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1 ABSTRACT

Low-surface-brightness galaxies (or LSBGs) present a significant challenge for detection due to
their low central surface brightness. Nevertheless, discovering the most effective methods to
detect them is crucial for our advancement in understanding our Universe’s composition and
dynamics.

This project presents a thorough comparison between LSBGnet, a neural network that spe-
cializes in the automatic LSBG detection and MTO, a Max-Tree-based approach for detecting
astronomical sources, the latter one being able to detect all astronomical objects, not just low-
surface-brightness galaxies. The performance of both algorithms is evaluated based on their
detection rates across key galaxy parameters, including central surface brightness, effective ra-
dius, ellipticity, halo-to-disk ratio, and background density.

We find that LSBGnet has an overall detection completeness of 97%, compared to 82% for MTO
- with the highest gap at jp = 26 mag arcsec™? - the faintest end at which we tested, while MTO
recovers the injected galaxies more faithfully. We also observe that both detection pipelines have
zero False Positives when feeding them pure-noise images.

2 INTRODUCTION AND MOTIVATION

Low-surface-brightness galaxies (LSBGs) are galaxies whose central surface brightness is fainter
than the one of a "normal” galaxy, often by several magnitudes, making them among the most
diffuse galaxies known. LSBGs present a significant observational challenge due to their diffuse
luminosity. However, they are estimated to constitute between 30% and 60% of the local galaxy
number density and contribute up to 20% of the total dynamical mass [18]. Moreover, they
are believed to be one of the main sources of baryons in the Universe - the ”ordinary” matter,
made of protons and neutrons |12] - and play an important role in the process of understanding
Dark Matter, according to [18]. Therefore, identifying the most effective detection method for
LSBGs is crucial to advance our understanding of the composition and dynamics of the Universe.



Before assessing any detection algorithms, we must first establish a precise definition of a LSBG.
The main criterion is having a central surface brightness notably fainter than the Freeman value
of g = 21.65 + 0.30 B-mag arcsec 2 [3]. Freeman showed that even though galaxies may differ
in total brightness, the central brightness of their disk regions is nearly the same - around the
Freeman value [§]. In simpler terms, this means that most galaxies have a “standard” level of
brightness at their centers and any galaxy with a significantly fainter center can be considered
a low-surface-brightness galaxy. The faintness is a consequence of their low star formation rate,
which arises from a gas surface density below the critical threshold required for sustained star
formation [3]. Another important characteristic of low-surface-brightness galaxies is their ellip-
ticity, a study across different LSBG catalogs showed that their ellipticities span a broad range,
from nearly circular (¢ ~ 0) to very elongated (¢ ~ 0.8)[13|. Their effective radius, which is
defined as the radius encompassing half of the galaxy’s total light has been shown in |10] to have
values between 2 and 14 arcsecs, the majority spanning between 3 and 9 arcsecs. Furthermore,
studies had demonstrated that LSBGs are best described by an exponential disk, coupled with
a faint and extended halo [2]. Photometric decompositions in recent studies show that the disks
are accurately described by Sérsic profiles with n between 0.5 and 1.5, the majority having
n < 1 [17]. The Sérsic profile is a method to parametrize the surface-brightness distribution in
galaxies, where n controls the concentration of the light [1].
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Figure 1: Sérsic profiles for various n. [4]

This thesis aims to provide a comprehensive comparison of two methods for detecting low-
surface-brightness galaxies: Low Surface Brightness Galaxy net (LSBGnet), a neural network
specifically designed for LSBG detection [18], and Max-Tree Objects (MTO), a Max-Tree-based
approach capable of identifying all faint astronomical objects [19]. The analysis will evaluate
these methods in terms of detection efficiency, false positive rates, and recovery fractions. The
outcome of this study is expected to improve future detection strategies for LSBGs, subsequently
refining our understanding of galaxy formation and evolution.
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Figure 2: Examples of LSBGs |\

Most LSBGs exhibit blue optical colors - an indicative of scattered star formation - while a
smaller red subset shows more uniform star formation .

3 STATE OF THE ART

3.1 LSBGNET

One of the two technologies that will be compared using several quality criteria is LSBGnet.
LSBGnet is a recently published (2024) neural network specialized in the automatic detection
of low-surface-brightness galaxies [18]. Its framework consists of four main steps: image data
augmentation, building an LSBG detection network, defining a loss function, and optimizing
network parameters and model performance . The data augmentation used consists of scal-
ing, flipping, color gamut transformation (the process of changing colors from one gamut to
another, while maintaining accuracy), and mosaic data augmentation, which stitches four im-
ages together, in order to make the location of LSBGs more random [18]. The resulting image
after this process is then overlapped with a gray background image .
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Figure 3: Comparison between original image (a) and image after data augmentation (b). The object in
the box is the LSBGs [18].

The detection network is structured in four modules, as it can be observed in Figure 3. [1§].
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Figure 4: The network structure of LSBGnet [18].

The Input module is an RGB (red, green, and blue) image, that is enhanced through the
data augmentation process [18]. The Feature extraction module (Backbone) is an improved
version of CSPDarknet [18], the backbone of YOLO-v4 (the fourth version in the You Only
Look Once family of models) [5].
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Figure 5: The structure of CSPDarknet [5].

Cross-Stage-Partial-Network, or CSPDarknet, can enhance the learning capacities of con-
volutional neural networks (CNNs), increasing their efficiency in image detection [21]. After
passing through the Feature Extraction module, it outputs three feature layers, of sizes 128 x
128, 64 x 64 and 32 x 32 [1§].

The Feature fusion module (Neck) is used for fusing information from the Backbone, before
sending it further [18]. This is done using PANet (Path Aggregation Network), [1§], an enhancer
for the representation capabilities of the backbone, by fusing the bottom-up and top-down paths,
therefore managing to avoid rigid matching of target size and network depth [6].

The Output module (Head) interprets the network’s predictions and generates detection out-
puts at three distinct scales: (128,128,18), (64,64,18), and (32,32,18) [18]. These scales refer to
the partitioning of the original 1024 x 1024 input image into grids of sizes 128 x 128, 64 x 64, and
32 x 32 cells, respectively. Each cell in these grids corresponds to a specific region of the input
image and it captures objects of different sizes: small, medium, and large |1§|. In each grid cell,
there are three anchor boxes [18]. Each anchor box encodes six attributes: class, confidence,
center coordinates, width, and height of the box [18] - thus, there will be 18 dimensions for
each grid (3 anchor boxes x 6 attributes). The Head maps these outputs back to the original
image to generate detection results [18]. The loss function of LSBGnet consists of confidence,
classification, and localization losses [18]. BCELoss (Binary Cross-Entropy Loss):

N
1
BCE = - N;[y log(ps) + (1) log(1—ps)],
where:
N = number of observations,

y; € {0,1} is the actual binary label for observation i,
pi € (0,1) is the predicted probability that y; = 1.
is used for confidence and classification, while GIoU (Generalized intersection over union):

GIoU(A, B) = ToU(A, B) — |C\(‘AC|UB)|7

where:
C = ConvexHull(A U B)



(often the smallest enclosing box) improves bounding box quality [18]. The network was trained
using the Adam optimizer to detect LSBGs [14]. The model outputs class, confidence, and
bounding box coordinates [18]. A confidence threshold was set based on the distribution of
LSBG candidates, and non-maximum suppression was applied to finalize detections [18§].

3.2 MTO

The LSBGnet model will be compared to MT-Objects (MTO), which outperformed other meth-
ods (SExtractor, ProFound, NoiseChisel) in a recent study [11]. MTO is a Max-Tree-based
approach for detecting faint extended astronomical sources without the need for strong image
smoothing [19]. Unlike traditional methods such as SExtractor, which struggle with low-intensity
sources, MTO utilizes a hierarchical Max-Tree representation, where an image is decomposed
into nested connected components at different intensity levels [19]. Object detection is performed
by analyzing statistical distributions within the tree nodes, distinguishing real sources from noise
[19]. Figure [6] showcases the core of MTO, (a) shows the original 2D image, (b) extracts the
peak connected components at a chosen threshold, and (c¢) organize the found components into
a Max-Tree.
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Figure 6: (a) - 2D image with intensities from 0 to 90, (b) - its peak components Pf at intensity h, and
(c) - the Max-Tree nodes CF [19).

In this framework, the tool takes as input an image, assumed to be flat, with a gain of g,
that has three different components: Gaussian background noise, Poisson distributed signal, and
other source noises [20]. The algorithm consists of five steps|20]. The first one is background
estimation: the image is divided into tiles of 64x64 pixels [20]. Each tile is tested for Gaussianity
and flatness [20]. The tiles are iteratively adjusted by doubling or halving [20]. The tiles that
pass the tests are selected to represent the background and the mean value of the tiles is removed
from the image [20]. The background becomes the root of the tree [20]. The second one is
identifying the significant branches by incrementally thresholding the image and higher intensity
level and at each level the maximum connected structures are recognized and then incorporated
as branches in the tree [20]. The third one is labeling the branches so that all that belong
to the same object get the same label [20]. The fourth one is projecting the hierarchical
tree into a plane with the same size as the input image, in order to create a segmentation map
[20]. The fifth one is parameter extraction, which computes structural parameters using the
labeled pixels from the segmentation map [20]. For nested objects, to prevent bias in the surface
brightness that we measure, the parent’s node intensity is subtracted before calculating the
parameters [20]. The output of the MTO is a segmentation map and an object list that includes
the location, magnitude, size, and median surface brightness of the detected objects |20].

A recent advancement of the MTO method is MMTO (multi-band max-tree objects) [7], a
new algorithm which processes multi-spectral images. Unlike MTO, which processes gray-scale
images |19, MMTO incorporates cross-band correlations by structuring multiple Max-Trees



into a semantically-informed graph . Given that LSBGnet also operates on color images [18|,
MMTO is a potential alternative for multi-band low-surface-brightness galaxy detection.

4  SOURCE CODE REPOSITORIES

We obtained the LSBGnet code from its author, and the MTO code from the public GitHub
repository at https://github.com/CarolineHaigh/mtobjects.

5 METHODS

5.1 DATA SELECTION

This section describes the technique used for the selection and retrieval of background fields
from the Sloan Digital Sky Survey (SDSS) in which synthetic LSBGs will be injected. The
procedure ensures sampling across a range of sky densities and produces images that are free of
gross artifacts, missing data or defects - such as blurred corners or visible seams. To guarantee
high quality images, all candidate fields were visually inspected, and the two best cutouts from
each density category were retained.

5.1.1 SDSS FIELD SAMPLING

We randomly selected 400 sky positions uniformly in right ascension 0° < a < 360° and decli-
nation —60° < § < +60° (celestial coordinates) using a random number generator with a fixed
seed to ensure reproducibility. For each candidate position, we queried the SDSS PhotoObj
catalog - that provides data on all detected sources - to retrieve all detections (stars, galaxies,
artifacts) in that region. The density of the area was calculated as p = %, where N,bj
represents the count of objects detected and R represents the radius in which we searched for
the objects.

5.1.2 DENSITY THRESHOLDS

To explore the detection performance of MTO and LSBGnet across different background den-
sities, we sorted the 400 fields by increasing density and defined our ”low” density as below
the 25th percentile, the "medium” density below the 75th percentile and the ”high” density
above the 75th percentile. The computed percentiles were pos = 36160.003 objects/deg? and
prs = 121148.742 objects/deg?.
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Figure 7: Distribution of SDSS Field Densities


https://github.com/CarolineHaigh/mtobjects

We then attempted to select up to 20 candidates per field density. However, not all candidate
fields yielded valid images, as some of them had missing bands. Fields without successful
retrievals in all three bands (g, r, i) were excluded. This filtering step limited the number of
usable steps per bin to fewer than originally requested.

5.1.3 VISUAL SELECTION

From the valid subset, we visually inspected the quality of each field, by generating RGB previews
with the Lupton method. We excluded all fields containing: data gaps, truncation, strong
gradients or visible seams. This step ensured that the backgrounds are free of anomalies that
could bias detection outcomes.

Table 1: Summary of the six selected SDSS background fields used for LSBG injection.

Bin Field ID RA (deg) DEC (deg) Density (objects/deg?)
Low low_00 56.568 5.236 14897
low_03 211.900 50.875 26738
Medium mid-01 227.689 -1.593 50293
mid_06 12.516 -2.260 55131
High high 00 240.208 30.680 211230
high_06 15.670 -0.083 790936

5.2 SYNTHETIC LSBG INJECTION

In order to evaluate the detection performance of MTO and LSBGnet under different conditions,
we inject the LSBGs in the selected SDSS backgrounds. The injection pipeline is implemented
using AstroPy for I/0O, GalSim for galaxy modeling and convolution, and other standard libraries
for image manipulation and annotation.

5.2.1 COMPOSITION AND EFFECTIVE RADIUS

Each injected galaxy is generated as the sum of two Sérsic components: a disk and a halo, by
calling GalSim’s Sérsic twice, once for the disk with the Sérsic index between 0.5 and 1.5 and
once for the halo with the Sérsic index fixed at 0.5. The half-light radius of the disk is in range
{3,5,7,9} arcsec, to cover a wide range of possible values, the halo’s half-light radius is set to
twice that value. The fluxes of the two components are set by choosing a random value between
{0.0,0.3}, which will represent the halo’s contribution to the total flux, while the disk receives
the remainder.

5.2.2 CENTRAL SURFACE BRIGHTNESS, COLOR AND ELLIPTICITY

Central surface brightness takes values in the range {23.0, 24.0, 25.0, 26.0} mag arcsec™2. We
read the r-band’s zero point from the image header (defaulting to 22.5 if it is missing) and use it
to convert central surface brightness to total model flux. Small color offsets are then applied in
the g and i bands (having a fixed offset of -0.3 in the i-band and +0.3 in g-band) and a Gaussian
scatter of o = 0.05 mag. Each galaxy is given an ellipticity from {0.1,0.3,0.5,0.7} and a random
position angle from [0°, 180°].

5.2.3 BACKGROUND NORMALIZATION, INJECTION AND PSF CONVOLUTION

The background needs to be normalized before injecting the low-surface-brightness galaxy in
order to standardize the background to the same zero offset. The normalization of each SDSS
sky is done by subtracting the global median sky level. Concretely, for each band we compute
SKY ned = median{[ij} where I;; are the raw pixel values in the FITS (Flexible Image Transport



System) array. We then replace every pixel by Il(j = I;j — skyeq- Then we choose the injection
coordinates at a random position, within a safe margin of four times the disk’s effective radius
from the edges. For each unique combination of background density, central surface brightness,
effective radius, ellipticity, we inject at five distinct positions, resulting in a total of 6-4-4-4-5 =
1920 different images. To reproduce the blurring effects of atmospheric turbulence and telescope
optics, we convolve the injected galaxy with a Moffat Point Spread Function (PSF) [15] with
g =4 [16] and FWHM (full width at half maximum) of 1.2”, which is below the 1.5” quality
cutoff [22].

5.2.4 PREPARING DATA FOR LSBGNET AND MTO

After injecting each synthetic LSBG into all three bands, we generate two distinct data products
of the same model, to match the requirements of the two detection pipelines. To ensure both
models receive the same photon count, the first step is to convert each band into a gray-scale
image. Before this conversion, we apply a percentile clipping (1st to 99th) to reduce the influence
or extreme outliers. For MTO, which expects a single-channel FITS file, we sum the three
gray-scale bands into a single image and save it as a FITS file. For LSBGnet, which expects
three-channels JPG inputs, we use the same gray-scale images as three color bands, forming a
RGB image. All injection metadata is saved to a CSV file that is later used for the assessment
of the detection performance of both pipelines as functions of each parameter.



5.3 ExamMPLE PrRODUCTS
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Figure 8: Comparison of data products for LSBGnet (top row) and MTO (bottom row), before and after
synthetic LSBG injection.

Figure [§ presents the before/after comparison for LSBGnet’s RGB inputs and MTO’s FITS for
a synthetic galaxy injected in a background with low density.

5.4 DETECTION PIPELINES

5.4.1 LSBGNET

The evaluation of the LSBGnet pipeline was conducted in two phases: model training and pre-
dicting.

For training, we generated a dedicated dataset by applying our synthetic-galaxy injection pro-
cedure to a disjoint set of SDSS background fields, to ensure no overlap with the test images
and an unbiased evaluation. Each JPG was paired with a Pascal VOC-format XML annotation,
encoding a square bounding box of side length 6R, (effective radius) around the injection center
@]]. These pairs were organized into the VOC2007 directory structure (JPEGImages, Annota-
tions, ImageSets) and partitioned into a 90% training and 10% validation split, yielding the files
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for LSBGnet’s training.

Training ran for 200 epochs: during the first 50 epochs, the CSPDarkNet backbone remained
frozen and only the detection heads were updated; in the following 150 epochs all layers were
unfrozen. The best performing model checkpoint in the training was used for prediction.

In the prediction phase, the trained LSBGnet model was applied to the full set of test JPEGs
(both before and after images), producing predicted bounding boxes and associated confidence
scores for each detection. For each injected LSBG, we checked whether the predicted boxes
in each ”"before” and ”after” image contained the known injection center. The prediction was
considered successful if the LSBG was found at that location in the ”after” image, but not in
the "before” image.

5.4.2 VISUALIZATION OF LSBGNET OUTPUTS

Figure 9: True positive example 1: RGB preview before (left) and after (right) injection (uo = 24.0,
R.=5.0,e=0.7).
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Figure 10: True positive example 2:
R.=9.0,e=0.1).

Figure 11: True positive example 3:
R, =5.0,e=0.5).
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Figure 12: False negative example 1: RGB preview before (left) and after (right) injection (uo = 25.0,
R. =3.0,e=0.7).

Figure 13: False negative example 2: RGB preview before (left) and after (right) injection (uo = 26.0,
R. =3.0,e=0.9).
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Figure 14: False negative example 3: RGB preview before (left) and after (right) injection (uo = 26.0,
R.=5.0,e=0.7).

5.4.3 MTO

We evaluated MTO by applying it - with its default parameters to the FITS files of the same
testing set as LSBGnet. For each “before” /“after” pair, the algorithm produces segmentation
maps. We declare a synthetic LSBG successfully detected if the injection coordinate lies outside
all segments in the “before” map but falls inside at least one segment in the “after” map.

5.4.4 VISUALIZATION OF MTO OuTPUTS

Figure 15: True positive example 1: preview before (left) and after (right) injection (o = 23.0, R, = 3.0,
e=0.7).
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Figure 16: True positive example 2: preview before (left) and after (right) injection (1o = 26.0, R, = 3.0,
e=0.5).

Figure 17: True positive example 3: preview before (left) and after (right) injection (o = 24.0, R, = 3.0,
e=0.3).
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Figure 18: False negative example 1: preview before (left) and after (right) injection (uo = 26.0, R, = 5.0,
e=0.7).

Figure 19: False negative example 2: preview before (left) and after (right) injection (uo = 26.0, R, = 3.0,
e=0.7).
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Figure 20: False negative example 3: preview before (left) and after (right) injection (uo = 26.0, R, = 3.0,
e=0.3).

6 RESULTS

We now present the performance of LSBGnet and MTO on the 1920 synthetic injections.

6.1 DETECTION OUTCOMES

We first quantify the ability of both detection pipelines to find the low-surface-brightness galax-
ies. Figure shows the fraction of successful detections, misses, and uncertain cases for both
MTO and LSBGnet, while Figure 22] details the distribution of "before” and ”after” detections.
To verify our false-positive rate, we additionally applied both algorithms to 500 pure-noise
cutouts and observed zero spurious detections.

MTO: Overall Detection Outcomes LSBGnet: Overall Detection Outcomes

0.0 02 04 06 08 10 00 02 04 06 08 10
Fraction of Injections Fraction of Injections

Figure 21: Overall detection rates of MTO (left) and LSBGnet (right).

17



MTO: Detection Confusion LSBGnet: Detection Confusion
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Figure 22: Confusion Matrices for MTO (left) and LSBGnet (right).

6.1.1 STATISTICAL COMPARISON OF MTO AND LSBGNET

To quantify whether the LSBGnet’s increased sensitivity to low-surface-brightness galaxy de-
tection is statistically significant, we performed a McNemar test. Out of all 1920 injections,
LSBGnet alone recovered 309 that MTO missed, and MTO alone recovered 13 that LSBGnet
missed.

5 (309 —13)?

— 7 ) 979, 1074
X 309 + 13 7209, p <107,

demonstrating that LSBGnet’s higher detection rate is statistically significant.

6.2 DETECTION RATES vS. INJECTION PARAMETERS

To understand how the detection performance depends on the galaxy and background properties,
we plot the injection fraction as a function of each parameter.

MTO: Detection Rate vs. Central Surface Brightness (mag/arcsec?) LSBGnet: Detection Rate vs. Central Surface Brightness (mag/arcsec?)
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Figure 23: Detection rates vs. pg of MTO (left) and LSBGnet (right).
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MTO: Detection Rate vs. Effective Radius (arcsec) LSBGnet: Detection Rate vs. Effective Radius (arcsec)
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Figure 24: Detection rates vs. R, of MTO (left) and LSBGnet (right).
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Figure 25: Detection rates vs. background density of MTO (left) and LSBGnet (right).
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Figure 26: Detection rates vs. ellipticity of MTO (left) and LSBGnet (right).

MTO: Detection Rate vs. Disk Sérsic Index LSBGnet: Detection Rate vs. Disk Sérsic Index
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Figure 27: Detection rates vs. Sérsic index of MTO (left) and LSBGnet (right).



MTO: Detection Rate vs. Halo Light Fraction LSBGnet: Detection Rate vs. Halo Light Fraction
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Figure 28: Detection rates vs. halo flux fraction of MTO (left) and LSBGnet (right).

6.3 DISTRIBUTION HISTOGRAMS

Histograms of injection parameters distribution for detected, missed, and uncertain cases illus-
trates further where each detection pipeline succeeds or fails.

MTO: Central Surface Brightness (mag/arcsec?) Histogram LSBGnet: Central Surface Brightness (mag/arcsec?) Histogram
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Figure 29: Histogram of pg for detected and missed injections, for MTO (left) and LSBGnet (right).
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Figure 30: Histogram of R, for detected and missed injections, for MTO (left) and LSBGnet (right).
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MTO: Background Density Histogram LSBGnet: Background Density Histogram

I Success B Success
500 E= Miss 600 = Miss
500
400
- L 400
S 300 E
o ]
o O 300
200
200
100 100
0 0
Low Medium High Low Medium High

Background Density Background Density

Figure 31: Histogram of background density for detected and missed injections, for MTO (left) and
LSBGnet (right).
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Figure 32: Histogram of ellipticity for detected and missed injections, for MTO (left) and LSBGnet
(right).
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Figure 33: Histogram of Sérsic index for detected and missed injections, for MTO (left) and LSBGnet
(right).
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Figure 34: Histogram of halo flux fraction for detected and missed injections, for MTO (left) and LSBGnet
(right).
6.4 STACKED BARS

Stacked bar charts present the normalized fraction of successes, misses and uncertain cases in
each parameter bin.
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Figure 35: Stacked bar of pg, for MTO (left) and LSBGnet (right).
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Figure 36: Stacked bar of R, for MTO (left) and LSBGnet (right).
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MTO: Stacked by Ellipticity
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Figure 37: Stacked bar of ellipticity, for MTO (left) and LSBGnet (right).

6.5 COMPARATIVE METHOD PERFORMANCE

Comparing LSBGnet and MTO on the same plot highlits their strengths and weaknesses (Figure
38)). The heatmaps in Figure [39[show the detection performance as a function of central surface
brightness and effective radius and Figure [39] also plots which method succeeds without the
other.
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Figure 38: Detection fraction vs. uo (left) and Detection fraction vs. R, (right).
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Figure 39: Heatmap of ug vs. R, for MTO (left), LSBGnet (right), and Detection overlap by p.
6.6 CONFIDENCE AND DETECTION PROBABILITY MODELING

We further explore the relation between LSBGnet’s confidence and detection success and model
the dependence of detection probability on the galaxy’s parameters through logistic regression.
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Figure 40: Confidence on True Positives (left) and Logistic Regression Model
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Figure 41: Confidence vs. pg (left) and Confidence vs. R, (right).

6.7 RECOVERY ACCURACY

Another key requirement of a good detection method for LSBGs is a faithful object reconstruc-
tion, therefore, Figure 42| showcases each method’s spatial recovery by measuring the fraction of
injected flux captured (Recovery Fraction) and Figure demonstates how the recovery fraction

changes with the Sérsic index.
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Figure 42: Recovery Fraction of MTO (left) and LSBGnet (right).

24



MTO Recovery vs. Sérsic Index LSBGNet Recovery vs. Sérsic Index

Mean Recovery Fraction
Mean Recovery Fraction

050 015 100 125 150 050 075 100 125 150
Disk Sérsic Index Disk Sérsic Index

Figure 43: Recovery Fraction vs. Sérsic Index of MTO (left) and LSBGnet (right).

7 DISCUSSION AND CONCLUSION

7.1 Kgy FINDINGS

The experiment, conducted on 1920 synthetic LSBG injections, revealed that LSBGnet con-
sistently outperforms MTO in recovering low-surface-brightness galaxies across all parameter
values. In particular, LSBGnet achieves an overall detection rate of 97% vs. 82% for MTO,
with the largest performance gap occuring at po = 26.0 mag arcsec™2, where LSBGnet has a suc-
cess rate of 91% vs. MTO’s, which is 49%. The effective radius has little influence on detection
success for either LBSGnet or MTO, both methods have the lowest success rate at R, = 3 arcsec,
remaining over 95% for LSBGnet and 79% for MTO at all effective radiuses. Both detection
pipelines show little sensitivity to the density of the background and the ellipticity of the galaxy:
success fractions vary by at most 3% between density bins and by 5% between ellipticity bins.
Disk Sérsic index affects MTO more than LSBGnet: the detection success varying by 17% for
the Max-Tree method, and only by 6% for LSBGnet. MTO is also more sensitive to the halo
light fraction (the success rate varying by 14%) than LSBGnet (the success rate varying by 6%).

LSBGnet also assigns each detection a confidence score (Figure 40). True positives show a
median confidence of around 0.86, indicating not only that LSBGnet detects fainter galaxies
than MTO but does so at a high level of certainty.

The logistic regression model quantifies each parameter’s importance: the central surface bright-
ness (1) having by far the biggest effect of both detection pipelines. Recovery fractions indicate
that MTO has a higher chance to recover the whole object, detecting 100% of the low-surface-
brightness galaxies in around 1200 cases, while LSBGnet recovers the whole galaxy in only
around 500 cases.

7.2 METHOD COMPARISON

LSBGnet excels because of its deep learning backbone, trained on diverse synthetic LSBGs,
so it can adapt better to faint galaxies, while MTO relies on intensity-threshold segmentation,
which misses diffuse outskirts. However, MTO is faster on CPU and recovers the galaxy better,
offering advantages when computer resources are limited.

7.3 LIMITATIONS AND FUTURE WORK

The two detection pipelines are tested on synthetically injected galaxies, testing on real survey
data would lead to additional complications.
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Applying this framework to the multi-band MTO on the g, 7,7 bands and comparing it to LS-
BGnet is a natural extension. Validation on real-sky surveys with known low-surface-brightness
galaxies would further test real-world performance. Finally, exploring prefiltering methods could
reduce MTQO’s failure at faint central surface brightnesses.

7.4 CONCLUSION

In summary, LSBGnet demonstrates superior sensitivity to detecting the injected synthetic
low-surface-brightness galaxies, showing the most increased sensitivity compared to MTO at
o = 26 mag arcsec 2. MTO, while less sensitive, offers simplicity and better recovery. Choosing
between them depends on the application: for surveys requiring maximal completeness at the
cost of training overhead, LSBGnet is preferable, for faster scans, MTO remains a viable option.
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