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ABSTRACT

Context. Galactic halos host faint substructures such as stellar streams and shells, which provide insights into the hierarchical assem-
bly history of galaxies. To date, such features have been identified in external galaxies by visual inspection. However, with the advent
of larger and deeper surveys and the associated increase in data volume, this methodology is becoming impractical.

Aims. Here we aim to develop an automated method to detect low surface brightness features in galactic stellar halos. Moreover, we
seek to quantify the performance of this method when considering progressively more complex datasets, including different stellar disc
orientations and redshifts.

Methods. We have developed the stream automatic detection with convolutional neural networks (SAD-CNNs) models. This tool was
trained on mock surface brightness maps obtained from simulations of the Auriga Project. The model incorporates transfer learning,
data augmentation, and balanced datasets to optimise its detection capabilities at surface brightness limiting magnitudes ranging from
27 to 31 mag arcsec™>.

Results. The iterative training approach, coupled with transfer learning, allowed the model to adapt to increasingly challenging
datasets, achieving precision and recall metrics above 80% in all considered scenarios. The use of a well-balanced training dataset
is critical for mitigating biases and ensuring that the CNN accurately distinguishes between galaxies with and without streams.
Conclusions. SAD-CNN is a reliable and scalable tool for automating the detection of faint substructures in galactic halos. Its adapt-
ability makes it well suited to future applications that would include the analysis of data from upcoming large astronomical surveys

such as LSST and JWT.
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1. Introduction

The current paradigm of galaxy formation postulates that the
accretion of material from the surrounding environment drives
the mass growth of galaxies (Searle & Zinn 1978; White & Rees
1978; White & Frenk 1991; Johnston et al. 1996, 2008; Li &
Helmi 2008). Galaxies are not singular bodies, they are sur-
rounded by vast halos that are home to a variety of faint features
indicative of their intricate assembly history (Helmi et al. 1999;
Helmi 2008; Cooper et al. 2010; Pillepich et al. 2015). These
low surface brightness features (LSBFs), which often manifest
as stellar streams, shells, and plumes, are either the direct or
indirect results of previous interactions. Thus, LSBFs provide
crucial information about the accretion history of a galaxy. In
particular, streams and shells are the remnants of past accre-
tion processes that feed the hierarchical growth of galaxies
(Ibata et al. 1994; Hibbard & Mihos 1995; Johnston et al. 1996;
Majewski et al. 1999; Helmi et al. 2003a; McConnachie et al.
2009; Martinez-Delgado et al. 2010).

* Corresponding author: alex.vera@userena.cl

Stellar streams are long, narrow coherent structures com-
posed of stars orbiting galaxies and are typically stretched along
the orbital path of a progenitor satellite that is gradually dis-
rupted by the gravitational forces of its host galaxy (Johnston
et al. 2008). These streams are the result of interactions between
galaxies and ongoing accretion processes. Several studies have
attempted to characterise the accretion history the Milky Way
by analysing substructures in the six-dimensional phase space
distribution of local volumes, which allows not only for the
detection of phase-mixed stellar streams but also the placement
of constraints on the structure, size, and orbital histories of the
progenitors (Helmi & White 1999; Helmi et al. 2003b; Meza
et al. 2005; Gomez & Helmi 2010; Belokurov et al. 2018; Malhan
et al. 2018; Helmi 2020; Li et al. 2021). The discovery and char-
acterisation of these faint substructures in the Milky Way have
been greatly advanced thanks to surveys such as Gaia (Gaia
Collaboration 2018; Ibata et al. 2021). The information provided
by surveys combined with the mapping of the outer halo with
photometric and spectroscopic surveys (Bonaca & Price-Whelan
2025) has enabled a comprehensive view of the merging history
of our Galaxy for the first time.
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Regarding the other two highlighted LSBFs, shells are sharp,
arc-like stellar features that are typically generated during eccen-
tric mergers, where a satellite galaxy plunges nearly radially into
the host, producing interleaved shells of debris at successive
apocentres (Quinn 1984; Lotz et al. 2008; Villalobos & Helmi
2008). In contrast, plumes are more diffuse, irregular structures
that often result from minor mergers or tidal interactions, and
they may lack the coherent morphology of streams or shells
(Janowiecki et al. 2010; Martinez-Delgado et al. 2010).

The study of these faint substructures in external galax-
ies presents important challenges mainly concerned with their
detectability (Belokurov et al. 2006; Martinez-Delgado et al.
2010; Atkinson et al. 2013; Morales et al. 2018; Shipp et al.
2018; Gordon et al. 2024). The detection and characterisation
of an LSBF is a highly complex task due to their extremely faint
brightness. Indeed, deep observations with a surface brightness
limit deeper than 29 mag arcsec™ in the r-band are required
(Bullock & Johnston 2005; Cooper et al. 2013; Conselice et al.
2000; Ji et al. 2014; Fliri & Trujillo 2016; Morales et al. 2018;
Hood et al. 2018; Mancillas et al. 2019; Gordon et al. 2024).
Previous studies have started to provide different censuses about
tidal streams and faint stellar substructures in external galaxies,
which are crucial for understanding their prevalence. Atkinson
et al. (2013), using a sample of 1781 galaxies, reported that
approximately 26% of galaxies with stellar masses exceed-
ing 10'93 M, exhibited detectable tidal features with a u/™ ~
27.7 mag arcsec™>. Expanding on these findings, Duc (2017)
explored a broader census through the MATLAS survey in a
sample of 360 massive nearby galaxies and revealed a higher
fraction of galaxies, reaching 40%, with observed faint sub-
structures. A more recent study based on the RESOLVE survey
(Hood et al. 2018), which reaches an r-band depth of ~27.9
mag arcsec > for a sample of 1048 galaxies, identified faint fea-
tures in ~17% of their galaxies. Morales et al. (2018) reported
a limiting surface brightness of /™ ~ 28.11 for their sample of
232 images. In particular Walmsley et al. (2019) detected tidal
features in a dataset covering approximately 170 deg? with a
limiting surface brightness of u/™ ~ 27.1. Notably, Bilek et al.
(2020) found that the presence of these faint features correlates
with the mass of the host galaxy and is influenced by environ-
mental factors. These detection rates highlight the difficulties in
establishing a comprehensive census of faint features, which may
be affected by factors such as the depth of the survey, the quality
of the data, and the specific techniques used for identification.
Moreover, the nature of these structures, which can be distorted
or disrupted by various factors, further complicates their study.
Thus, advanced techniques, such as stacking of multiple images,
pixel-level analysis, and multi-gauss expansion (MGE) model
are used for the detection and characterisation of tidal streams
(Kado-Fong et al. 2018; Sola et al. 2022; Miré-Carretero et al.
2023; Rutherford et al. 2024).

State of the art cosmological simulations such as Auriga
(Grand et al. 2017) and FIRE (Hopkins et al. 2018) have signif-
icantly advanced our understanding of the hierarchical growth
of galaxies and the formation of their stellar halos. These
simulations track the accretion histories of galaxies, allowing
researchers to study the origins and properties of stellar streams
in a cosmological context. Several works have utilised cosmo-
logical simulations to explore stellar halos and their properties,
which have provided valuable insights into these complex struc-
tures (Johnston et al. 2008; Cooper et al. 2010; Tumlinson 2010;
Helmi et al. 2011; Tissera et al. 2013, 2014; Erkal & Belokurov
2015; Amorisco 2017; Monachesi et al. 2019; Vera-Casanova
et al. 2022; Martin et al. 2022; Valenzuela & Remus 2024,
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Kado-Fong et al. 2022; Shipp et al. 2023; Gonzalez-Jara et al.
2025; Tau et al. 2025; Riley et al. 2025; Shipp et al. 2025).
These theoretical approaches offer diverse insights into the for-
mation and evolution of faint features, providing a basis for
understanding the processes that drive the assembly history of
galaxies. Recent work has focused on specific aspects of stellar
halo formation. For example, Erkal & Belokurov (2015); Walder
et al. (2025) investigated how properties of stellar tidal streams
can provide properties of the dark halo, while Amorisco (2017)
explored the connection between a merger history and the prop-
erties of the accreted stellar halo. Vera-Casanova et al. (2022)
used the Auriga simulations to study stellar halos in Milky
Way-mass galaxies, predicting the fraction of stellar streams
detectable at different surface brightness limits. Martin et al.
(2022) emphasised the importance of including realistic obser-
vational conditions in simulations, showing how such factors
can significantly impact the detectability of faint features. Sim-
ilarly, Kado-Fong et al. (2022) have demonstrated how stream
morphology and spatial distribution can constrain the assembly
history of halos in cosmological simulations.

The next generation of surveys such as LSST and EUCLID
(Ivezié¢ et al. 2019; Euclid Collaboration: Aussel et al. 2025)
are about to dramatically increase the volume of data available
to researchers. While in the past, it was possible to visually
inspect images to identify and classify different features of inter-
est, this methodology is progressively becoming infeasible. As a
result, the upcoming burst of data motivates the development of
automated tools, particularly those employing machine learning
techniques, to extract and efficiently analyse information from
these large datasets. Such tools applied to the forthcoming sur-
veys could allow for the detection and characterisation of a large
number of stellar streams and enable a statistical study based on
the properties and prominence of these substructures. Accurately
quantifying the fraction of galaxies that present an LSBF as a
function of limiting surface brightness magnitude would not only
allow individual galaxy merger histories to be constrained but
could also provide important constraints on the galaxy merger
rate as a function of time (Vera-Casanova et al. 2022; Martin
et al. 2022; Miro-Carretero et al. 2025).

Convolutional neural networks (CNNs) belong to a class of
neural networks commonly used for processing array represen-
tations, such as 1D sequences, 2D images, or 3D videos (LeCun
et al. 2015). In the context of images, they have been widely
applied to tasks such as recognition (Bickley et al. 2021), seg-
mentation (Farias et al. 2020), and style transfer (Gatys et al.
2016). The main idea behind CNNs is automatically extracting
relevant features from images and condensing this information
into a feature map. The model then learns the non-linear com-
binations of these features through a training process, enabling
predictions for new input data. In recent years, CNNs have
become powerful tools for automated feature extraction and pat-
tern recognition in astronomy. They are applied to tasks such as
galaxy morphology classification (Walmsley et al. 2019; Farias
et al. 2020; Sanchez-Sédez et al. 2021; Bickley et al. 2021) and
the identification of faint features (Baxter et al. 2021; Gordon
et al. 2024; Fontirroig et al. 2025). By exploiting the enor-
mous amount of data produced by modern astronomical surveys,
CNNs provide an efficient and powerful approach to analysing
and interpreting astronomical datasets. Recently, Gordon et al.
(2024) advanced this field by employing CNNs to classify tidal
features into distinct categories, highlighting the potential of
automated methods for analysing faint substructures.

In this study, we use the capabilities of CNNs to automate
the detection of faint substructures, specifically stellar streams,
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in galactic halos. By training a CNN on simulated surface bright-
ness maps generated from the Auriga Project simulation dataset,
we aim to develop a robust and efficient methodology to identify
and characterise stellar streams. Our approach accelerates the
process of analysing complex astronomical datasets and allows
for the exploration of intricate structures within galactic halos.

This paper is organised as follows. In Section 2, we introduce
the simulation and the method employed to make the training
samples. Additionally, we describe the CNN utilised in this pro-
cess. In Section 3, we explain the methodology for training step
by step. In Section 4 we discuss the training process, while in
Section 5 we present the results obtained from random samples
of images. Finally, in Section 6, we summarise the main results
obtained in this work.

2. The Auriga simulations

The Auriga project is a suite of cosmological zoom-in simu-
lations designed to produce reasonably isolated galaxies in the
mass range of the Milky Way (Grand et al. 2017, 2024). These
simulations consist of thirty (30) zoom halo simulations from
the EAGLE project (Schaye et al. 2015). The halos were selected
at z = 0 to be Milky Way—mass systems (1 < Mogo/102 M, < 2)
and to satisfy an isolation criterion based on the tidal isolation
parameter T;5. This ensures that the main halo is not a sub-
structure of a more massive system and does not reside in a
dense cluster environment, while remaining sufficiently isolated
from any neighbouring halo more massive than 3% of its mass
within nine virial radii (See Eq. (1) in Grand et al. 2017). Per-
formed in the framework of ACDM cosmology with parameters
Q,, =0.307, Q, =0.048, Q, = 0.693, and Hubble constant Hy =
100 4 km s7! Mpc‘l, h = 0.6777 (Planck Collaboration XVI
2014).

The simulations have a resolution of baryonic mass parti-
cles of ~5 x 10* M and resolution for dark matter particles
~4 x 10° M, with a comoving softening length of 369 pc at
z = 1, after which the softening is kept constant in physical units.
These correspond to ‘level 4’ of Auriga Project. These simula-
tions were run using the AREPO code on a periodic cube with
a side length of 100 cMpc (Springel 2010; Pakmor et al. 2016).
AREPO solves the magnetohydrodynamical equations and inte-
grates models of galaxy formation (Vogelsberger et al. 2013;
Grand et al. 2017), incorporating sub-grid models for baryonic
processes such as star formation (Springel & Hernquist 2003).

The Auriga model assigns a single stellar population to each
stellar particle. This assignment occurs every time there is a star
formation episode, ensuring that each stellar particle is associ-
ated with a specific stellar population. The properties of these
stellar populations account for mass loss and chemical enrich-
ment from Type la supernovae and asymptotic giant branch
stars, along with their respective ages and masses. These pop-
ulations are characterised by their mass, age, mass-loss history,
and chemical abundance patterns. The interstellar medium is
modelled using the subgrid multiphase approach introduced by
Springel & Hernquist (2003). It describes the dense and cold gas
of the interstellar medium with an effective equation of state that
originates from the balance of gas cooling and heating by super-
nova feedback. The photometric bands U, B, V, g, 1, i, z, and
K from Bruzual & Charlot (2003) are calculated for each stellar
particle, without accounting for dust extinction.

The Auriga simulations are an excellent laboratory for study-
ing the properties of stellar halos due to their high resolution
(Grand et al. 2017; Monachesi et al. 2016, 2019; Fattahi et al.
2020; Pu et al. 2025). In particular, Monachesi et al. (2019)

presented a detailed comparison between simulated halos and
those observed in the nearby Universe with the HST telescope
within the Galaxy Halos, Outer discs, Substructure, Thick discs,
and Star clusters (GHOSTS) project, showing that the parame-
ters that characterise the Auriga stellar haloes, as well as their
scatter, are generally in good agreement with the observed prop-
erties of nearby stellar haloes. Simpson et al. (2018), showed
that the luminosity function of satellites at redshift zero closely
matches the observed luminosity function of both the Milky Way
and Andromeda (M31). This agreement holds for satellites with
stellar masses above 10° M, which aligns with the resolution
used in these studies. Vera-Casanova et al. (2022) showed that
approximately 87% of the simulated halos exhibit stellar streams
at redshift z = 0, across a wide range of surface brightness lim-
its. However, these streams do not necessarily originate from the
most massive accretion events, as even satellites disrupted sev-
eral gigayears ago can leave detectable tidal features that persist
until the present time. Riley et al. (2025) and Shipp et al. (2025)
further explored the disruption of satellite galaxies around the
Auriga haloes. They found that the distribution of streams in
pericentre-apocentre space overlaps significantly with the Milky
Way intact satellite population. However their results suggest
that either cosmological simulations, such as Auriga, are disrupt-
ing satellites far too readily, or that the Milky Way’s satellites are
more disrupted than current imaging surveys have revealed.

Summarising, in this work we generate simulated surface
brightness maps using a sample of 30 Milky Way-like halos
from the Auriga suite. These are fully self-consistent cosmolog-
ical magnetohydrodynamical simulations run within a A-CDM
cosmology. The galaxies are characterised by stellar masses of
2-10 % 10'° M, and disc-dominated morphologies, with a bary-
onic mass resolution of the ~ 5 x 10* M. All halos were chosen
to be reasonably isolated at redshift z = 0.

3. Methodology

We used the Auriga simulations to generate surface brightness
maps of late-type galaxies at different redshifts, inclinations, and
surface brightness limits. These images were used to train a CNN
to rapidly and efficiently identify LSBFs. Our training is done
in stages, increasing the complexity behind the detectability of
these features at every step. As a result, we seek to understand
the main limitations behind this type of approach. Our training
sets consist of ~10000 different images with different projec-
tions and rotations of galaxies. In this sample, we indicated the
presence or absence of a stellar stream by visual inspection of
the images (see Sect. 3.1).

3.1. Surface brightness maps

Each stellar particle in the Auriga simulation represents a differ-
ent stellar population, with a given mass, age, and metallicity. As
discussed in Sect. 2, each particle has determined its luminosity
inthe U, V, B, K, g, 1, 1, and z bands, calculated based on its mass,
age, and metallicity. These luminosities are derived following the
methodology described in Bruzual & Charlot (2003). To miti-
gate the effects of dust extinction, and to have a better tracer of
the underlying mass distribution, previous observational works
(e.g. Atkinson et al. 2013; Morales et al. 2018; Martin et al.
2022; Mir6-Carretero et al. 2023; Martinez-Delgado et al. 2023;
Smercina et al. 2023), have focused their analysis on surface
brightness (SB) maps obtained in the photometric r—band.
Auriga does not include a self-consistent dust model, meaning
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that these luminosities are computed without the direct effects
of dust attenuation. Thus, for the CNN training, we employed SB
Maps derived from the luminosity distribution of each simulated
galaxy in this band. We considered all stellar particles located
within a radial distance of 150 kpc from the galactic centre. In
this work, the galactic centre is defined following Vera-Casanova
et al. (2022), where it is determined by identifying the particle
most bound to the system.

Building on the detection rates reported in Vera-Casanova
et al. (2022) and Miro-Carretero et al. (2025), we note that LSBF
become increasingly prominent for surface brightness limits >27
(mag arcsec™?). Based on this, to simulate different observa-
tional depths, we apply surface brightness limits (wy,) by setting
all pixel values fainter than the chosen limit to zero (i.e. mask-
ing them). Specifically, we define uy, as the surface brightness
value in mag arcsec2 corresponding to the minimum detectable
pixel value in the map. We apply limits ranging from 27 to
33 mag arcsec™?, in steps of one magnitude, where features
fainter than the i, depth are undetectable.

To assure uniformity and comparability between the gen-
erated SB maps, we performed a normalisation process before
using them to train the CNN. Each map was converted into a
FITS image format and then normalised by its maximum pixel
luminosity value, resulting in pixel values ranging from zero to
one. The normalisation procedure effectively standardises the
intensity distribution across all maps, independent of the specific
limiting magnitude. This strategy allows us to mitigate biases
due to differences in magnitudes in the analysed SB maps and
ensures that the CNN learns to discern faint substructures rather
than being influenced by the typical low SB values associated
with these substructures. In addition, all images were generated
considering 300x300 pixels size. This corresponds to a physi-
cal resolution of 1 kpc per pixel. This standardised resolution
facilitates consistency in feature recognition and analysis across
the entire dataset. We note that, when mocking observations
from different instruments, the spatial resolution and associated
observational errors may affect the detectability of some of the
faintest features that exist (Miro-Carretero et al. 2025). This,
nevertheless, does not affect the results of our training process.

The generated SB maps were utilised to identify LSBFs
in each galaxy. This was done by visual inspection of each
image, following the procedure described in Vera-Casanova et al.
(2022). Specifically, images without any discernible features
were assigned a value of zero, while images exhibiting faint
structures were assigned a value of one. During this procedure
we decided to not classify low SB satellites that still gravita-
tionally bound as faint features. For this procedure, we made
individual selections between co-authors, followed by multiple
iterations and discussions over the selection. This collaborative
process eventually culminated in a shared visual inspection.

3.2. Deep learning

A CNN employs a convolutional operator to process images
by applying a discrete linear transformation over the input data
matrix. In this case, the input data consists of images repre-
senting SB maps of our simulated galaxies. CNNs are typically
composed of four fundamental components: convolutional lay-
ers, regularisation layers, clustering layers, and fully connected
layers. These layers work together to extract meaningful features
from the input data, and the final layer uses these features to gen-
erate predictions. Regularisation layers, such as the exclusion
layer, are used to improve network generalisation and miti-
gate overfitting by randomly excluding neurons during training.
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Through a training process, the network learns to capture non-
linear combinations of features, allowing accurate predictions
to be made on new input data. As previously stated, the CNN
applies a discrete linear transformation over the input image and
provides weights for every discrete position of the corresponding
matrix. During this process it applies multiple combinations of
different kernels to capture different features and patterns in the
input images, helping the classification process (see Dumoulin
& Visin 2016). The input data for the convolutional layers con-
sist of a three-dimensional matrix, two spatial dimensions, and
a third dimension with intensity values. This last dimension is
usually called the dimension channel, which has information on
quantities such as colours or brightness intensities.

We utilised the Xception (Chollet 2016) CNN architecture
to identify low SB features on mock galaxy images. The Xcep-
tion model uses depthwise separable convolution, also called
‘separable convolution’, a technique that factorises standard
convolutions into two separate operations: a depthwise convolu-
tion, which applies spatial filtering independently to each input
channel, followed by a pointwise convolution, which combines
information across channels. This approach reduces computa-
tional cost while maintaining high classification performance.
This approach is also computationally efficient and helps reduce
the number of parameters in the network. The design choice
allows Xception to optimise model size, computational complex-
ity, and performance. In this work, we used a sigmoid function
output to deliver one value per class for each of the examples.
The output layer scales the network output between 0 and 1. This
allowed us to interpret the results as the probability that a given
image contains a feature learned during the training process. (For
a more detailed explanation, see Chollet 2016.)

3.3. Training method and metrics

The training process consists of a minimisation problem to fit
the data. As previously discussed, during this process differ-
ent kernels, and their associated weights, are considered to find
the optimal configuration that best summarises and classifies the
images. A common approach is to initialise the weights with ran-
dom values and then, through a trial and error process, optimise
these weights to recognise the images. To conduct the trial and
error process, we need to divide the data into three independent
sets: Training set, Validation set, and Test set. We allocated 80%,
10%, and 10% of the total sample of images to each set, respec-
tively. The training set is used directly to adjust the network’s
weights, improving classification through an iterative process.
The validation set was used during training to indirectly eval-
uate the performance of the model and adjust the parameters
as needed, while the test set, composed of previously unseen
images, is reserved for the final evaluation of the accuracy of
the model.

To guarantee the robustness of our model, we balanced the
training set so that it contains an equal number of images with
and without LSBF at each surface brightness limit. This pro-
cedure is essential to prevent biases in the training process
and to ensure that the model learns to accurately distinguish
between the two classes under varying conditions. To achieve
this, we applied a data augmentation process, which consists of
simple geometric transformations, including rotations and reflec-
tions of the images themselves. It is important to emphasise
that these transformations are purely two-dimensional operations
applied to the mock images and do not correspond to a physi-
cal re-orientation of the simulated galaxies. Although repeated
augmentation may introduce redundancy, the whole number of
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Fig. 1. Example of data augmentation applied to the test sample of
images with and without stellar streams. The left panel shows the
original test sample distribution at z = 0, where images are unevenly
distributed across SB limits (u},,) for stream and non-stream classi-
fications. After the data augmentation, the right panel illustrates the
balanced test sample, ensuring an equal number of images for each class
across all surface brightness limits.

augmented samples in our training set is still less than twice the
original size dataset. This level is generally considered moderate
and not excessive in image classification tasks (Perez & Wang
2017). In this way, we increased the diversity of the training data,
which helped the model to better generalise the unseen data. Fig-
ure 1 shows an example of this procedure. Importantly, the mock
images selected to perform the data augmentation process are
randomly selected. This approach helps mitigate the natural bias
introduced by galaxies observed at deeper SB limits, ensuring
a more accurate evaluation of the ability of the model to detect
LSBEF in different scenarios.

The model classifies an image as containing an LSBF if the
predicted probability exceeds a threshold of 0.5; otherwise, it is
classified as not containing such features. To assess the classifi-
cation performance, we defined four possible outcomes based on
visual classification:

— True positives (TP): The network correctly identifies the
presence of an LSBF.
— False positives (FP): The network incorrectly classifies an
image as containing an LSBF when it does not.
— True negatives (TN): The network correctly identifies the
absence of an LSBF.
— False negatives (FN): The network fails to detect an LSBF
that is actually present.
The results of the trained network are evaluated using vari-
ous performance metrics, which are quantitative measures used
to assess performance on specific tasks. They are also used
by the model to help guide the iterative process of improving
model design and performance. Common metrics include accu-
racy, precision, recall, and the F1-score. Our primary metric for
evaluation, namely accuracy, was calculated as

accuracy — true positives + true negatives 0
' (Al cases) :

Accuracy measures the percentage of instances correctly clas-
sified from the total dataset, and it is commonly used in
classification tasks. Precision, defined as

true positives

Precision = v s )
(true positives + false positives)

2

represents the ratio of true positive predictions to all positive
predictions. Recall,

true positives

Recall = — . )
(true positives + false negatives)

3

measures the proportion of true positive predictions out of all
actual positive instances in the dataset.

Finally, we also used the F1-score metric, which combines
precision and recall into a single value:

Fl-score = + x (pl‘ec.is.i()n * recall)
2 " (precision + recall)

“

The F1-score provides a balanced assessment of the performance
model, especially in situations where precision and recall need to
be balanced. It is defined as the harmonic mean of precision and
recall, ranging from 0 to 1, where 1 indicates perfect precision
and recall, and O indicates that the model has completely failed
to identify positive cases.

In this work, we apply a technique known as transfer learn-
ing (TL), which involves reusing knowledge learned from one
dataset to improve performance on a related but different dataset.
For instance, in the context of galaxy morphological classifi-
cation, weights trained on astronomical images can serve as a
starting point. Additionally, studies have demonstrated that TL
can even be effective when using weights pre-trained on unre-
lated datasets (e.g. Iman et al. 2023). In our case, we initialise our
model with weights pre-trained on the ImageNet dataset (Deng
et al. 2009), which contains a broad range of labelled images
across various categories. This approach allows the network to
start with a general understanding of image features, improving
the efficiency of training on our specific task. To train the net-
work, we use the Adam optimiser (Kingma & Ba 2014) with a
learning rate of 0.0001, running the model for up to 200 epochs.
To prevent overfitting, we employ early stopping. This method
monitors a selected metric (such as validation loss) and halts
training if no improvement is observed within a specified num-
ber of epochs! (Keras Team 2022). When incorporating new
data into our analysis, such as images of galaxies with vary-
ing inclinations, we concatenate a random 20% of the previous
training set with the next one and retain the pre-trained weights
from the earlier training stages. This approach ensures that the
model builds on previously learned features while adapting to
the additional data. The resulting network combines the weights
from previous training sessions with the new dataset, providing a
robust model capable of generalising to more diverse conditions.

3.4. Training sets definition

A summary of our training procedure is presented in the scheme
of Figure 2. Our training methodology follows a stepwise
approach, where the model is first trained on a simpler dataset
and then progressively exposed to more complex cases. At each
training step, the effectiveness of the trained model was evalu-
ated using a test set. As a first step, we trained the model only
considering edge-on galaxies at z = 0. This is the simplest possi-
ble configuration as it avoids issues associated with the extended
light distribution of the discs and their internal structure. Once
tested, the CNN was further trained and tested using a large sam-
ple of edge-on galaxies obtained at different redshifts. We finally
generated a sample of late-type galaxies with different inclina-
tions. This allowed us to test the performance of our previously

I Learning curves are shown in the Appendix.
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Fig. 2. Overview of the iterative training and TL process used in SAD-CNN. The first training stage begins with 1764 images of edge-on galaxies
at z = 0, where the network learns to classify images based on the presence of faint features. The second stage introduces 3664 additional images
of edge-on galaxies at different redshifts, improving classification performance on galaxies observed at various cosmological distances. Finally,
the third stage applies TL to a dataset of 5264 images of galaxies with different disc inclinations, refining the model’s ability to generalise across
varying orientations. Throughout the process, feedback is incorporated at each step, allowing for progressive learning and improved classification

accuracy.

trained network on this more challenging configuration. Based
on this evaluation, we refined the model by incorporating images
of inclined galaxies into the training process, which allowed it to
generalise better to different orientations. To carry out this iter-
ative procedure, we generated different datasets. These sets are
described below.

Group I comprises 210 images of our simulated galaxies in
an edge-on projection, all at z = 0. We emphasise that from
each Auriga model, several images are obtained by systemati-
cally varying the limiting SB magnitude. These images serve as
the foundation for the initial training phase. We consider this to
be the most simple case for the network, as we can observe the
halo without having the disc covering a large area of the image. It
also eliminates potential problems with disc features, such as spi-
ral arms. This group encompassed variations of edge-on galaxies
achieved through rotations about the symmetry axis of our disc
galaxies. Specifically, rotations of 30°, 45°, 60°, and 90° were
applied to the original 210 images, resulting in a total of 1050
distinct FITS images. Each rotation introduced unique config-
urations of the LSBF and satellites in the configuration space,
as shown in Figure 3. In particular, some rotations, such as the
30° rotation depicted in the second column of the upper row,
led to scenarios where the stellar streams are hard to disentan-
gle from the stellar halo component. We randomly selected 10%
of the total images (105) to form an independent test set. The
remaining images were used for training, with additional data
augmentation, increasing the final training set to 1764 images.
This enriched dataset enables the CNN to learn a broader vari-
ety of geometric configurations while maintaining the physical
consistency of each image.

In the subsequent learning phase, a new sample of images
was introduced, Group II, comprising galaxies within the
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following redshifts: z = [0.024, 0.049, 0.074, 0.099, 0.126, 0.153,
0.180, 0.214, 0.244, 0.276]. This group consisted of 2100 images,
representing galaxies at different stages of late evolution, influ-
enced by their merger history. An example of such images is
shown in Figure 3 using the same halo rotated previously. Ten
percent of this sample was separated into a test set. After the sep-
aration, we augmented the data by applying rotations and random
flips to the images, resulting in 3664 images.

Finally, the last learning phase introduced galaxies, with
varying inclinations of the disc symmetry axis for the line of
sight. This group, Group III, incorporated inclinations of 15°,
30°, and 45° of the images from Group I, at z = 0. Resulting in
an additional 3150 images. Ten percent of each inclination was
separated into a test set. After the data augmentation process,
we obtain 5264 images. This new set allowed CNN to refine
its ability to distinguish between different structural features,
particularly in the presence of spiral arms and tidal features.

4. Training process

Next, we discuss the process carried out to systematically and
gradually train our CNN using the different samples and met-
rics discussed in Sect. 3. Our goal is to provide a more diverse
and complex dataset at each training step, and thus we discuss
the limitations behind this kind of method and provide potential
ideas for future efforts.

4.1. Edge-on galaxies at redshift zero

For our initial training, we used the dataset from Group I. As
mentioned in Section 3.4, this initial dataset covered 1764 (1050
originals) models of galaxies in an edge-on projection at z = 0.
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Fig. 3. Surface brightness maps of halo 12 from the Auriga simulation (AU12) illustrating the evolution of stellar streams under different disc
plane rotations and snapshot times. The first row shows how the shape of the stream changes due to different viewing angles, while the second row
highlights the temporal evolution of the streams. The maps have a surface brightness limit of uj, = 32 mag arcsec™2 and a box of 300 kpc by side.

Table 1. SAD-CNN threshold levels.

SAD-CNN: Version-1

Precision Recall

Threshold Label Fl-score Support

NotDet  0.86 0.86  0.86 50
0.5 Det 0.87 0.87 0.87 55
average  0.87 0.87  0.87 105
Accuracy 0.87 105
NotDet  0.76 1.00  0.86 50
0.75 Det 1.00 0.71  0.83 55
Average  0.88 0.85 0.85 105
Accuracy 0.85 105
Not Det  0.69 .00  0.82 50
0.85 Det 1.00 0.60 0.75 55
Average 0.85 0.80 0.78 105
Accuracy 0.79 105

Notes. Summary of the values at different threshold values obtained.
The metrics are defined in the Section 3.2. The accuracy of the different
threshold levels is put at the bottom of each case. The support represents
the quantity of images used to evaluate this metric. The statistic corre-
sponds to the test set of data Group I, with 105 different images edge-on
projection at z = 0.

For the training, validation, and test sets we randomly assign
80%, 10%, and 10% of the images, respectively. As previously
discussed, the output of the CNN for each image is a value rang-
ing from O to 1, which can be treated as the probability of the
given images containing a LSBF. Values close to one indicate a
high probability that a faint feature is present in the image, while
values close to zero suggest a low probability.

The statistical summary of our first training step is pre-
sented in Table 1. In the initial phase, we consider outputs of
the CNN above a threshold value of 0.5 as LSBF detections.
With this threshold, our CNN achieved a precision of 0.86 in

correctly identifying images without LSBF and 0.87 in detecting
images with LSBF. Averaging, we obtained an overall precision,
recall and Fl-score of 0.87, indicating a well balanced perfor-
mance assessment of our model. Following the initial training,
we explored different threshold values to adjust the compromise
between completeness and accuracy in stream detection. For
example, a higher threshold value would produce a purer sample
of true positives. However, this would result in a larger misiden-
tification of images with streams as negative detections. To test
this, we considered thresholds of 0.75 and 0.85. The results are
also shown in Table 1. As expected, with these higher thresholds
we recovered a purer true positive sample, but we misidentified a
larger fraction of images with LSBFs as negative detection. This
can be seen in the lower values of the Recall and F1-scores.

Figure 4 presents the confusion matrix obtained in this phase.
The confusion matrix is a tabular representation that summarises
the performance of a classification model, detailing metrics such
as true positive rate (TP, equivalent to recall of detections), false
positive rate (FP), true negative rate (TN, equivalent to recall
of not detections), and false negative rate (FN). The left panel
shows the matrix obtained with a 0.5 threshold value, where we
obtain a reasonably high rate of TP and TN cases, both above
86%. The middle and right panels show the matrices obtained
for threshold values of 0.75 and 0.85, respectively. As the thresh-
old increased, the rates of FP and TP cases fell, while the rates
of TN and FN cases increased. Note how the TP detection falls
from 0.87 to 0.6 with the higher considered threshold. This
exercise clearly shows that, while higher thresholds allow us to
obtain a much cleaner sample of images with stellar streams
(very low values of FP), this choice also results in a significant
misclassification of images with streams as non-detections.

We explored in detail the distribution of classification model
outputs and how they correlate with our visual classification.
This is shown in Figure 5, where red and blue histograms show
the output value distribution of TN and TP cases, respectively.
Different panels correspond to the different thresholds consid-
ered. The histograms in this figure show a biased distribution
of true cases towards O and 1, indicating that for a significant
number of cases the CNN output aligns well with our visual
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Fig. 4. Confusion matrices for the test set of galaxies at redshift zero,
evaluated with threshold values of 0.5 (left), 0.75 (middle), and 0.85
(right). Each matrix corresponds to a subset of 105 test images. The
top-left cell represents the true negative rate, the top-right cell
the false positive rate, the bottom-left cell the false negative rate, and
the bottom-right cell the true positive rate alongside the absolute counts
(in parentheses). Further details on the performance metrics are pro-
vided in Table 1.
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Fig. 5. Distribution of the prediction of SAD-CNN in the galaxies with
edge-on projection at z=0 for different threshold values introduced by
Figure 4. The threshold level is indicated with the dashed line. The
red distribution shows the true negative cases. The purple distribution
shows the false negative cases. The blue distribution shows the true pos-
itive cases. The cyan distribution shows the false positive cases by the
SAD-CNN.

classification. The FP and FN cases are shown in cyan and pur-
ple, respectively. Notably, false detections occur throughout the
CNN output range, but are more frequent near the 0.5 thresh-
old. Increasing the threshold significantly reduces the number
of false positive detections (cyan histograms), in this particular
case to 0, but increases false negative cases (purple histograms).
Consequently, for very high precision values, several galaxies
with visually identified LSBF are misclassified as non-detection
cases.

We summarise the classification processes in Figure 6, where
we show the normalised cumulative function of images with
detected LSBF as a function of limiting SB magnitude, consider-
ing the threshold values previously introduced. The left, middle,
and right panels correspond to precision thresholds of 0.5, 0.75
and 0.85, respectively. In each panel, the black and green lines
show the identification obtained by SAD-CNN and our visual
inspection, respectively. The blue line represents the cumulative
functions obtained considering only TP (detections in agreement
with our visual inspection). For the canonical threshold of 0.5
(left panel), the detection rate obtained by the CNN (black line),
as a function of wy;,, closely matches the cumulative function
obtained from the visual inspection (green line). This could be
due to a mix of true and false positive detections adding up to a
similar cuamulative function. However, as shown by the blue line,
the cumulative function of true positive cases closely follows the
CNN detection curve, highlighting the excellent performance of
the model. This can also be seen by a very low fraction of false
positive and negative detections at all y;,, shown by the purple
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and cyan lines. In the middle panel, by setting the threshold value
at 0.75, we observe a decrease in the CNN detection rate (black
line). However, it is now perfectly followed by the cumulative
function of true positive cases, indicating a purer classification.
Unfortunately, as previously discussed, this larger threshold is
also associated with a significant increase in false negative cases
(see purple line). Finally, in the right panel, we show the results
obtained with a threshold equal to 0.85. Note that the purity
of the CNN detection does not improve and, at the same time,
the number of false negative cases significantly increases. As a
result of this analysis, from here on, we work with a threshold
of 0.5.

4.2. Edge-on galaxies at different times

As described above in Section 3.4, Group II consists of images
of galaxies with different ages up to a lookback time of ~3 Gyr.
These images capture different stages of late evolution, influ-
enced by ongoing accretion events and merger histories. Figure 3
(bottom panels) shows an example, in which material from dis-
rupted satellites gradually alters the structure of the halo. After
separating 10% of the sample for the test set, we applied TL
to retrain the SAD-CNN using the augmented training set of
Group II consisting of 3664 images. This process aims to
improve the model’s ability to classify halos whose structure and
morphology evolve over time.

The results of this new training process are shown in Fig-
ure 7, where we compare the CNN performance on the Group II
test set, before and after applying the TL procedure. The two top
and two bottom panels correspond to the results obtained with
previously trained model SAD-CNN (V-1 hereafter), and with
the version obtained after TL (V-2 hereafter), respectively. We
note that the V-1 was applied without retraining to a sample of
galaxies at z > 0, since we seek to assess its generalisation capa-
bilities. As shown in the top-left panel of Figure 7, the model V-1
performs poorly when applied to this sample of galaxies. After
applying TL using the Group II training set, the new model V-2
shows a substantial improvement in classification performance,
as seen in the bottom-left panel. In the right panels of Figure 7,
we note that the number of FP is significantly reduced, improv-
ing the purity of the predicted positive sample, while there is
a slight decrease in the TP rate, from 0.91 to 0.89, equivalent
to three misclassified images. This behaviour is expected: the
initial model V-1 tended to classify most faint features as detec-
tions, including cases where no real LSBF were present. This
increased the TP rate, but also produced a high number of FP.
After TL, the V-2 becomes more selective, correctly filtering out
ambiguous cases where bright background features were previ-
ously mistaken as LSBF. Therefore, the small decrease in TP is a
trade-off for a much greater reduction in FP, yielding a more bal-
anced and robust classifier. We note that the F1-score increases
from an average 0.85 in the V-1 to 0.90 in the V-2. Using the
combined test sample from Groups I and II, both versions show
consistent improvements: the average precision increase from
0.86 in V-1 to 0.90 and recall increase from 0.85 in V-1 to 0.90
in V-2.

The left and right panels of Figure 8 show the distribution
of output values obtained from the V-1 and V-2 CNN, respec-
tively. Here we focus on the ‘all z” sample. We note that even
though the distributions are similar, the V-2 has a more skewed
distribution towards the maximum and minimum output values.
This indicates that thanks to further training, CNN is more cer-
tain about its assessment. Table 2 summarises the results of this
second training process.
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Fig. 6. Cumulative detection rate of LSBFs for all galaxies at z = 0. The black line represents the cumulative detection rate by SAD-CNN, while
the green line corresponds to cumulative detection rate from visual inspection. The blue dashed line shows the cumulative fraction of only the true
positive cases. The purple dashed line is the cumulative fraction rate produced with false negative cases, while the cyan dashed line corresponds to

false positive detections. An over-detection trend is noticeable at SB limits fainter than ~29 mag arcsec
threshold levels but is slightly shifted depending on the chosen threshold.
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Fig. 7. Confusion matrices for SAD-CNN V-1 and V-2. The matrices on
the left represent performance on the test sample at z > 0, while those
on the right combine results from test samples. True negative (TN), false
positive (FP), false negative (FN), and true positive (TP) rates are shown
alongside the absolute counts (in parentheses). SAD-CNN V-2 demon-
strates improved performance, particularly in reducing false positives
(FP), as seen in the balanced predictions for both test scenarios.

4.3. Most common false cases

We now explore the properties of the images that have been
wrongly classified. Our goal is to compare the results obtained
from the two versions of the SAD-CNN to improve the model.
Figure 9 shows the distribution of false cases in the surface
brightness versus the snapshot time space. The left panel shows

-2, which remains consistent across different

SAD-CNN: V-1 SAD-CNN: V-2

I True Positive
60 B True Negative
[ False Positive

I Ffalse Negative

0.0 0.5
output value

1.0 0.0 0.5 1.0
output value

Fig. 8. Distribution of the prediction values of the first and second
versions of the SAD-CNNs, shown in each panel, respectively. The
threshold value used in these distributions is 0.5 and is indicated by the
dashed line. Each panel includes values from the test sets of Groups I
and II. The red distribution shows all true negative cases for each SAD-
CNN version. The purple distribution shows the false negative cases.
The blue distribution shows all detection by the SAD-CNN or the true
positive. False positives are present by the cyan distribution.

that false cases in the SAD-CNN V-1 tend to be distributed
about earlier snapshot lookback time (>1.5 Gyr), and mainly
between 27 > u™ > 31 mag arcsec™>. In other words, even
though the V-1 provides a reasonably good performance with
the previously unseen dataset, most false cases are distributed at
higher snapshot times. The right panel shows the distribution of
false cases obtained with the V-2. We can clearly see that, after
training CNN with images at higher snapshot times, the perfor-
mance improves significantly. This only highlights the fact that
the training set used in the V-1 was not sufficiently diverse.

In Figure 10, we show examples of these misclassified galax-
ies, in particular we show the examples of FP cases. Each image
has a length of 300 kpc by side. The edge-on halos have discs
of different sizes. The projected appearance of the discs varies
due to intrinsic properties, with some showing more extended or
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Table 2. Comparison of SAD-CNN V-1 and V-2.

SAD-CNN: Version-1

Precision Recall

Redshift Label Fl-score Support

NotDet  0.89 0.75 0.81 93
z>0 Det 0.82 092 0.87 117
Average  0.86 0.84 0.84 210
Accuracy 0.85 210
Not Det  0.88 0.79 0.83 143
All z Det 0.84 0.91 0.87 172
Average  0.86 0.85 0.85 315
Accuracy 0.85 315
SAD-CNN: Version-2
Redshift Label Precision Recall Fl-score Support
Not Det  0.90 0.90  0.90 93
z>0 Det 0.92 092 092 117
Average  0.91 0.91 0.91 210
Accuracy 0.91 210
Not Det  0.87 092  0.89 143
All z Det 0.93 0.89 091 172
average  0.90 0.90 0.90 315
Accuracy 0.90 315

Notes. Summary of the metrics values of the two version of our CNN
model for different groups of galaxies. Group I and Group II finally
combined both test samples in all redshift. All statistics are obtained
with a threshold of 0.5 value. The metrics are defined in the Section 3.2.
The two sample values correspond to the test set of the corresponding
dataset.

SAD-CNN: V-1 SAD-CNN: V-2
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Fig. 9. Density distribution of all false cases (FP+FN). We present the
density distribution for CNN V-1 and V-2 in the panels, respectively.
The false cases are analysed as a function of surface brightness and
snapshot lookback time. This arrangement allows for a detailed exami-
nation of the interplay between these parameters in the context of false
cases. The total number of false cases (F'C,,,) is 32 and 18, respectively.
This is normalised with the number of false cases and the number of the
test sample (210 images).

asymmetric radial profiles (Grand et al. 2017). Most examples
also exhibit bound satellite companions with signs of early tidal
disruption. These complex morphologies challenge the classifier.
In image B, multiple satellites interact with the host, producing
a diffuse and irregular light distribution. While the larger num-
ber of images and TL in model V-2 help mitigate these effects,
the difficulty increases further when varying disc inclinations, as
discussed in the next section.
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Fig. 10. Examples of FP cases in SAD-CNN. The first row illustrates
various luminous structures such as satellite accretion or merging satel-
lites that are misclassified as LSBFs taken from different Auriga halos
at different snapshot lookback times. The second row displays FPs for
halos at a 45° inclination. These models present prominent disc features,
such as spiral arms, which were mistakenly classified as stellar streams.
All models present the g}, in mag arcsec™? of different Auriga Halos.
The box has a side of 300 kpc.

4.4. Galaxies with inclinations

The edge-on projection of disc galaxies represents the best
configuration for detecting the stellar streams using surface
brightness maps. However, galaxies in the Universe are ran-
domly oriented. As shown in the previous section, structure
arising from the stellar disc can be misidentified as debris from
disrupting satellites. A similar situation takes place when promi-
nent spiral arms arise in the images due to the disc inclination.
To explore whether such inclined configurations significantly
reduce the accuracy of our CNN, which was exclusively trained
with models in edge-on configurations, we consider the images
generated for Group III, described in Section 3.4. In this con-
figuration, the mock images predominantly feature well-defined
spiral structures, making them distinct from the earlier training
sets.

In this new step, we incorporate 5264 new images using
inclinations and rotations, applied to the initial sample with 1050
images at z = 0. As mentioned previously, the authors made a
visual inspection to identify faint features. The results are sum-
marised in the confusion matrix, shown in Figure 11. Here, the
top panels show the result obtained from the V-2, whereas the
second row shows the results after applying TL. We refer to this
new model as SAD-CNN: V-3 (V-3 hereafter). The first three
columns show the results obtained for images of where galactic
discs are inclined by 15, 30, and 45 degrees, respectively. The
last one shows the results for the complete sample. As expected,
the top panel clearly shows that the precision values of our V-2
model rapidly declines as we increase the inclination of the sam-
ple. The increase in FP cases is significant, jumping from 24%
in the i = 15 degrees sample to 70% in the i = 45 degrees sam-
ple. The overall results are shown in the upper right panel. Even
though the recall remains at an average of 0.74 for all cases, the
set of images with detected LSBF by the CNN V-2 would be
strongly contaminated by FP cases. The results of the obtained
metrics are reported in Table 3.

The results obtained after applying the TL, presented in the
bottom panels of Figure 11, show a significant improvement.
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Fig. 11. Confusion matrices showing the results before and after the TL process of predictions of stellar streams in galaxies at different inclinations.
The first and second rows correspond to the SAD-CNN results before and after TL, respectively. Each column represents a different inclination
angle from Group III, with the last column presenting the results for the combined sample. The rows inside the matrix represent the true labels
of the galaxies, meanwhile, the columns represent the predicted labels of the model. The matrix to the right in both cases presents the complete

sample with all inclinations.

Table 3. Comparison SAD-CNN: V-2 & V-3.

SAD-CNN: Version-2

SAD-CNN: Version-3

Inclination Metric Precision Recall Fl-score Precision Recall Fl-score Support

Not Det 0.84 0.76 0.80 0.81 0.81 0.81 42

15° Det 0.86 0.91 0.89 0.88 0.88 0.88 68
Average 0.85 0.84 0.84 0.85 0.85 0.85 110

Accuracy 0.85 0.85 110

Not Det 0.73 0.58 0.65 0.72 0.89 0.80 38

30° Det 0.77 0.87 0.82 0.92 0.79 0.85 62
Average 0.75 0.72 0.73 0.82 0.84 0.83 100
Accuracy 0.76 0.83 100

Not Det 1.00 0.30 0.46 0.84 0.74 0.78 42

45° Det 0.66 1.00 0.80 0.84 0.90 0.87 63
Average 0.83 0.65 0.63 0.84 0.82 0.83 105

Accuracy 0.70 0.84 105
Not Det 0.83 0.54 0.65 0.79 0.82 0.80 122

All Det 0.76 0.93 0.83 0.88 0.86 0.87 193
Average 0.79 0.73 0.74 0.84 0.84 0.84 315

Accuracy 0.77 0.84 315

Notes. Comparison of SAD-CNN metrics for Version-2 and Version-3 at different inclinations (15°, 30°, 45°) and overall (All). Metrics include
Precision, Recall, Fl-score, and Accuracy for each configuration. The metrics obtained for the test set (315 images) of Group III with a total of
5234 images at different inclinations. The values were obtained with a threshold value of 0.5.

Indeed, while we kept a high true positive detection rate, the frac-
tion of false positives falls significantly at all inclinations. For
example, at inclinations of 45 degrees, the FP rate shifts from
0.7 to 0.26 in V-3. The overall results, shown on the bottom-
right panel, indicate TN and TP rate values of 0.82% and 0.86%,
respectively. With respect to the previous average recall values
of 0.73 obtained with V-2 of CNN, the new average increase is
at a value of 0.84.

4.5. Most common false cases

As previously done, we now explore the main characteristics of
images associated with false cases. In Figure 12 we present the
distribution of false cases at different surface brightness values
as a function of the CNN output value. The results from the V-2
and V-3 models are shown in the first and second rows, respec-
tively. The three columns indicate the distributions obtained at
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Fig. 12. Density distribution of all false cases in the prediction of
SAD-CNN. The panels present the distribution of the output value and
the surface brightness limit in the r-band for the different inclinations.
The red lines separate the non-detection zone (threshold < 0.5) and the
detection zone (threshold > 0.5). All panels have been normalised by
the total number of images in the test set.

inclination angles of 15°, 30°, and 45°, respectively. The red
dashed line shows the threshold value used to select positive and
negative detections. As a result, the left half of these panels are
associated with FN cases, whereas the right side with FP cases.
All panels have been normalised by the total number of images
in the test set. At low inclinations (15 degrees) a comparison
between the V-2 and V-3 reveals no significant differences. The
false cases are nearly uniformly distributed in SB limiting mag-
nitude. However, as we increase the inclination the differences
become significant. We can clearly see that the CNN V-2 model
(top panels) starts to produce false positive detections with high
output model values. This is particularly true for 27 < g™ <
31 mag arcsec™2. In other words, the model assigns high con-
fidence scores to images that do not actually have LSBF. In
Figure 10 we show examples of images that resulted in high
confidence values as false positive detections by the CNN V-2
model. Notice that, as expected, all images present noticeable
spiral arm patterns that are interpreted by the CNN as stellar
streams. This limitation is reduced after applying TL, and as the
models are further trained with inclined images. The bottom pan-
els of Fig. 12 reveal that this overdensity of false positive cases,
especially notorious at inclinations of 45 degrees in the V-2, is
not present any longer. While the TL process applied to produce
the V-3 model successfully reduced the number of false posi-
tives, especially at higher inclinations, a slight increase in FN
was also observed across the test set. This trade-off illustrates
a change in the model’s detection behaviour. As the selectivity
increased, the model became more effective at rejecting spu-
rious features, such as spiral arms or projection artefacts that
were previously confused with LSBF, but at the cost of over-
looking some genuine faint features. This result is interpreted
as a gain in detection purity, although it comes with a mod-
est loss in completeness. Therefore, it should be noted that the
choice of model version should be based on the specific scientific
objective, depending on whether the emphasis is on minimising
false positives or maximising the detection rate of real LSBF
structures.

5. SAD-CNN application

In order to test the accuracy of the final model, i.e. SAD-CNN V-
3, we created three new datasets comprising images that had not
been analysed during the previous training process at any stage.
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Fig. 13. Confusion matrices of the results of the different versions of the
SAD-CNN. The tree panels present each version. The rows inside the
matrix represent the true labels of the galaxies. Meanwhile, the columns
represent the predicted labels of the model.

In particular, for the first two tests, we considered input data
images of the Auriga models at snapshots that had not previously
been used in Group II (see Sect. 3.4). The redshifts for these tests
are z = [0.06,0.09,0.11,0.14,0.17,0.2,0.23,0.26, 0.29, 0.33].
The first set consists of images with the galactic disc oriented
edge-on. For each galaxy, we generated images at three randomly
z from the previously list. Galaxies were twice randomly rotated
about their symmetry axis. This set comprises 1260 images that
have never been used in the learning process. As a second and
more stringent test, we generated a set of galaxy images with
randomly inclined galactic discs. The inclination angle, i, was
randomly selected from a uniform distribution between 0 < i <
45 degrees. No perfectly edge-on galaxy was considered. As a
result, we produce a new test set comprising a total of 1316 mock
images, randomly oriented and at different times. This exercise
allows us to quantify the performance of our different CNN mod-
els in a more realistic scenario. Finally, we performed a third
test in which 200 random images of Milky Way-like galaxies
from Ilustris TNG50 simulation were considered. As described
below, the orientation of each image was extracted as given in
the cosmological box. This is the more challenging test for our
SAD-CNN V-3 model as it considers galaxy models never seen
neither during training nor validation.

5.1. Application in edge-on halos

This test focuses on images where galactic discs are oriented
edge-on. We evaluated the three versions of SAD-CNN and com-
pared their performance. The results of this test are summarised
in Figure 13, where we show the resulting confusion matrices.
The left, middle, and right panels show the performance of three
versions of the SAD-CNN: V-1, V-2, and V-3, respectively. As
expected for this image test set, all versions of the SAD-CNN
exhibit a consistently high accuracy. The results were similar for
all three versions of the model. They excel in identifying LSBFs
in our mock images, with a true positive rate of ~90%. On the
other hand, the false positive cases reach a 16% of the images
that were classified as non-detection by our visual classification.
As previously discussed, typically these cases are associated
with structures arising from the stellar disc or elongated satellites
that can be observed in the mock images. The statistics of the
three models provide an average precision, recall, and F1-score
of ~0.88.

5.2. Application on inclined disc

In our second test, we classified a set of images in which the
galactic discs are randomly inclined. As before, we generated
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Fig. 14. Top panels: confusion matrices comparing the performance of
SAD-CNN version 1 (left) and version 3 (right) on an independent test
set of inclined galaxy halos, not used during training. The normalised
fractions rates are shown together with the total number of predictions
in each quadrant (in parenthesis). The rows inside the matrix represent
the true labels of the galaxies, meanwhile, the columns represent the
predicted labels of the model. Bottom panels: false classification den-
sity maps (F'P + FN) as a function of CNN output value and surface
brightness (u};,). Each panel is normalised by the total number of false
cases in V-1. The red dashed line marks the decision threshold at 0.5.
The total number of false cases (F'C,,,) is indicated in red in each panel.
In V-1 was FC,,, = 465 used to normalise the distributions, and the V-3
present F'C,,, = 218. This version shows a clear reduction in the number
of false positives, especially in the surface brightness range uj,, ~ 28—
30 mag arcsec2, showing an improvement in performance compared to
its predecessor.

the images considering random snapshots of the simulation that
were not used during the training phase.

The top panels of Figure 14 show the confusion matrices
obtained from this exercise. For clarity, here we only compare
the results of the CNN V-1 and V-3 models. As expected, V-1
of the model can very efficiently identify images with LSBFs,
with a true positive rate of 96% (top-left panel). However, it fails
at classifying images with non-detections. Indeed, we obtained a
false positive rate of 71%. This is mainly due to the inability of
the V-1 of the model to deal with stellar disc substructures such
as strong spiral arms. The bottom-left panel shows the density
distribution of false cases as a function of SB limiting magni-
tude and the CNN output value. As seen in Sect. 4.4, the highest
density peaks of false cases are associated with high CNN output
values and SB magnitudes that go from >26 to 31 mag arcsec™>.
This indicates that this version of the CNN produces false pos-
itive cases with a high certainty. The top-right panel of Fig. 14
shows the confusion matrix obtained after applying the V-3 of
the model to the same test set. One can clearly appreciate a sig-
nificant improvement with respect to V-1. We maintain a very
high true positive rate of 86% and a reduced the false posi-
tive rate of 19%. The bottom-right panels show the distribution
of false cases in the same space as before. We note that false
cases with high CNN output values no longer exhibit a strong
concentration. Instead, they now show a more uniform distri-
bution across the output range. The improvement can also be

Table 4. SAD-CNN application on inclined disc.

SAD Precision Recall Fl-score Support
Not Det 0.88 0.29 0.44 624
V-1 Det 0.60 0.96 0.74 692
Average 0.74 0.63 0.59 1316
Accuracy 0.65 1316
Not Det 0.88 0.58 0.70 624
V-2 Det 0.71 0.93 0.80 692
Average 0.79 0.75 0.75 1316
Accuracy 0.76 1316
Not Det 0.84 0.81 0.82 624
V-3 Det 0.83 0.86 0.84 692
Average 0.83 0.83 0.83 1316
Accuracy 0.83 1316

Notes. Summary of the values in the metrics obtained for the dataset
with a total of 1316 random models at a random inclination, rotation, and
snapshot time. The values obtained for each version of the convolutional
neural network respectively.

seen in the values of the different metrics, listed in Table 4. We
emphasise how the average precision, recall, and Fl-score go
from 0.4, 0.65, and 0.59 in V-1 to values of 0.8, 0.83, and 0.82
in V-3.

The results of this experiment not only demonstrate the accu-
racy of our CNN but also highlight how important it is to
consider training datasets as diverse as possible. These datasets
should incorporate not only images with different faint substruc-
ture morphologies but also other LSBFs associated with the host
galaxy that could be confused by a CNN as debris from disrupted
satellites.

5.3. Application to TNG50

To evaluate the ability of SAD-CNN to generalise beyond the
Auriga sample, we conducted an additional experiment using
200 Milky Way-like galaxies extracted from the IllustrisTNGS50.
TNGS50 is a magnetohydrodynamical cosmological simulation
that follows the formation and evolution of galaxies within a
periodic box of 51.7 cMpc on a side, using the AREPO code
with a moving-mesh hydrodynamics solver (see Nelson et al.
2019; Pillepich et al. 2019, for further details). TNG50 has a
similar spatial and mass resolution to Auriga, with a baryonic
mass resolution of 8.5 x 10* M, and gravitational softening
lengths reaching 288 pc (physical) at z = 0. Unlike Auriga, which
focuses on zoom-in simulations of relatively isolated Milky
Way-mass halos, TNGS50 includes a more statistically represen-
tative galaxy population, with a broader range of environments
and formation histories. Also, the Auriga isolation criterion in
this case is not necessarily represented. The galaxies used in
this test were selected to be Milky Way analogues in stellar
mass (2—-10 x 10'% M), providing a similar but independent test
set to the Auriga sample. They provide a more diverse sample
in terms of LSBF morphology and satellite orbital configura-
tions. Crucially, these simulated galaxy sample was never seen
by our SAD-CNN model, as they were not previously used either
in training or validation. Their inclusion helps verify that the
model trained on Auriga can generalise to diverse conditions and
different assembly pathways.
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Fig. 15. Top panel: confusion matrix showing the performance of SAD-
CNN V-3 on a random sample of 200 halos from the Illustris TNG50
simulation. Each halo image has a randomly assigned surface brightness
distribution and orientation. The numbers in parenthesis indicate the
absolute count of each classification result. Lower panel: density map
of false cases (FP+FN) as a function of the V-3 output value and the
surface brightness limit (u};, ). The red dashed line marks the decision
threshold at 0.5. The total number of false cases is noted in red (FC,,, =
23). The density is normalised to the total number of false cases.

For each galaxy, we generated an image with a randomly
assigned surface brightness limit. In all cases we used the orig-
inal random orientations, directly from the TNG50 box. Images
were visually inspected and classified, finding that 73 images
(36%) showed LSBF. In the remaining 127 images (64%) no
LSBF were detected. The V-3 of our SAD-CNN model was
applied directly to this test set, and the results are summarised in
Figure 15. The top panel shows the resulting confusion matrix.
The performance of our method is very good, and the results
are consistent with those obtained on the final Auriga-based test
sets. The classifier achieves an overall accuracy of approximately
86%, with a true positive rate of 90% and a true negative rate of
84%. the bottom panel on Figure 15 provides more information
on the distribution of the 23 false classifications (FP + FN) in
terms of the V-3 output and the limiting surface brightness. This
is consistent with the fact that faint substructures, such as tidal
features, are more difficult to discriminate from components of
the disc or spiral arms, which can produce false classifications.
Of the false cases, 74% are FP, while 26% are FN.
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These results highlight that the model maintains strong
predictive performance on unobserved data extracted from a
different simulation, despite variations in halo properties and
surface brightness. Furthermore, the modest number of false pre-
dictions in this diverse and challenging dataset further supports
the robustness and applicability of methods such as SAD-CNN
V-3 as a tool for the detection of LSBF.

6. Discussion

The detection of LSBFs, such as stellar streams, shells, and
plumes, in galaxy halos has attracted significant attention. These
structures, which are remnants of the accretion of satellite
galaxies, offer a unique window into a galaxy’s merger his-
tory and the processes shaping its stellar halo. Historically,
such structures were detected by visual inspection of carefully
reduced images in different photometric bands. Works such as
Martinez-Delgado et al. (2010); Mouhcine et al. (2010); Atkinson
et al. (2013); Monachesi et al. (2014); Morales et al. (2018);
Mancillas et al. (2019); Martin et al. (2022); Martinez-Delgado
et al. (2023); Mir6é-Carretero et al. (2023) provided the first
relatively large datasets of deep observations of stellar halos
where stellar streams could be detected through visual inspec-
tion. Several numerical analyses followed (Bullock & Johnston
2005; Shipp et al. 2018; Martin et al. 2022; Vera-Casanova et al.
2022; Miro-Carretero et al. 2025), placing constraints and pro-
viding predictions with respect to the information that could
be extracted from the brightest detectable features. With the
advent of deeper and larger observational surveys as well as
more sophisticated numerical simulations, those working in this
field have increasingly turned to automated methods to anal-
yse the growing datasets. Among these methods, CNNs have
emerged as powerful tools for image analysis and pattern recog-
nition, particularly in astronomy. The stream automatic detection
with convolutional neural networks (SAD-CNN) framework pre-
sented here contributes to this growing body of work by offering
a method specifically optimised for detecting LSBFs. While
SAD-CNN achieves a high accuracy in identifying LSBFs in
simulated data, it is important to contextualise its performance
within the broader landscape of similar approaches and the
challenges inherent to such tasks.

A significant strength of SAD-CNN lies in its carefully
designed training methodology. The model was progressively
trained, starting with simplified scenarios (e.g. edge-on galaxies
at z = 0) and later incorporating more complex configurations,
such as varying galaxy inclinations and redshifts. This itera-
tive approach, coupled with TL, allowed the model to adapt
to increasingly challenging datasets and achieve precision and
recall metrics above 84% in most scenarios. Additionally, the
use of a well-balanced training dataset was critical for mitigating
biases, ensuring that the CNN accurately distinguished between
galaxies with and without LSBFs, at the surface brightness
boundaries that have the strongest detection rates.

Our results not only show that the SAD-CNN approach is a
viable way to efficiently and accurately detect LSBFs on large
surveys, but they also clearly highlight that the diversity and
quality of the training dataset remain critical. Misclassification,
such as the false cases where spiral arms were identified as
streams, highlights the importance of refining feature recogni-
tion in this type of model. Insufficient representation of complex
morphologies or configurations can limit the power of the model.
Extending the dataset to include interacting galaxies, noise
effects, and other real-world complexities through additional
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TL steps would address some of these limitations and further
improve the robustness of the model. However, we tested our
SAD-CNN on a randomly sampled dataset with Milky Way-like
mass galaxies. We chose 200 halos with a completely ran-
dom orientation from the Illustris TNG50 simulation (Pillepich
et al. 2019). From there, a random brightness limit was selected
between 27 and 32 mag arcsec™? to evaluate the performance.
We tested the ability of the model to detect LSBFs in simulated
images with considerable confidence in order to determine that
this tool can be used for research. In this case, the accuracy is still
above 84% , which is a strong indicator that the neural network
is correctly focused on the recognition of faint features.

When upcoming large-scale surveys, such as those con-
ducted by the Vera C. Rubin Observatory and EUCLID (Ivezic¢
et al. 2019; Euclid Collaboration: Aussel et al. 2025), begin to
deliver unprecedented volumes of deep imaging data, the role
of automated tools such as SAD-CNN will become increasingly
critical. These tools not only accelerate the detection process but
also enable statistical analyses of LSBFs across diverse galaxy
populations. However, ensuring the reliability of these methods
when applied to observational data will require careful cali-
bration and validation, particularly to account for observational
artefacts, noise, and varying spatial resolutions. In addition, a
diverse and large training dataset will be required to further opti-
mise the efficiency and accuracy of such models. As a next step,
we plan to apply SAD-CNN to a much larger extracted simu-
lated observational dataset and additionally include a variation
in the resolution of the simulated image with different pixel sizes
depending on the targeted redshift.

The combination of CNN with complementary techniques,
such as Bayesian inference or clustering algorithms, could pro-
vide a more comprehensive framework for studying LSBFs or
other features (Euclid Collaboration: Busillo et al. 2025). This
integration would enable more robust estimates of such physical
parameters as faint features, age, mass, and orbital history, which
are critical for constraining galaxy formation models.

Although the results presented here demonstrate the robust-
ness of the SAD-CNN model in detecting faint features under a
wide range of simulated conditions, future work should include
tests with real observational data. These data will pose new
challenges, such as the presence of foreground and background
contamination, noise, incomplete sky coverage, and the effects
of dust extinction. These factors can significantly alter the visual
appearance of LSBFs and may affect the performance of the net-
work. However, the flexibility of our approach and the modular
structure of SAD-CNN provide a solid foundation for adapting
and retraining the model to manage such observational com-
plexities. In summary, SAD-CNN represents an important step
forward in automating the detection of LSBFs in galaxy halos.
While its performance is promising, its effectiveness should
be evaluated alongside other methods to fully appreciate its
contributions and limitations. Future work should focus on diver-
sifying training datasets, incorporating additional simulation and
observational data, and exploring hybrid approaches to address
the challenges of feature misclassification.
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Appendix A: Learning curves

The learning curves presented in the appendix illustrate the training progress of the SAD-CNN model by tracking key performance
metrics over multiple epochs. These curves typically show how the loss function and accuracy (or other evaluation metrics) evolve
for both the training and validation datasets.

By analysing these curves, we assess whether early stopping is needed to prevent overfitting, if additional training epochs could
improve performance, or if adjustments in hyperparameters (e.g. learning rate) are necessary.
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Fig. A.1. Learning curves for the different versions of the SAD-CNN training process, panels correspond V-1, V-2, and V-3 respectively. The plot
illustrates the model’s performance during training and validation for each network version. The x-axis represents the number of epochs, while the

y-axis indicates the loss function values. The curves demonstrate how the model’s error decreases over time for both the training (red lines) and
validation (blue lines) sets.
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