Finding colliding
galaxies in big data

Aidan Cotter

W. J. Pearson, S. Dey, B. Margalef-Bentabol,
A. Guzman-Ortega, V. Rodriguez-Gomez

. »
[ ESA/Hubble & NASA, J. Dalcanton, Dark Energy -
Graduate SChOO/ seminar 5th MarCh 2026 Survey/DOE/FNAL/DECam/GTIO/NOIRLab/NSF/AURA




Outiline

3 »
ESA/Hubble & NASA, J. Dalcanton, Dark Energy -
Survey/DOE/FNAL/DECam/GTIO/NOIRLab/NSF/AURA




Outiline

Introduction

3 »
ESA/Hubble & NASA, J. Dalcanton, Dark Energy -
Survey/DOE/FNAL/DECam/GTIO/NOIRLab/NSF/AURA




Outiline

Introduction

Classification techniques

3 »
ESA/Hubble & NASA, J. Dalcanton, Dark Energy -
Survey/DOE/FNAL/DECam/GTIO/NOIRLab/NSF/AURA



Outiline

Introduction

Classification techniques

Can morphologies beat Al?

3 »
ESA/Hubble & NASA, J. Dalcanton, Dark Energy -
Survey/DOE/FNAL/DECam/GTIO/NOIRLab/NSF/AURA



Outiline

Introduction

Classification techniques

Can morphologies beat Al?

Future developments

3 »
ESA/Hubble & NASA, J. Dalcanton, Dark Energy -
Survey/DOE/FNAL/DECam/GTIO/NOIRLab/NSF/AURA



Outiline

Introduction

Classification techniques

Can morphologies beat Al?

Future developments

: »
Su m mary ESA/Hubble & NASA, J. Dalcanton, Dark Energy -
Survey/DOE/FNAL/DECam/GTIO/NOIRLab/NSF/AURA



Outiline
Introduction — .

Classification techniques

Can morphologies beat Al?

Future developments

: »
Su m mary ESA/Hubble & NASA, J. Dalcanton, Dark Energy -
Survey/DOE/FNAL/DECam/GTIO/NOIRLab/NSF/AURA



An overview of Introduction
galaxy structure

MESA/Hubbie & NASA



An overview of Introduction

1

4/32



An overview of Introduction

galaxy structure . T
Disk
Bulge™ - Globular

clusters
Halo 4/32



An overview of % Introduction
galaxy structure.~

Y
Y
AY
\
AY
\
AY
AY
\
\
\
\
\
\
\
\ Halo
\
\
1
1
1
1
1
1
1
1

1
1
1
1
1
1
1
1
1
U
1
1
/7
/7
i
/7
4
4
4
4
7
7
4
4
4
’
’
’

Globular
clusters

4/32



Big picture Introduction

Dark Energy
Accelerated Expansion
Afterglow Light
Pattern Dark Ages Development of
375,000 yrs. Galaxies, Planets, etc.

£ BT e, il M
I SR

Inflation

Quantun
Fluctuations

1st Stars
about 400 million yrs.

Big Bang Expansion

NASA/WMAP
science team

13.77 billion years
5/32



Big picture Introduction

Dark Energ
Accelerated Expansig
Afterglow Light
Pattern Dark Ages Development of
375,000 yrs. Galaxies, Planets, etc.

Inflation ‘

ESO, L. Calcada

1st Stars
about 400 million yrs.

Big Bang Expansion

NASA/WMAP

science team 13.77 billion years




Local picture Introduction

Galaxies
collide

-

6/32

P. jonsseon, G. Novak, J. Primack, V. Sprigel, N.
McCurdy, N. E. Abrams



Local picture Introduction

Galaxies ' Gas is
collide disturbed

-

6/32

P. jonsseon, G. Novak, J. Primack, V. Sprigel, N.
McCurdy, N. E. Abrams



Local picture Introduction

Galaxies ' Gas is _ Compression
collide disturbed of gas

-

6/32

P. jonsseon, G. Novak, J. Primack, V. Sprigel, N.
McCurdy, N. E. Abrams



Local picture Introduction

Galaxies ' Gas is _ Compression ' Star formation
disturbed

collide of gas enhanced

-

6/32

P. jonsseon, G. Novak, J. Primack, V. Sprigel, N.
McCurdy, N. E. Abrams



Local picture Introduction

Galaxies ‘ Gas is Compression — Star formation
collide disturbed of gas enhanced

Material falls onto
supermassive black
hole

-

6/32

P. jonsseon, G. Novak, J. Primack, V. Sprigel, N.
McCurdy, N. E. Abrams



Local picture Introduction

Galaxies ‘ Gas is Compression — Star formation
collide disturbed of gas enhanced

Material falls onto

. Active galactic
superme;]islleve black —) nucleus triggered

-

6/32

P. jonsseon, G. Novak, J. Primack, V. Sprigel, N.
McCurdy, N. E. Abrams



Local picture Introduction

Galaxies ‘ Gas is Compression — Star formation
collide disturbed of gas enhanced

Material falls onto

. Active galactic
SUpermisz'eve black m— nucleus triggered

_______ -
I

: Morphology |
I changes |

-

, : ; : 6/32
P. jonsseon, G. Novak, J. Primack, V. Sprigel, N.

McCurdy, N. E. Abrams



Challenges in Introduction

classifying mergers

Erregular morphology and complicated dynamics J

> Methods based on modelling are impractical

7/32



Challenges in Introduction

classifying mergers

Irregular morphology and complicated dynamics
> Methods based on modelling are impractical

Projection problems
> (Cannot always see pairs

7/32



Challenges in Introduction

classifying mergers

Irregular morphology and complicated dynamics

> Methods based on modelling are impractical

Projection problems

> (Cannot always see pairs

Difference between surveys

> |nconsistent classifications

7/32



Introduction

Classification techniques <

Can morphologies beat Al?

Future developments

Summary

Outiline

3 »
ESA/Hubble & NASA, J. Dalcanton, Dark Energy -
Survey/DOE/FNAL/DECam/GTIO/NOIRLab/NSF/AURA



Visual
classification

9/32
Margalef-Bentabol+24



Visual
classification

9/32
Margalef-Bentabol+24



Visual
classification

9/32
Margalef-Bentabol+24



Visual
classification

9/32
Margalef-Bentabol+24



Visual
classification

9/32
Margalef-Bentabol+24



Close pairs Classification techniques
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a model
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post-mergers
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