting codes, likely leading to a reduction in the rel-
ative biases between realistic and parametric galaxies. This will
be determined quantitatively in future work. Once the redshift
dependency has been embedded into the model framework, the
cosmic shear morphology bias of Euclid can be calibrated as a
function of tomographic redshift bins for both g1 and g2 using
LensMC and Metacalibration. We note that this project is
a proof-of-concept study whose aim is to obtain a general esti-
mate of the relevance of the bias and to present the deep learning
model that can be applied for the full calibration of this bias
within the Euclid simulation pipeline. Nevertheless, even with-
out the caveats of an analysis solely with KSB, the detection bias
results show that there will be residual biases in the shear esti-
mate due to detection differences in simulations and observations
if complex morphologies are not accounted for. This alone justi-
fies the usage of realistic shapes for shear calibration.

Eventually, the CNN can be even further extended towards
multiple colour channels using HST training data from multi-band
observations of, for example, CANDELS data in the GOODS,
COSMOS, UDS, and AEGIS fields (Koekemoer et al. 2011;
Grogin et al. 2011; Stefanon et al. 2017). This will enable cali-

bration of the Euclid cosmic shear analysis for the colour gradi-
ent bias, which is caused by the wavelength dependence of the
Euclid PSF and the spatial colour gradients within galaxies, allow-
ing future calibrations of the colour gradient bias to go beyond the
simplified bulge and disc analyses employed in Semboloni et al.
(2013), Er et al. (2018). This bias cannot be directly calibrated by
MetaCalibration or MetaDetection (Sheldon et al. 2020),
which underlines the necessity of this analysis for next-generation
cosmological surveys. With realistic multi-band morphologies
from the generator, we intend to determine a colour gradient bias
that depends on the actual local SED distribution of each galaxy
and thus permits more accurate calibration.
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Appendix A: Sérsic-fit difference examples

Figure A.1 shows a sample of galaxies with fit results that strongly deviate between the original image and the estimate of the
reconstruction with matched noise, as described in Sect. 4.

It is clear that exclusively strongly peaked, elliptical galaxies with high S/N are affected by low-quality fits obtained using
pysersic concerning the Sérsic index, while the galaxies with inaccurate half-light radius estimates also include objects with faint
features or clear bulge plus disc visibility. For such cases, the SVI method finds inaccurate posterior estimates for at least one of both
images. Either full MCMC sampling or improved noise matching (which is not very relevant at high S/N) could be able to reduce
this mismatch, albeit only with much longer fitting times (∼ 10 s with Laplacian SVI vs. > 60 s with MCMC). Given the objective of
this work, this is not necessary, as we are for now mainly interested in the overall reconstructive power of the generative model for
the estimation of the shear bias. In the future, however, accurate Sérsic fits are needed if realistic galaxies of a distinct distribution
of structural parameters need to be injected into full-size Euclid VIS simulations. Different ways of generating structural parameter
fits for billions of galaxies have been investigated within the Euclid Morphology Challenge (Euclid Collaboration: Bretonnière et al.
2023).

In principle, the monotonic decrease of the reconstruction accuracy seen in Fig. 3 could also be related to the architecture of the
model. The generator tries to minimise the loss during training, for which especially the most abundant populations of morphologies
have to be reconstructed accurately. Thus, the overall sparsely populated region of n ≥ 4.0 could be neglected. However, looking at
the reconstructed images, we do not think that this is the case here.

n = 5.2

original HST

n = 2.0

reconstruction

n = 3.6 n = 1.0

n = 5.1 n = 1.8

n = 6.4

original HST

n = 2.1

reconstruction

n = 8.0 n = 1.7

n = 7.9 n = 3.0

re = 0.0

original HST

re = 0.3

reconstruction

re = 0.4 re = 0.4

re = 0.6 re = 0.9

re = 0.2

original HST

re = 0.4

reconstruction

re = 0.2 re = 0.4

re = 0.3 re = 0.4

(i) ∆n ≥ 2.0 (ii) ∆re ≥ 0.2

Fig. A.1. Example of galaxies where the difference between the original and generated n or re exceeds ∆n = 2 or ∆re = 0.2.

Appendix B: Two-dimensional morphological parameter distributions

In Fig. B.1 we show a comparison between the 2D correlated distributions of the training input sample and the measurements on
the reconstructed outputs from the deep learning model. We can see that the histograms and 2D contours match overall well, with
also correlated parameter distributions recovered well by the model.
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Fig. B.1. Two-dimensional parameter distributions of magnitude, structural parameters, and morphological proxies. The blue contours show the
measurements done directly on the HST images, while the red contours depict the results of measuring on the reconstructed deep learning model
outputs.

Appendix C: Euclid-like point-spread function
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Fig. C.1. Oversampled version of the Euclid-like PSF on a logarithmic grey scale. Axes are scaled in arcseconds.
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Figure C.1 shows the Euclid-like PSF used within this work and mentioned in Sect. 6. The generated galaxies are deconvolved
with their training PSF and then convolved with this PSF afterwards to create Euclid-like simulations, as illustrated in Fig. 10. For
more accurate PSF correction, the PSF model is usually oversampled. Figure C.1 displays a version of the PSF that is oversampled
by a factor of 5 on a logarithmic grey scale.

The PSF model is created from a stack of monochromatic PSFs over the wavelength range of the VIS bandpass from 500 nm
to 900 nm, with weighting of each component by a stellar spectrum, that is, a Vega spectrum. Additionally, it assumes the Euclid
telescope’s optical characteristics such as mirror size and obscuration. A more detailed description on how this PSF was modelled
can be found in Tewes et al. (2019) and Jansen et al. (2024).

Appendix D: Non-linearity of the shear bias

The results of the shear bias measurement at bright magnitudes shown in Fig. 12 exhibit a strong non-linear component, which has
previously also been found by Jansen et al. (2024). To show how second-order effects in the shear bias affect the linear term, we
also fit an antisymmetric quadratic function to the shear bias difference. This function is defined as

gobs
i − g

true
i = α |gtrue

i | g
true
i + µig

true
i + ci + ni, (D.1)

where αi is an additional fit parameter. Following Kitching & Deshpande (2022), the linear shear bias can also be written as a spin-2
equation

gobs = (1 + µi,0)gtrue + µi,4

(
gtrue

)∗
+ c + n. (D.2)

There, µi,0 and µi,4 are spin-0 and spin-4 quantities, respectively, and ∗ denotes a complex conjugate. This simplifies the extension to
higher-order terms of the shear bias with integer and half-integer power of the shear bias. We refer to Kitching & Deshpande (2022)
for a detailed derivation and description of this process. Here, we simply fit the quadratic multiplicative biases with (D.1).

We show in Fig. D.1 the same KSB measurements of the shear bias difference as in Fig. 12. However, in Fig. D.1, the measure-
ments are shown with the antisymmetric quadratic fit from Eq. (D.1). It is apparent that this function fits the data better for bright
samples, but no clear higher-order contribution can be seen in the faint galaxy sample, resulting in an overall low term ∆α1 there.
Compared to the fully linear estimates, the linear term ∆µ is strongly increased at low magnitudes, but fits the estimate within the
error bars for the measurement at mAB = 23.0.

While the non-linearity seems to be relevant for bright objects, we do not observe strong higher-order terms for faint samples
or for a realistic magnitude and S/N distribution as shown Fig. 13, which is why we do not explore similar comparisons for this
measurement here.
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Fig. D.1. Results of the cosmic shear measurement with KSB on 106 simulated galaxies at fixed magnitude, once with realistic galaxies from the
deep learning model, and once with their double-Sérsic counterparts. The plots show the relative difference between separate bias estimates on
both branches, realistic and parametric galaxies. The red curve shows the best-fit antisymmetric quadratic model according to Eq. (D.1). Inside the
plot we summarise the difference ∆ of the fit parameters α1, µ1 and c1.

Appendix E: Scene example for detection comparison

We here show in Fig. E.1 a comparison of image scenes generated from the two branches to illustrate differences in the SExtractor
detection, as described in Sect. 6. We show identical cutouts from simulations with a doubled number density ρn = 500 arcmin−2 to
showcase the potential differences in the detections. We clearly see in the zoom-ins II. and IV. that there are objects with for example
spirals in the realistic simulations that lack adequate modelling of their morphologies, leading to potential additional deblending
into multiple components also at bright magnitudes from the faint structures that are omitted when using Sérsic profiles. Moreover,
stamps I. and III. show how detection differences might arise for faint objects, that is, when the surface brightness is not fully
identical in the branches (the faint object in the upper-left corner is not above the detection threshold in the parametric branch). The
lower panel zoom-ins depict an example where the de-blending produces more objects and a higher blending fraction in the realistic
branch. This is of course dependent on the detection threshold, and de-blending settings in the SExtractor configuration file,
which for our setup we chose as DETECT_THRESH = 1.5, DETECT_MINAREA = 6, DEBLEND_NTHRESH = 32, DEBLEND_MINCONT =
0.005, and CLEAN_PARAM = 1.0.
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Fig. E.1. Example from the full image simulations in both branches used for the SExtractor detection comparison. The top panels show
400× 400 pixel cutouts from an image scene, with doubled number density ρn, with pixel intensities clipped between the 10th and 90th percentiles.
Below are zoom-ins into interesting regions: Examples I. and III. illustrate a detection difference, where a realistic object lies just above the
threshold, while its best-fit double-Sérsic counterpart is not detected. The zoom-ins II. and IV. show an example of a clearly more complex spiral
galaxy and how this is represented in the parametric branch, highlighting the ability of the model to produce more realistic image simulations.
The lower panels V. and VI. show another example cutout from the same full scene where a single object is de-blended into two components by
SExtractor.
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