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Why (visually) classifying 
galaxies?

Complex problem



BOX 1

BOX 1I



BOX 1

BOX 1I



BOX 1

BOX 1I
“Objects in the 

same box 
experienced 

the same 
physics”



BOX 1

BOX 1I
“Objects in the 

same box 
experienced 

the same 
physics”



Parametric description
• Parametric - Fit of an analytic 

profile (Sersic, Exp …) - e.g 
Peng+02, Barden+12 etc.. 

• +: quantitative, structural 
information 

• -: Model assumption. bad 
model for many galaxies, 
bad match with Hubble 
sequence

MHC+07



Going beyond Sersic/BD 
decompositions is highly desirable

• 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 
inspections is needed



Automated morphologies
• Non-parametric - measure 

features on the images 
without model assumption 
and establish correlations 
between values and 
morphological types 
(C,A,M20,Gini…)  

• +: not model dependent 

• -: not quantitative
Abraham+96



Learning 
algorithm
(Neural 

Network, 
SVM…)

DATA

Dimension 
reduction

PCA or manual 
(colors, C, A, n …) 

morphs.
photoz’s

….

N 
parameters

FIRST ML TESTS: LINEAR REDUCTION OF DIMENSION + 
CLASSIFIER
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Bernardi+13b

• z~0 - SDSS - Bayesian classification of ~1e6 
galaxies - gepicom04.obspm.fr/sdss_morphology/Morphology_2010.html

MHC+11

SOME EXAMPLES
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Limitations

MHC+14a

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

EUCLID



Good choice of features?

MHC+14a
LEARN THE FEATURES!



Gini-M20 plane (EUCLID emulated images)

Very noise/resolution dependent…

ETGs
LTGs
Irr
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FEATURE LEARNING 
LAYERS

OPTIMAL FEATURESDEEP-LEARNING!



GZOO2 decision tree

37 
probabilities!





CANDELS survey

HST NIR survey of 
4 cosmological 

fields

Rest-frame 
optical high-

resolution moro 
morphologies at 

1<z<3 



CANDELS as a test case for EUCLID

Kartaltepe+14

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

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



Dielman+14

CONVNET for SDSS (60.000 galaxies)
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Neural Network

INPUT: RGB 
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OUTPUT: 37 
GZOO 
probs.



Dielman+14

CONVNET for SDSS (60.000 galaxies)

Feature learning

Neural Network

INPUT: RGB 
JPEG SDSS 
snapshots

OUTPUT: 37 
GZOO 
probs.



Pre-processing

Random rotation 
+ interpolation to 

~SDSS size

Conversion to JPEG 
with random color 

perturbation

X 3 filters 
(f160,f125,f105)

~8000 H< 24.5 
GDS galaxies 

visually classified
~60.000 galaxies



CONVNET for CANDELS

Feature learning

Neural Network

INPUT: RGB 
JPEG GDS 
snapshots

OUTPUT: 10  
probs.

10

- TRAIN: ~50.000 redundant galaxies 
in GDS (~10 days) 

- CLASSIFY: GDN, COSMOS, UDS, 
GDS (~8h/field)
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Catastrophic “errors”

fsph=0.82 / 0.25  
fdisk = 0.5 / 0.76 
firr = 0.0 / 0.22

fsph=0.76 / 0.11  
fdisk = 0.6 / 0.66 
firr = 0.39 / 0.53

fsph=0.8 / 0.25  
fdisk = 0.75 / 0.95 

firr = 0.0 / 0.0

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

~15/8000=0.2%

VISUAL / AUTO



“Uncertain” objects

H mag Redshift Mstar



“Uncertain” objects

H mag Redshift Mstar



Entropy - agreement between classifiers

MAG Redshift Mass



Future work
• Extend to other, more detailed, morphological 

features 

• Generalize 

• Main limitation, training set size! 

• numerical simulations as input (Illustris, Horizon 
etc…) 

• Self-learning??


