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Why (visually) classifying
galaxies?

Complex problem
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“Obijects in the
same box
experienced
the same
physics”







Parametric description

ORIGINAL MODEL RESIDUAL

Yo
» Parametric - Fit of an analytic ¢ 0 BN
. . .'\f\ e Sre]
profile (Sersic, Exp ...) - e.g
Peng+02, Barden+12 etc.. _ »
* +: quantitative, structural - -
information

* -: Model assumption. bad
model for many galaxies,
bad match with Hubble
seqguence
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Going beyond Sersic/BD
decompositions is highly desirable

e GZOO: citizen science based visual classification of SDSS,
CANDELS etc...

® 314 papers,> 3000 citations

® All big surveys have visual classifications - COSMOS,
CANDELS etc..
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Combination of machine intelligence with human-based
iInspections Is needed
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Automated morphologies

Non-parametric - measure o —p—F—F—+——
features on the images |
without model assumption
and establish correlations
between values and
morphological types
(C,A,M20,Gini...)
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* +:not model dependent ~ °° e -04 -02 0

Abraham+96
e -: not quantitative



FIRST ML TESTS: LINEAR REDUCTION OF DIMENSION +
CLASSIFIER

Dimension
reduction
\ Learning
algorithm
(Neural s g
Network, morphs_
SVM...) ’
photoz’s

PCA or manual
(colors, C,A,n...)




TEST OF MACHINE

G@A}LSQM MHC+08,09,1 | MACHINE LEARNING
http://gepicom04.obspm.fr/galSVM/Home.html ALGORITHMS
TRAINING @
SAMPLE

Local
Sample with
known visual

morphology
Measure -
parameters: SAMPLE | —»  Accuracy
AE,C,G,M20,S...

REAL CLASSIFED
SAMPLE SAMPLE



http://gepicom04.obspm.fr/galSVM/Home.html
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http://gepicom04.obspm.fr/galSVM/Home.html

G@LS@M MHC+08,09,! |

http://gepicom04.obspm.fr/galSVM/Home.html

TRAINING
SAMPLE

Local
Sample with
known visual
morphology

Measure
parameters:

AE,C,G,M20,S...

TES

REAL
SAMPLE

TEST OF MACHINE
MACHINE LEARNING
ALGORITHMS

CLASSIFED
SAMPLE



http://gepicom04.obspm.fr/galSVM/Home.html

G@A}LSQM MHC+08,09,1 1

TEST OF MACHINE

MACHINE LEARNING

http://gepicom04.obspm.fr/galSVM/Home.html

ALGORITHMS

TRAINING R
SAMPLE
— | _____
Sample with
known visual
morphology
Measure — =
parameters: SAMPLE  |*\ | SWM | ]— Accuracy
AE,C,G,M20,S...
/ N\
_ CLASS: late
REAL -
SAMPLE » P,.>0.5
» P_.=1-P

early — late


http://gepicom04.obspm.fr/galSVM/Home.html

SOME EXAMPLES
® z~0 - SDSS - Bayesian classification of ~1e6

gaIaX|eS = gepicom04.obspm.fr/sdss _morphology/h
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SOME EXAMPLES

z>1

WFC3/ERS

-
. - - - - . -
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-
L] - - L - .
Peg=0.73 | |Perg=0-87 | |Perg=0.84| |Perg=0.83| |Per0.81 | (Perc=0.82| |Perc=086

MHC+14a



SOME EXAMPLES
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20-30% contamination in a sample of ETGs at z>1

L Imitations

Pihresh PERS(ERSy CERS(ERS) PSPSS(ERS) C°PSS(ERS)
ETGs
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Good choice of 1
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LEARN THE FEATURES!
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Gini-M20 plane (EUCLID emulated images)
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Very noise/resolution dependent...



Dimension

reduction
\ Learning
algorithm
(Neural (s g
Network, morphs_
SVM...) ,
/ photoz’s

PCA or manual
(colors, C,A,n...)




DEEP-LEARNING! OPTIMAL FEATURES

Learning
algorithm

FEATURE LEARNING (Neural s g
LAYERS Network, morphs_

SVM...) ohotoz’s




GZ0O0O2 decision tree

Is the galaxy simply smooth and rounded,
with no sign of a disk?

Could this be a disk viewed edge-on?

'

How rounded is it?

Does the galaxy have a bulge at its centre? e of the galaxy?
If so, what shape? . —

l ‘ | A NS W A N b A O A AN A T A O A T AN AN e A T )

37
robabilities! |

Is there anything odd?

Is there any sign of a spiral

How tightly wound do the spiral arms appear? € -,.“mep"ufmz_,-

Is the odd feature a ring, or is the @ S 6
galaxy disturbed or irregular?
Figure 1. Flowchart of the classification tasks for GZ2, beginning at the top centre. Tasks are colour-coded by their relative depths in

the decision tree. Tasks outlined in brown are asked of every galaxy. Tasks outlined in green, blue, and purple are (respectively) one, two
or three steps below branching points in the decision tree. 'l‘able@ describes the responses that correspond to the icons in this diagram.

= e X N y L -3

How many spixx arms are there? How prominent is the central bulge,
compared to the rest of the galaxy?




Galaxy Zoo - The Galaxy Challenge
e ek

Friday, December 20, 2013 $16,000 * 329 teams Friday, April 4, 2014

Competition Details » Getthe Data » Make a submission

Classify the morphologies of distant galaxies in our
Universe

Understanding how and why we are here is one of the fundamental questions for the
human race. Part of the answer to this question lies in the origins of galaxies, such as
our own Milky Way. Yet questions remain about how the Milky Way (or any of the
other ~100 billion galaxies in our Universe) was formed and has evolved. Galaxies
come in all shapes, sizes and colors: from beautiful spirals to huge ellipticals.
Understanding the distribution, location and types of galaxies as a function of shape,
size, and color are critical pieces for solving this puzzle.



Degination (2000)

CANDELS survey

JESOS s e el e S RG]
sob .
sk »

HST NIR survey of

i

| 4 cosmological
e fields

ol RS

aen] DB Rest-frame
‘- optical high-
1 resolution moro
morphologies at
"l 1<z<3

¥ ame % e o %
Right Ascensisn (2000)




CANDELS as a test case for EUCLID

Main Morphology Class

l

: Disk =™ Spheroid '—~ Peculiar / Irregular = Point Source / Compact ™ Unclassifiable

Interaction Class

I

Merger Interaction Interaction | | Non-Interacting None
| & within Segmap beyond Segmap - Companion

Kartaltepe+14

— Classitication of galaxies in GOODS-S with H<24.5
— Each galaxy is classitied by 3-5 experts

— Fractions for ~8000 galaxy in GDS
— Classification done in F160 (+F125,F105)



CONVNET for SDSS (60.000 galaxies)

Feature learning

N Neural Network

| - < >
UAHEREA e T
" Dielman+14
JPEG SDSS G700
snapshots probs.



CONVNET for SDS

((60.000 galaxies) )

Feature learning

Neural Network
| 40 o
16 X .
6 < >
' ' ' d | ! ; - -
’ | ' | . ' Max
o 4 ‘ .
128 pooling R
16 M“’l“ 128 = 2x2
pooling "~ .
40 Max o4 g8 I
pooling v —
U 32 =20x20 37
3 (RGB) —
J .
X16 2048 2048
maxout(2) maxout(2)
Dielman+14

JPEG SDSS G700

snapshots orobs.



rocessing

i Conversion to JPEG }
i with random color |
perturbation ?;

{ Random rotation
} + interpolation to §
i ~SDSSgige |

X 3 filters
(f160,f125,f105)

~8000 H< 24.5
GDS galaxies
visually classified

~60.000 galaxies




CONVNET for CANDELS  TRAIN: ~50000 redundant galaxies

CLASSIFY: GDN, COSMOS, UDS,
GDS (~8h/field)

Feature learning

< >
- Neural Network
S NN - "
AN AT e
3 (RGB) - J :: L 10
16 ed?) et
INPUT: RGB
PR GDG OUTPUT: 10

snapshots props.



CONVNET for CANDELS  TRAIN: ~50000 redundant galaxies

CLASSIFY: GDN, COSMOS, UDS,
GDS (~8h/field)

Feature learning

<< >
Neural Network
40 y
16 ) . N
E | 6 < >
| SN
| | |
Max
6 4 - | —
: : 128 pooling | ‘
16N | ‘MRT' 128 = 2x2 | |
' | pooling > > |
a0 M o4 g8 —— |
a5 pooling —— _—
U 32 =20x20 _—
3 (RGB)
X16 2048 2048

maxout(2) maxout(2)

INPUT: RGI
JPEG GDS
" apshot

OUTPUT: 10
probs.




CONVNET for CANDELS  TRAIN: ~50000 redundant galaxies

CLASSIFY: GDN, COSMOS, UDS,
GDS (~8h/field)

Feature learning

< >
Neural Network
40 U
16 '
E ’ 6 < >
TR
| | |
Max
6 4 : |
| 5 128 pooling ; s
16\ | ;’M‘""l“ 128 = 2x2 o |
L pooling —_—
a0 Max o a8 L — | |
45 pooling — :‘
U 32 =20x20 _—-
3 (RGB)
X16 2048 2048

maxout(2) maxout(2)

INPUT: RGI
JPEG GDS
\\$napshots /

/" outpuT: 10"

\  probs.




AUTO

1.0 "~ T T T T T T T T T 7
i 5
L '/' g
0.8 % 4 -
i v
O
0.6 - R4
7
o F
7
- -
0.4~ 7 4
L 7 <
0/'
0.2 P4 .
T,
o
0.0/ . I B B B
0.0 0.2 0.4 0.6 0.8 1.0
1.0 ~ 7 ‘ i 7
i e
0/' b
7
0.8~ o i
. '/’
3 0,6? // J
3 ke
i 5
R 0.4~ v *
i y
: wa
0.2 % /'/ 7
- ,
0/‘
O.OB/,H\H‘\H‘\H‘\H
0.0 0.2 0.4 0.6 0.8

fos [visual]

1.0

1.0 ¥ ! /‘ 1.0 L R4
L %/ ‘ L '/ y
L Ve q L 7
0.8+ + gt 0.8 e
i % | i R
3 1 ;
0.6 - e . 0.6 7 -
7
F 7
| > ;
0.4 i - 0.4 - A B
7. < 2
7
£ ¥ | £
0.2 , e 0.2 /.’ ]
/7’ 2
B '/.
0.0}, 0,0/;/ “““ I R R
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1
1.0 ‘ t 7
i v
L '/' i
0.8~ /'/ -
i R
7@
0/.
o 0.6 R4 -
E 7
o v
— .
L0al /]
— . [ 7 -
i 7 ®
0/‘
0.2 /./ |
.,
0.0 & T A R I DR DR
0.0 0.2 0.4 0.6 0.8 1.0

fuac [visual]

.0



AUTO

1.0

0.6 -

0.2

/,°
2
O'O 7/ |

Vi

0.0

AUTO

0.4

SU

0.

AL

1.0

1.0[ 7

0.8

0.6 -

0-2 £

/.

0.0a.

0.0

0.2

0.4 0.6

VISU

AL

AUTO

0

1.0 77"

0.6
0.4

0.2

0.0

] '/.
0.0}, e

0.2

0.4 0.6

VISU

AL

1.0

0.6 -

AUTO

VISU

0.2

0.4 0.6

VISU

AL

0]

0.6

AL

.0



DOMINANT CLASS
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SPHEROIDS




Catastrophic “errors”

fsph_v > 0.7 and fsph_a < 0.3 or fsph_v < 0.3 and fsph_a < 0.7

~15/8000=0.2%

fsph=0.82/0.25 fsph=0.8 / 0.25 fsph=0.76 / 0.11
fdisk =0.5/0.76 fdisk = 0.75/0.95 fdisk = 0.6 / 0.66
firr = 0.0/0.22 firr=0.0/0.0 firr = 0.39/0.53

VISUAL / AUTO



‘Uncertain” objects
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‘Uncertain” objects
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Entropy - agreement between classitiers
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Future work

Extend to other, more detailed, morphological
features

Generalize
* Main limitation, training set size!

 numerical simulations as input (lllustris, Horizon
etc...)

o Self-learning??



