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T]’IC study Of‘ga]ﬂXy structure through galaxy images.

= Image processing tools that allow extracting quantitative information from galaxy images;

= investigate how the light is distributed in ig;

= provide clues regarding differences between elliptical, spiral and lenticular galaxies;

®m create a parameter space to identify them;
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Galaxy Classes and Galaxy Zoo

S-PLUS Galaxy Data set = GZ provides classification for ~ 8500 of the 12K
galaxies: 14% Elliptical, 34% Spiral, 52%
= imaging data from Stripe82-DR1, Uncertain class;
comprising about ~ 12 000 galaxies; = the lenticular class galaxy list was constructed by
w they were given by (Nakazono et. al, making a multi-step analysis:
2021) classification using selection of prob_S0>0.6 &
prob_gal> 0.6; T-Type€ [—2.5, 0.5] candidates in GZ;

from Item 1, take only low prob_E and
prob_sS from (Bom et al., 2021);

make a visual inspection of remaining objects in
Ttem 2.

» and a magnitude cut of r_petro< 17
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NON-PARAMETRIC GALAXY MORPHOLOGY

Standard Measurements: Concentration C,
smoothness S, asymmetry A, Gini G;

momentum My;

Additional quantities: entropy H, spirality
Ty kurvature x; fractional radius Re;

curvature metrics: area Ay, median of

curvature <7C> 9

C=5logt+%)

20

CAS-System. Adapted from (
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NON-PARAMETRIC GALAXY MORPHOLOGY

quantities before mentioned.

5 Automatcd lepI'OZlCh to computc EhCSC
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&y dR

K(R) X %, d/‘t’ = Z—RP — xYE€ [0, 1] 1)

Curvature Approach

_ log[I(R)] — min(log )
o max(log I) — min(log I) SICH @)

—3/2
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Figure 3: Adapted from (Lucatelli and Ferrari, 2019). \\\ e
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NON-PARAMETRIC GALAXY MORPHOLOGY

Peak #1  peak Height

Peak
Prominence

Inner

ELCIES ompon two regions: and ;

curvature pC’Ak ’AHO\VS to Splif a galaxy into

median radial position where the pcaks are

found: <Rpm]\,> ~ 0.22 X (2R,)

with this, we can calculate metrics for each

region.

Curvature peaks distribution.

9
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MACHINE LEARNING: RANDOM FOREST

Machine Learning is a practical way to deal
with largc data sets and classification

purposes;

we combine all available measurements
performed by MFMTK with Machine

Learning;

1

BT-inner-outer|
BT-inner-T|
BT-outer-T]
M20-nseg
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R500uter-div-R50inner|
s3
nFit2D
M20-n
s1

H
R500uter-R50inner-R50
G

HK
IRkurvmedian
R500uter-R50inner
sigma-psiseg

A0

a

kmean

u-z-petro

Al

Rp

sigma-psi

area

2

a

kmedian

g-r-petro

qFit2D

km-o
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015 020
Feature importance
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MACHINE LEARNING: RANDOM FOREST

Confusion Matrix RFC Test Set - Opt Threshold
ROC RandomForestClassifier - E, S, SO

0.8000

class 0 (area = 0.95)
(area = 0.96)
0.88)

0.7647

0.4

False Positive Rate

ed label

accuracy=0.7794; misclass=0.2206
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RESULTS: DIAGNOSTIC DIAGRAMS
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RESULTS: DIAGNOSTIC DIAGRAMS

Spirality Ty VS concentration Cj.

all fileers.

Entropy H vs concentration Cy — avcragcd in
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Lenticular
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Figure 9: Spiral galaxies with smooth spiral arms resembling lenticular galaxies.




Figure 10: Lenticular galaxies resembling elliptical galaxies.




RESULTS: INCLUDING MERGERS

Median of A0 for each sub-class

F660 861 Z Ri 0.6 0.7
filter Gini G[R]

Including mcrgcr dllta.

21
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Non-Parametric Morphology Next steps
= we have introduced new set of non-parametric w for the paper on S0:
quantities which demonstrated good relation > investigate the impact of
between different types of galaxy morphologies ; individual filters for the

.. . . e classification.
= combining multiple features improve our ability to

distinguish properties of ETGs, LTGs and SOs.

Classification rcgarding resolution

m for the S-PLUS IDR3:

> calculate morphological
features for all galaxies in idr3;

» there are smooth similarities between SO galaxies > predict and study all SOs
with both ETG and LTG; galaxies in idr3;
> ) : .
= smooth spiral features may look like disks ;gzg-smgate merging galaxies in
components of S0 galaxies; > provide classifications
= SO galaxies having dominant bulges and smooth disk E-S-SO-MG for all idr3 using
components may look like ETG; morphological features.
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