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Abstract

Low surface brightness galaxies (LSBGs) inhabit the ultra-faint parameter space of the galactic population
and are infamous for their difficulty to detect. Studying these galaxies is essential for understanding of
dark matter’s role in galaxy formation at low-halo-mass scales. In this project, we train a deep learning
model using the Mask R-CNN framework on a set of simulated LSBGs inserted into a small fraction of the
Dark Energy Survey (DES) Data Release 2 (DR2). This model is used in a pipeline for the detection of
LSBGs. All 10,169 DES DR2 coadded tiles were ran through the pipeline, and preliminary results show the
detection of 22 large, high-quality LSBG candidates that went undetected by conventional algorithms and
a high prominence of Galactic cirrus in the model.

Keywords: Machine Learning – Deep Learning – Low-Surface-Brightness Galaxies

1. Introduction

The limited sensitivity of astronomical observa-
tions leads to an inability to detect systems that
are relatively faint (Disney, 1976). In particular,
low surface brightness galaxies, galaxies with cen-
tral brightness fainter than the night sky, prove very
difficult to detect due to observational selection ef-
fects. To address this issue, efficient and effective
ways of identifying and cataloging very faint galax-
ies is necessary. Low surface brightness galaxies
are traditionally defined as galaxies with a central
brightness lower than the night sky (Bothun et al.,
1997), and have historically proven very difficult to
detect. These systems are extremes of the galactic
population, and thus provide a good test for the
standard models of galaxy formation. Thus, it is
essential that efforts be made to improve the de-
tection efficiency of LSBGs as studying them could
give valuable insights into cosmology and galaxy
formation.

Recently, a catalog of 23,790 LSBGs has been
identified in the first three years of data from the
Dark Energy Survey (DES; DES Collaboration,
2005; DES Collaboration et al., 2018) using re-
sults from SourceExtractor and a classifier ma-
chine learning algorithm (Tanoglidis et al., 2021).
This labelled dataset has subsequently been used
to train a Convolutional Neural Network (CNN) for
separating LSBGs from artifacts (Tanoglidis et al.,

2020), showing the promise of machine vision for
studying the low-surface-brightness universe. The
focus of this work is to leverage the power of ma-
chine vision, specifically through the Mask R-CNN
framework (He et al., 2018), to train a model for
detecting even larger and fainter LSBGs in DES
data.

2. Background

2.1. Galaxy–Halo Connection

Modern cosmological models attribute ∼ 5/6th of
the mass budget of the universe to dark matter. In
the inflationary period of the early universe, small
fluctuations in the matter distribution of the uni-
verse emerged, planting the seeds for dark matter’s
gravitational collapse into halo structures. Bary-
onic matter eventually followed, cooling and falling
into the centers of dark matter halos. In the most
massive halos, where the gas was able to cool suffi-
ciently, star formation began and the first proto-
galaxies were born. Over time, the star forma-
tion rate increased and halos merged to form larger
structures that host the galaxies we see today. The
corollary of this model of galaxy formation is a close
relationship between dark matter halo properties
and galaxy properties, known as the galaxy-halo
connection (Wechsler and Tinker, 2018).

Understanding the relationship between galaxies
and their dark matter halos is a rich sub-field and
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features a wide variety of research. On the em-
pirical side, one way to constrain the galaxy-halo
connection is the stellar mass/halo mass relation
(SHMR). A wide array of observations have con-
verged on the form of this relation for halo masses
Mh & 1011 M� because the galaxies that inhabit
these halos are massive and bright. Below this
mass, most models diverge due to the difficulty in
detecting the faint galaxies that reside in low-mass
halos. Better understanding this relationship in the
low-halo-mass region is imperative for a complete
picture of the galaxy-halo connection. There thus
arises a necessity for novel ways of detecting the
low-surface-brightness universe.

2.2. Low Surface Brightness Galaxies

Low surface brightness galaxies are histori-
cally defined as galaxies fainter than the night
sky (Bothun et al., 1997). Theoretical calculations
within the standard cosmological model, ΛCDM,
predict that these extremes form naturally from
proto-galaxies with high angular momentum and
low mass (Dalcanton et al., 1997). However, chal-
lenges to this model has recently emerged upon
the discovery of LSBGs with anomalously low dark
matter content (van Dokkum et al., 2018). These
discoveries pose a challenge to our understanding of
galaxy formation and may require modified version
of these models to match the observed universe. It
has thus become even more imperative to develop
efficient ways to detect LSBGs to gain a complete
picture of galaxy formation in ΛCDM.

2.3. Dark Energy Survey

In recent years, the emergence of wide-area sky
surveys, such as the Sloan Digital Sky Survey1 and
the Dark Energy Survey2, has allowed for large-
scale, untargeted searches for LSBGs, (Zhong et al.,
2008; Tanoglidis et al., 2021). In contrast to the
targeted searches of telescopes optimized for low-
surface-brightness detection in the near-field (Eg.
the Dragonfly Telephoto Array; Abraham and van
Dokkum, 2014), these untargeted searches allow us
to gain a statistical understanding of the distribu-
tion of LSBGs to better understand their place in
the galaxy-halo connection.

1https://www.sdss.org/
2http://www.darkenergysurvey.org/

The Dark Energy Survey is a multi-band (grizY )
imaging survey covering ∼ 5000 deg2 of the South-
ern sky. Imaging is done at the Cerro Tololo Inter-
American Observatory (CTIO) 4m Blanco tele-
scope in Chile using the Dark Energy Camera (DE-
Cam), a 570 megapixel wide-field camera. The
objective of DES is to gain a more complete un-
derstanding of our universe through the study of
dark matter and dark energy. In this work, we
use coadded DES image tiles of size 0.534 deg2

from DES Data Release 2 (DR2). An initial search
for LSBGs in the first three years of DES ob-
servation has been done using a combination of
SourceExtractor modelling and a machine learn-
ing classifier (Tanoglidis et al., 2021). The resulting
catalog contains 23,790 visually-confirmed LSBGs
with mean surface brightness µ̄eff(g) > 24.2 mag
arcsec−2. In addition, this catalog has been used to
develop the deep-learning algorithm DeepShadows,
a Convolutional Neural Network (CNN) trained to
separate LSBGs from artifacts like Galactic cirrus
and tidal ejecta from bright galaxies (Tanoglidis
et al., 2020). The model achieved a test accuracy of
92%, demonstrating the power of machine vision for
understanding the low-surface-brightness universe.

3. Mask R-CNN Model

In this work, we utilize the instance segmentation
and object detection algorithm Mask R-CNN. We
begin this section with a brief overview of how the
model works, and refer the interested reader to the
original paper for a more technical discussion (He
et al., 2018).

A high-level depiction of the algorithm is shown
in Fig. 1. The input image is first fed into the “back-
bone” of the network, a pre-trained CNN, in this
case ResNet, whose output is a feature map. In
a traditional CNN used for object detection, this
feature map would be passed to a fully connected
classification layer. However, in the Mask R-CNN
implementation, the feature maps are fed into a Re-
gion Proposal Network (RPN) whose output is a
set of Regions of Interest (RoI) where potential ob-
jects are located. These regions are identified from
a CNN trained to identify anchor boxes of various
sizes at each position. Doing this is a two-fold pro-
cess involving binary classification and regression.
The classification aspect involves assigning a prob-
ability to each box based on whether or not it con-
tains an object of any class, while the regression
component is associated with finding the optimal
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box coordinates. The regions with the highest prob-
abilities of containing an object are then passed into
the RoIAlign method along with the feature maps
from the backbone to produce RoI feature maps of
the same size. This step is crucial as fully connected
networks implemented for prediction require inputs
of the same size.

Backbone CNN

RPN

Feature maps
of RoIs

Mask FCN pixel 
classification

Joint

RoIAlign

Softmax
classification

Bounding box
regression

Binary 
classification

Bounding box
regression

Figure 1: Schematic description of the Mask R-CNN algo-
rithm.

The final part of the algorithm is a simultaneous
three-fold process: classification of the object in the
RoI with a softmax classifier, regression to learn
the best bounding box coordinates, and per-pixel
classification with a Fully Convolutional Network
(FCN) to create an object mask. The final output
of the algorithm is thus, for each object detected,
a bounding box region, a per-pixel mask, an object
class, and a confidence score.

3.1. Image Processing and Training

Training on the Mask R-CNN framework requires
a set of images along with per-pixel masks of train-
ing objects in each image and their corresponding
class. In order to train a model for detecting LS-
BGs, we rely on simulated galaxies injected into 94
random tiles of DES. A simulated dataset provides
the distinct advantage of having pre-labeled ground
truth masks, bypassing the requirement of manu-
ally labelling a dataset. Artificial LSBGs are mod-
eled with GALSIM (Rowe et al., 2015), an open-
source simulation toolkit. GALSIM can simulate

Sersic Index 0.3–4.5
Ellipticity 0–0.8
Effective Radius (arcsec) 2–150
Position Angle (◦) 0–180
Surface Brightness (mag/arcsec2) 24–27

Table 1: Low surface brightness galaxy simulation parame-
ters for training data.

galaxies from a variety of simple parametric mod-
els, and we used a Sersic profile for our artificial
LSBGs. Our input parameters are displayed in Ta-
ble 1. We used GALSIM features that allowed us
to convolve model galaxies with the measured Point
Source Functions (PSFs) of each DES coadded im-
age and add noise drawn from a Poisson distribu-
tion. We generated artificial LSBGs in g, r, i, and
z bands, and then injected them into DES coadd
images.

After injecting 16 LSBGs per tile, each tile was
divided into sixteen 2500 × 2500 quadrants with
each containing one LSBG. In addition to the LSBG
class, we also included a training class for very large
objects identified from the SourceExtractor cat-
alog from DES DR2 (Collaboration et al., 2021).
Objects in this class were identified as those whose
masked pixel count exceeded 10,000 pixels (∼
0.2 deg2) in angular size. The purpose of this was to
remove contamination of LSBG detection by train-
ing the algorithm to specifically detect this class of
object as distinct from LSBGs. Initial models with-
out this training class showed a high percentage of
false positives centered on these objects and thus it
was necessary for the model to learn the difference
between LSBGs and these large objects, which is
most effectively done by training the model with
an additional class.

After injecting simulated data into the DES
dataset, the next step is to pre-process images be-
fore training in order to accentuate low surface
brightness features. This process occurs in three
steps:

1. Replace pixels associated with all sources de-
tected in the DES DR2 SourceExtractor cat-
alog with noise.

2. Convolve the image with a Gaussian kernel.

3. Bin the image by a factor of 10 × 10.

The first step is to remove all objects identified
in the DES pipeline with SourceExtractor and
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replace with a normally-distributed background.
Firstly, all pixels identified as background in the
catalog are averaged and their standard deviation
computed. Then, the masks of the objects we wish
to remove are binary-dilated with a 3× 3 matrix of
ones over five iterations using the binary dilation
function of SciPy’s multidimensional image pro-
cessing module, SciPy.ndimage (Virtanen et al.,
2020). This is to ensure that pixels surrounding
the mask that may be associated with the object,
but are not masked, are removed. The final step is
to replace the object masks with random samples
from a normal distribution of the background.

The next pre-processing step is to perform a con-
volution operation on the image with a Gaussian
kernel. This is known as a ‘Gaussian blur,’ and is an
effective way to accentuate low surface brightness
features in an image if the scale of the kernel coin-
cides with the scale of the features of interest. In
this work, we utilize a Gaussian kernel defined over
a 20 × 20 pixel window (angular size ∼ 30 arcsec2)
given by the following equation:

G(x, y, σ) =
1

2πσ2
e−

x2+y2

2σ2 , (1)

where (x, y) is the distance measured from the cen-
ter of the image3, and σ is the standard deviation,
which we took as σ = 5.

The final pre-processing step is to reduce the
pixel count of the image by binning it with a mean
filter. This is also a convolutional operation and in-
volves taking the average of a group of pixels (whose
size is determined by the binning factor) and map-
ping it to one pixel in the binned image. This was
done with a bin factor of ten, reducing the image
size from 10000×10000 to 1000×1000. In addition
to binning the image itself, the masks containing
the ground truth locations of the training objects
must also be reduced by the same factor for train-
ing. To do this, the same process is done, but with
a max filter which, instead of taking the average of
a group of pixels, takes the maximum value. This
ensures that the masks remain suitable as ground-
truth representations as each pixel in the mask must
take a boolean value.

In Fig. 2 we plot the total loss of the model after
training 94 tiles with 1034 simulated LSBGs over
60 epochs. The total number of LSBGs injected

3In actuality, the Gaussian is normalized such that the
central pixels take a value of 1.
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Figure 2: Total training and validation loss of Mask-RCNN
model trained on 1034 LSBGs in 94 DES tiles.

was 1504, however ∼ 70% of these were assigned to
a training set, with ∼ 15% left for validation and
∼ 15% for testing. Each epoch consisted of 150
steps, with 15 steps at the end of each for valida-
tion. In the Mask R-CNN model, the total loss is
a combination of all the network losses and is given
by:

Ltot = LRPN-bbox +LRPN-cls +Lcls +Lbbox +Lmask,
(2)

where LRPN-bbox is the RPN bounding box loss
associated with locating objects in the image,
LRPN-cls is the classification loss associated with la-
belling anchor boxes in the RPN as foreground or
background, Lcls is the classification loss of objects
identified, Lbbox is the bounding box loss associated
with precisely identifying the object’s location af-
ter region proposal, and Lmask is the loss in masking
the object.

The final step in the training phase was to test
the model on the reserved test set of 282 LSBGs.
While examining the quantitative results of this
process is useful, we focused our efforts more on
a qualitative analysis of the model. After looking
at the model’s output on the entire test set, we were
confident in the model’s performance and decided
to apply the model to the DES dataset.

3.2. Application to DES Data

We began by applying the model to ∼ 1% of the
DES dataset that the model had yet to see. Our
pipeline took the following form:

1. Pre-process tiles on the DES cluster.
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a) b) c)
d)

Figure 3: Example of a successful LSBG detection using the pipeline described in Section 3.2. Panel a) represents the full,
unprocessed image along with a red gird outline indicating the cutouts made. Panel b) shows a zoomed in version of the
indicated cutout, unprocessed. Panel c) represents the fully processed version of panel b), showing the accentuation of the
LSBG in the right of the image. The region identified by the Mask R-CNN is outlined in red. Panel d) shows the bounded
detection region zoomed in from the DESI Legacy Imaging Sky Viewer.

2. Transfer pre-processed images to Google Drive.

3. Run detection with Mask R-CNN model in the
Google Colaboratory Pro environment.

4. Collect results and display pre-processed image
along with cutouts from DESI Legacy Imaging
Sky Viewer4 on a website.

5. Visually inspect results and select potential
LSBGs.

Figure 3 schematically shows this pipeline in action
for a successful LSBG detection. We initially ran
detection on 100 tiles and got 109 claimed LSBG de-
tections, 1 of which showed real promise of being a
true LSBG. This was sufficient information to esti-
mate the time and human effort it would take to run
this pipeline on the entire dataset as well as what to
expect in terms of LSBG detection efficiency. Given
the limited time in the internship, we decided that
rather than further refining the model, it would be
more fruitful to run the entire DES dataset.

4. Results

In this section we summarize the results of run-
ning the detection pipeline on all 10,169 DES tiles
in DES DR2. The model returned 13,336 results
for the LSBG class of which ∼ 11,000 have been vi-
sually inspected. We divided LSBG detections into
two tiers after visual inspection based on our con-
fidence that they are truly LSBGs: tier 1, contain-
ing the most promising candidates, and tier 2, the

4http://legacysurvey.org/

candidates we suspect are LSBGs but are unsure.
We found 22 tier 1 LSBGs and 19 tier 2 LSBGs.
Figure A.5 in Appendix A shows the zoomed in
bounding box of 20 out of the 22 tier 1 LSBG can-
didates in the DESI Legacy Imaging Surveys Sky
Viewer (the same as panel (d) in Fig. 3). These
galaxies were generally larger (with most having
angular sizes > 20 arcsec) and lower surface bright-
ness than those detected in previous DES LSBG
catalogs (e.g., Tanoglidis et al., 2020).

The vast majority of the model’s output labelled
as LSBGs were in actuality artifacts. The most
prominent artifact class consisted of Galactic cirrus,
starlight scattered off of the interstellar dust sur-
rounding our Galaxy. Contamination from Galac-
tic cirrus is a well-known barrier for detecting the
low surface brightness universe (Eg. being confused
with faint tidal features; Cortese et al., 2010). The
model also detected a number of tidal features as-
sociated with stars, galaxies, and mergers. After
visually inspecting the images, we conclude that
this is likely because these features are not com-
pletely characterized by SourceExtractor in the
DES pipeline, and thus when the compact sources
are removed, their tidal remnants remain and be-
come amplified by the pre-processing. We hoped to
prevent this from occurring with the binary dilation
step in the image pre-processing, which was imple-
mented to cover as much of the compact sources in
the mask as possible. However, we were not able to
completely remove all features from these compact
sources, hence their prominence in the model’s out-
put. The same is true for very large, bright stars
and galaxies. Our initial models classified a high
volume of these artifacts as LSBGs; however, they
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Figure 4: Left panel: Map of all Mask R-CNN model detections (black dots) along with tier 1 and tier 2 LSBG detections.
Right panel: map of Galactic cirrus, where brighter regions represent higher detection densities. In both panels, the blue region
represents the region of observation of the Dark Energy Survey.

were much less prominent in the pipeline as their
addition as a training class greatly improved the
purity of the results.

In Fig. 4, we plot the spatial distribution of all
our detections (with the tier 1 and tier 2 LSBGs
highlighted) as compared to a map of the Galactic
cirrus in the DES footprint.5 As mentioned previ-
ously, our visual inspection showed a high incidence
of Galactic cirrus in the pipeline output. We there-
fore decided to compare our results to a map of
the Galactic cirrus which showed a very high visual
correlation in most areas, confirming the model’s
apparent propensity for detecting cirrus. It is in-
teresting to note that some regions appear to visu-
ally lack a correlation to the map. Specifically, the
left and lower right of the DES footprint appear to
be lacking in our detection results while the map
of Galactic cirrus seems to suggest high densities in
this region. This is likely a result of the fact that
these regions are closer to the Galactic plane and
thus the model’s detections are most likely domi-
nated by artifacts of very bright, nearby stars.

Another intriguing feature of Fig. 4 is the cluster
of tier 1 LSBG detections in the region around (RA,
DEC) = (55◦,−35◦). This is approximately the
location of the nearby Fornax cluster of galaxies.

5Cirrus map courtesy of the DES Collaboration (private
communication).

The previous DES LSBG study in Tanoglidis et al.
(2021) showed prominent clustering of red LSBGs
around the Fornax cluster, a fact our model verifies.

5. Conclusions

In this work we applied the deep learning frame-
work Mask R-CNN to the problem of detecting
large low surface brightness galaxies in the Dark
Energy Survey Data Release 2 using a simulated,
labelled dataset of LSBGs generated with GAL-
SIM with a range of physical parameters. We
trained on 94 tiles with 16 LSBGs simulated per
tile, with ∼ 70% for training, ∼ 15% for validation
and ∼ 15% for testing. We then developed a de-
tection pipeline which we tested on ∼ 1% of the
DES dataset (100 tiles). We then ran the pipeline
on the entire DR2 dataset (10,169 tiles), identifying
22 high-quality LSBGs. These galaxies were gener-
ally larger and lower surface brightness than those
detected by conventional algorithms. In addition,
we found the model to be very efficient at detect-
ing Galactic cirrus and tidal features. The spatial
distribution of all the detections appears to have
a strong visual correlation with maps of Galactic
cirrus. We have thus demonstrated that the Mask
R-CNN framework could be very beneficial for de-
tecting low surface brightness features.
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Appendix A. LSBG Candidates

In this appendix, we present 20 high probability
LSBG detections from the pipeline in Section 3.2.
Figure A.5 contains images from the DESI Legacy
Imaging Sky Viewer along with the right ascension
and declination of 20 tier 1 LSBG candidates out of
the 22. These were identified as high quality LSBG
candidates upon visual inspection after being de-
tected in the pipeline. Note that the brightness and
contrast has been increased to accentuate LSBGs.
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Figure A.5: Twenty tier 1 LSBG candidates from detection ran on 10,169 tiles of DES DR2 using the Mask R-CNN Model.
The right ascension and declination coordinates are provided at the top of the image.
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