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Galaxy Morphologies from Light Profiles

Can we use the light profile alone
to classify the morphologies of
galaxies into two simple classes:
splral disks and ellipticals? Why?

The light profile is a common
characterization (unlike 2D)

— The shape of the profile is meaningful in
terms of internal galaxy properties

— Galaxy properties /morphologies are
correlated.

— High-level understanding of galaxy
formation and evolution

When using supervised machine
learning: can we trust the “gold
standard” morphology catalogs?

log Surface Brightness

log Radius
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Spiral or Elliptical?




Spiral or Elliptical?




Resolution and Size

Object “Resolution” Apparent size on the sky
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Classification Bias
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We DO NOT expect the fraction of types to fundamentally vary as a function
of the observable properties.

We DO expect the fractions to depend on the
intrinsic properties of the galaxies.
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Classification Bias and Training Sets
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Quantifying Classification Bias
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e Define the expectation
in finite bins for a given « sym the £ distance

observable property A. over all observables.

* Compute the £ distance « | measures the overall
to the expectation of classification bias and
the observable given should be <0> in the

the truth. limit of large N.
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The Data: Galaxy Zoo

Lintott et al.

Galaxy Zoo is a Zooniverse project. ~ Our Projects username password

S LAY 700 (-

Few have witnessed what you're about to see

Experience a privileged glimpse of the distant universe as observed by the SDSS, the Hubble Space Telescope, and UKIRT

Classify Galaxies

To understand how galaxies formed we need your help to
classify them according to their shapes. If you're quick,
you may even be the first person to see the galaxies
you're asked to classify.
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Galaxy Zoo Classification Bias

Size Redshift Brightness

. L3 M M 1
INCreasing > INncreasing —_—> decreasmg >
0.40 T T T 045 T T T T 0.45 T T T T T T
H All H All
O4O-H N=10 =4 N=10
035k ’ H N=20 0-40'H N =20
’ 6 N=50 %<9 N=50
0351
0351
030
0.30
-3 ~ 030+
0251
0.25F
025
020
020
045} 0.20
0.15 ! 1 1 L ! 01 L ! ! ! 0.1 j L ! ! ! 1
0 5 10 15 25 30 .00 0.05 0.10 0.15 0.20 0.25 = 15.0 155 16.0 165 17.0 175 18.0
cut in r/6; cutinz cutinm

The least
biased
subset



Part |: Classification Bias in the “Gold

Standard Datasets”

 Astronomers have defined “Gold Standard”
I\/Iorphologlcal Datasets (not a library!)

Reference Catalogue of Bright Galaxies (de Vaucouleurs 1964,1995)
Uppsala General Catalogue of Galaxies (Nilson 1973)

Revised Shapley Ames Catalogue (Sandage & Tammann 1980)
SDSS (Fukugita et al. 2007)

Galaxy Zoo (Lintott et al. 2011)

Classifiers are teams of people

Of one, two or three experts (Classic)
Of 100s of non-experts (Galaxy Zoo)

All “Gold Standard” Morphological Catalogs are
Biased



Part II: Classifying with the Sérsic Light Profile
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Part II: Classifying with the Sérsic Light Profile




Single Parameter Classification with Bias:
Simulation
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Single Parameter Classification with Bias:

Simulation
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The Sérsic Light Profile

Sérsic parameters: Re € n



The Sérsic Light Profile

I5(¢) = Ipe (@)™

Sérsic parameters: Re € n



From 1D to Multi-dimensional
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How do we separate spirals and
ellipticals using the Sérsic parameters?

ellipticity < [0.0, 0.5)

~
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h(ZB) = CZZZ)ZK({EZ .’B) + bo

-SVM models the training set as points in the
parameter space.

-These points are mapped, so that the separate
o e 0 T classes are “optimally” divided.

I 0 spirals | -New examples are then mapped into that

L same space and predicted.
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How do we separate spirals and
ellipticals using the Sérsic parameters?
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How do we separate spirals and
ellipticals using the Sérsic parameters?

ellipticity < [0.0, 0.5)
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The GZ SVM Classifications:
Accuracy, Precision and Bias
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A Generalized Approach:

Simultaneous De-Biasing and Classification
* Define a Iikelihood'
P(D|©®) HP Uilxi, o, O)

e

For example, in 2D Sérsic:  x = {Re,n} a = {m,, radius/PSF} ©={6,0,w)

* Maximize via Expectation-Maximization

Oy, = mgx{ln P(D|©®)}

Cabrera, Miller, Schneider, 2014 ICPR in press



A Simultaneous Approach via EM and Informative Priors:
Lowering the Bias in Morphological Classifications
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Cabrera, Miller, Schneider, 2014 ICPR in press
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RadIUS/PSF Cabrera, Miller, Schneider, 2014 ICPR in press



Summary

e C(Classification Bias (Inter-disciplinary component)
— “gold standard” data sets (in astronomy) are rarely gold standards.

— It’s not only about accuracy and contamination rates (e.g., ROC curves,
confusion matrices, etc). The formalism of bias needs to be included.

— A generalized simultaneous approach works best
* Include prior probabilistic information about bias and classifications
* Generalizes to multi-model classifications

e Galaxy Sérsic Light Profile (Domain science component)

— Does a very good job of recovering classifications w/o the need for
other correlated parameters like color

— Fixes the problem of a single-parameter classifiers

— They are easy to measure and come “free” with modern
astronomical catalogs

Cabrera, Miller, Schneider, 2014 AplJS submitted Cabrera, Miller, Schneider, 2014 ICPR in press



Summary

Breadth of Knowledge

Modern research )
Pi-shaped

Classic research
T-shaped

Depth of Knowledge

Domain Specialty
Domain Specialty
Stats/Computing

Cabrera, Miller, Schneider, 2014 AplJS submitted Cabrera, Miller, Schneider, 2014 ICPR in press



L SVM
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Simulations

6 = 0.03, changed labels = 17%

Ground Truth Biased WLR DEM
Accuracy 92389 + 0382 8875 + 113 8978 + 123 9298 + 09
AUC 0981 + 0002 0977 0005 0978 0005 0981 4+ 0.003
L 0073 0032 0087 0035 0079 40034 0076 4+ 0034
L data 0075 +£ 0038 0218 + 0031 - -
6 = 0.05, changed labels = 25%
Ground Truth Biased WLR DEM
Accuracy 9249 + 0.77 7827 £ 1.76 7989 + 171 9222 + 062
AUC 0979 + 0003 0974 0003 097540003 0979 + 0.003
L 0055 +0018 0204 0037 0.188 0034 0056 4+ 0017
L data 0056 + 0.02 0.293 + 0027 - -
@ = 0.1, changed labels = 35%
Ground Truth Biased WLR DEM
Accuracy 9344 + 0383 5141 + 2.77 5035 + 3.17 9335+ 09
AUC 0983 +0003 0977 0005 0977 40005 0983 4 0.003
L 0072 + 0.032 045 4+ 0041 0461 +- 0041 0069 4 0031
L data 0061 +0023 0343 + 0033 - -




Classification Bias in the “Gold
Standard Datasets”

" data-set L for 1,843 objects

using 5 x 5 X 4 bins

Fukugita 0.191
Huertas-Company 0.141 £ 0.011
(GZ biased 0.318 £ 0.019
GZ debiased 0.156 £ 0.014




