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Surface Brightness and Magnitude

The surface brightness is the amount of light in that patch of sky divided
by its area (in arsec?2 ).
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Sérsic Profile of Galaxies

The Sersic profile is a mathematical function that describes
how the surface brightness of a galaxy varies with distance
r from its centre.
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An = 4 gives the de Vaucouleurs profile which is a rough approximation of
ordinary elliptical galaxies.

T ||||||I'|

An = 1 gives the exponential profile  which is a good approximation of
spiral galaxy disks and a rough approximation of dwarf elliptical galaxies

Radius



The half-light (or 'effective') radius is the radius from within which half of the galaxy light is contained.
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Image of UGC 477 taken hy NASA/ESA Hubble Space Telescope. | mage taken from: http://www.spacetelescope.org/images/potwl614a/



What iIs an LSBG ?

Low-surface brightness galaxies (LSBGs) are conventionally defined as galaxies with a central
surface brightness fainter than the night sky (u(g) > 22 mag/arcsec ?).

Examples of LSBGs from Dark Energy Survey (DES)




Low surface brightness
galaxies may account for
up to 50% of the total
population of galaxies.

LSBGs can significantly
contribute to our
understanding of galaxy
evolution.




Dark Matter Halo

OExtremely do
by dark matter, they

may also be the

location for at least

pa——

S missing matter in the
Universe.

Q‘* A some fraction of the

Galactic Bulge /4
Galactic Disk

Image Credit: L Jaramillo and O Macias, Virginia Tech




Missing Baryon Problem

The missing
baryon problem
is an observed
discrepancy
between the
amount of
baryonic matter
detected from
shortly after the
Big Bang and
from more recent
epochs.

missin

Dark Matter 29+13% \\\

galaxies
7+27%

Dark Energy

GM 5+37%

ICM 4+1.5%
cold gas 1.7+0.4%

ESA/Planck:; Shull et al. 2012



Finding LSBGS




Why 1t Is hard to
detect LSBGS :
Artefacts

Faint, compact objects blended in the
diffuse light from nearby bright stars or giant
elliptical galaxies;

Tidal ejecta connected to high  -surface
brightness host galaxies.

Eliminating the sky background to detect
the LSBGs
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Searches for LSBGs In Large Scale Surveys

4 )
Greco et al. (2018) identified 781 LSBGs (from ~ 200 deg 2) from 1521 candidates ( 50% success
rate) in HSC SSP with a galaxy modelling pipeline.
\ _J
4 )

Tanoglidis et al. (2021) identified 23,790 LSBGs (from ~ 5000 deg ?) from to 44,979 candidates ( 53%
success rate) in DES.

- _J

4 )
Visual inspection is the currently reliable way to confirm if it is an LSBG or not.

\ _J




LSST and EUCLID

~
The upcoming large -scale surveys, such as
LSST and Euclid are expected to observe N
10° LSBGs -
. a T
oljni] |
g ) Figs
With the current technigues it means ~ 10° — ==
artefacts.
. J
4 )

NCBJ is also an active member of the LSST
collaboration.

\ J Image taken from https://astronomy.com/news/2017/12/the -lsst
and -big -data -science
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Computer Vision




Convolutional Neural Networks

Convolutional Neural Networks (CNNSs) use convolution operations to extract meaningful features from images or otl
structured data.
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Current Trend in Computer Vision

100 . .
CNN Supremacy ! Advanced CNN based models i Transformer Supremacy
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Each attention head can be implemented in parallel

worker 1
Q —f |
F .
K, ———  Attention(Q, K, V') = softmax( % > Q attention
V; - Vi J & score
p
worker 2 —
- kT
0@ ) gg
K, — > Attention(Q, K., V') = softmax( Vi )V > v g - |
A — § J transpose v
X
worker 3
Q 7 . V
K . , QK
3 —— Attention(Q, K, V') = softmax( W > —| &
Vs V. J
~ Image credits : https:// blogs.oracle.com/ datascience /multi -head -self-
Image credits :https://theaisummer.com/self -attention/ attention -in-nip

Transformers and Self -Attention
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Attention In Action
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LSBG Detection Transformer (LSBG DETR)

We can assume that the Encoder model works in 3
phases. @&

// <

ACNN 0 To extract the Features

| Output €«— L

fEncoder & To filter the relevant Features of the

Image
AFN& Tolearn the relevant Features ,:’ |,|:§;; ‘CNNBa ne

Image taken from  Thuruthipilly et al. (2022)

J/ Positional
Encoding
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LSBG Vision Transformer

» MLP Head
The Vision Transformer (ViT) |

divides an image into a grid of Transformer Encoder Layer
patches and feed ittoa

T
transformer encoder layer. @ “
0 2 5
ﬁ Bs
Flattened patches are R ’—T

processed through multiple

* Extra Learnable Linear Projection of Flattened Patches
transformer layers, and make Classification | npyt
. L. Lt Image T T T T T T T T T
predictions.
Image_, T
Patches
Qa) E'Iw?ga'jn Image taken from  Thuruthipilly et al. (2023) in prep.



Ensemble Models

<

NCBJ

SWIERK

Ensemble models in deep learning refer to
combining multiple models to create a single
model that performs better than the individual
models.

The idea behind ensemble models is to reduce
the generalisation error and increase the
stability of the system by taking into account
multiple sources of information.

Train set

Model, | .e— Test set

—— . ————— i — ——————— — ————— —— —— —— — —

— . — — — — — — —_ —— a— —— — — — — — — — — — — —_ — — — — — p——

Meta-classifier
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Final Prediction

Image taken from W. Jiang et al, (IEEE Access, vol. 7, pp. 120337 -
120349, 2019)



Back to Astronomy from ML

Or are we ?




Dark Energy Survey

[ DES (planned 5 yrs)

DES OBSERVING STRATEGY

N DES (SV) WM DES (Y1) WM DES (Y2)

DES (SN fields)

The Dark Energy Survey (DES) is a six-
year observing program (2013 -2019)
covering D 5000 deg 2 of the sky.

The DES has observed the sky in grizY
photometric bands.

Detected around 319 million objects.

Tanoglidis et al. (2021) identified
23,790 LSBGs from DES.



_— B [SBGs
B Artifacts
DeepShadows 1200 |
E 1250
|
. frl 100
DeepShadows isa CNN “1_5
created by Tanoglidis et al. 2
(2021b) to separate between 5
LSBGs and artefacts. -
254
i
0n.n nz 0.4 0.6 0.a 1.0
DeepShadows achieved TP = Output Probability

94% and an accuracy 92%.

Figure 5: Output probabilities from the DeepShadows CNN
for the LSBGs and artifacts in the test set.

Image taken from Tanoglidis et al. (2021b)
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L. SBG Detection 2.0

Thuruthipilly et al (2023) submitted in collaboration for reviewing.
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Results on Labelled Dataset - |

Model name Accuracy (%)
LSBG VISION 1 93.55
LSBG VISION 2 93.79
LSBG VISION 3 03.47
LSBG VISION 4 93.51

LSBG VISION Ensemble 93.75
LSBG DETR 1 04.36
LSBG DETR 2 04.28
LSBG DETR 3 04.36
LSBG DETR 4 04.24

LSBG DETR Ensemble 94.60

Accuracy of DeepShadows CNN = 92.00%

A +2,000 additional LSBGs (CNN).

A +8,000 additional LSBGs (non -
computer vision).

A -4,000 artefacts during visual
inspection (CNN).

A -50,000 artefacts during visual
inspection (non -computer
vision).



Results on Labelled Dataset - |l

LSBG DETR LSBG VIT

- 0.4 - 04

True label
True label

- 02 - 02

0 1 0 1
Predicted label Predicted label

Transformer Models
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False Negatives of Transformers

Presence of a bright artefact

Too faint to be observed
nearby




False Positives of Transformers

Difficult to classify Mislabelled LSBG Blended objects

1)
N



Search for New LSBGs from DES DR1

Selection Cuts

ML models

Morphololgical\

/

 DES DR1 gold
catalog

&

N

Takes 2 years to
check for all the
319 million objects.

4,083 new LSBGs after galaxy
extinction correction

fitting

After Preselection -
419,782 objects

in 1 day.

\

Visual

4

Inspection

<

<

NCBJ

SWIERK

A

LSBG DETR ensemble
identifies 27,977 objects as
LSBGs
(6,972 new candidates)

v

LSBG VISION ensemble
identifies 30,508 objects as
LSBGs
(9,112 new candidates)

|

6,560 new common
candidates

Completed | -

4

447 possible LSBGs IupraaR-ten 242 artefacts
with wrong .
moroholodical after visual after
pholog inspection visual inspection
parameters |
\ \ A : A
Y
4,879 candidates passed the selection criteria
for an LSBG with updated parameters.
\ 4

v

After removing duplicates 6,445 new
candidates

[

999 candidates

failed the fitting

5,446 candidates correctly fitted
with galfit

f

4% artefacts

~ 5,000
artefacts in
LSST with
Transformers.

~ 9,000
artefacts in
LSST with CNNs.

~ 55,000
artefacts in
LSST with
traditional
methods.




Galaxy + Background Galaxy Background

20.0 20.0 20.0
250 4 250 4 250
[ Galaxy modelled [ Galaxy modelled 1 (] Galaxy modelled
. 17.5 17.5 { 17.5
200 4 15.0 200 A 15.0 200 - 15.0
12.5 12.5 12.5
150 4 150 4 150 4
@ 10.0 0 -10.0 O 10.0
100 4 - 7.5 100 A - 7.5 100 - - 7.5
5.0 -5.0 § 5.0
50 A 20 + 50 1
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0 ™ e T 2 r -l 0.0 0 1 T T 1 0.0 0+ ™ 1 P— T it 0.0
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250

Enter score, -1 for failed fitting, @ for non-LSBS, 1 for LSBS and s to stop
” | RGB DESI

Visual
Inspection
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New LSBGs ldentified

Coadd Object ID : 70739980  Coadd Object ID: 295747204 Coadd Object ID: 67813078  Coadd Object ID: 439755439

A
C ) NCBJ
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Red and Blue LSBGs

Blue galaxies are generally actively : 1 SBGs identified
forming stars and are so named o E C—1 in this work
because they emit more Ilght at shorter, 3 2.0 1 T %gﬁ%ﬁﬁ}gﬁ'ﬂgfdé%z o
bluer wavelengths, which is a hallmark ; E
of young, hot stars. E 15 . S
e Red LSBGs
o
Red galaxies, on the other hand, emit $ 1.0
more light at longer, redder T
wavelengths, indicating red galaxies é 0.5 -
tend to have older, more evolved stars, § '
and are therefore less active in terms of
star formation. P
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Properties of LSBGs in DES: Clustering -

90° 60° 30° 0° —30°

—— DES footprint

Red LSBGs identified in
X this work

0° Red LSBGs identified in
®  Tanoglidis et al. (2021b)

—15°

Red LSBGs
—30°

Dec [deg]

—45°

—60°

~ 150° 120° 90° 60° 30° 0° —30° —60° —90°
&)y NeBJ RA [deg]



Properties of LSBGs in DES: Clustering |

Blue LSBGs
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