DES-2020-0568
FERMILAB-PUB-20-533-AE

DES morphological catalog 1

Pushing automated morphological classifications to their
limits with the Dark Energy Survey

J. Vega-Ferrero,"?* H. Dominguez Sanchez,'* M. Bernardi,)! M. Huertas-Company,*>678
R. Morgan,” B. Margalef,! M. Aguena,'®!! S. Allam,'? J. Annis,!?> S. Avila,’> D. Bacon,!#
E. Bertin,!>!¢ D. Brooks,!” A. Carnero Rosell,”!® M. Carrasco Kind,!*?" J. Carretero,?! A. Choi,??
C. Conselice,?>?* M. Costanzi, % L. N. da Costa,'"?” M. E. S. Pereira,?® J. De Vicente,? S. Desai,*®
I. Ferrero,’! P. Fosalba,’>? J. Frieman,'>3 J. Garcfa-Bellido,!® D. Gruen,?*3>3¢ R. A. Gruendl,}%*°
J. Gschwend,'?” G. Gutierrez,!> W. G. Hartley,’”!73% S. R. Hinton,*® D. L. Hollowood,*
K. Honscheid,?>*! B. Hoyle,4>*34% M. Jarvis,! A. G. Kim,* K. Kuehn,***’ N. Kuropatkin,'?
M. Lima,'%' M. A. G. Maia,'"?” F. Menanteau,'>?® R. Miquel,¥2! R. L. C. Ogando,'"?’
A. Palmese, >3 F. Paz-Chinchén,**2% A. A. Plazas,® A. K. Romer,’' E. Sanchez,?’.VaSearpine,'?
M. Schubnell,?® S. Serrano,’>3 1. Sevilla-Noarbe,? M. Smith,>?> E. Suchyta,’® M. E. C. Swanson,?
G. Tarle,?® F. Tarsitano,® C. To,3*333¢ D. L. Tucker,!? T. N. Varga,*>** and R.D."Wilkinson>'

Author affiliations are listed at the end of this paper

1 March 2021

ABSTRACT

We present morphological classifications of ~27 million galaxies from the Dark Energy Survey
(DES) Data Release 1 (DR1) using a supervised deep-learning algorithm. The classification scheme
separates: (a) early-type galaxies (ETGs) from latestypes (LTGs); and (b) face-on galaxies from
edge-on. Our Convolutional Neural Networks (CNNs) are’trained on a small subset of DES objects
with previously known classifications. These typically have m, < 17.7 mag; we model fainter objects
to m, < 21.5 mag by simulating what the,brighter objects with well determined classifications
would look like if they were at higher redshifts. The CNNs reach 97% accuracy to m, < 21.5 on
their training sets, suggesting that they*aresable to recover features more accurately than the human
eye. We then used the trained CNNs, to-classify the vast majority of the other DES images. The
final catalog comprises five indepéndent, GNN predictions for each classification scheme, helping to
determine if the CNN predictions-are-xobust or not. We obtain secure classifications for ~ 87% and
73% of the catalog for the ETGws. LTG and edge-on vs. face-on models, respectively. Combining
the two classifications (a)dand (b) helps to increase the purity of the ETG sample and to identify
edge-on lenticular galaxies (as ETGs with high ellipticity). Where a comparison is possible, our
classifications correlate very well with Sérsic index (n), ellipticity (€) and spectral type, even for the
fainter galaxies. This'is the largest multi-band catalog of automated galaxy morphologies to date.
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1 INTRODUCTION intertwined with formation channels and evolutionary paths.
Whether galaxy morphology determines the fate of a galaxy
or, conversely, morphological transformations are driven by
their stellar population content is still a matter of debate
(e.g. Lilly & Carollo 2016). Distinguishing between the two
options is one of the main challenges in understanding galaxy
formation and evolution.

Morphology ‘is.a fundamental property of a galaxy. It is in-
timateély related to galaxy mass, star formation rate (SFR),
stellar Kinematics and environment (e.g. Pozzetti et al. 2010;
Wuyts et-al. 2011; Huertas-Company et al. 2016). Galaxy
structure changes across cosmic time and this mutation is

Having large samples of galaxies with morphological
* E-mail: vegaf@sas.upenn.edu classifications is crucial for studying the relation between
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shapes and star formation histories or mass assembly. Tra-
ditionally, morphological classification was done by visual
inspection. This method has the great inconvenience of be-
ing very expensive in terms of time (limiting the available
samples to a few thousands — e.g., Nair & Abraham 2010),
but it is also affected by the subjectivity of the classifier.
An alternative is people-powered research like the Galaxy
Zoo project (e.g. Lintott et al. 2008; Willett et al. 2013;
Walmsley et al. 2020), where volunteers are asked to clas-
sify galaxies. The large number of classifiers significantly re-
duces the task time and allows for a statistical analysis of the
answers. However, these methods still present important bi-
ases (see figure 24 in Fischer et al. 2019). More importantly,
they will be unable to keep up with the enormous amount of
data (millions of galaxy images) that the next generation of
surveys such as the Vera Rubin Observatory Legacy Survey
of Space and Time or Euclid will deliver: about a hundred
years would be needed to classify all data from the Euclid
mission with a Galaxy Zoo-like approach. Therefore, apply-
ing automated classification methods to such large surveys
is mandatory.

An alternative common approach is the quantitative es-
timation of galaxy morphology. In this methodology, the
galaxy light is described in terms of structural quantities
(e.g., magnitude, size, ellipticity, asymmetry, concentration,
etc.). For DES, such measurements are available for ~50
million galaxies up to m; < 23 mag (Tarsitano et al. 2018,
which also provides a comprehensive overview). This tech-
nique can rely either on the parametrization of galaxy light
profile (e.g., Sérsic function) or on the analysis of the dis-
tribution of galaxy light without accounting for the PSF.
Therefore it requires specific calibrations.

Recent studies in machine learning and deep learn-
ing techniques, in particular, present an attractive
way forward. The use of convolutional neural net-
works (CNN) for the analysis of galaxy images has
proven to be extremely successful for classifying galaxy
images (e.g. Dieleman et al. 2015; Aniyan & Therat
2017, Tuccillo et al. 2018; Huertas-Company et al.
2018; Dominguez Sénchez et al.  2018;  Metcalf et als
2019; Pasquet et al.  2019; Ntampaka et’al. /" 2019;
Hausen & Robertson 2020; Ghosh et al. 2020, =" and
many others). CNNs have overtaken other‘Supervised auto-
mated methods such as Logistic Regression, Support Vector
Machines, random forest, decision trees, etc.; in terms of
both accuracy and computation time, (see Cheng et al.
2020 for a detailed comparison), specially for image-based
(or array-based) data. However, supervised algorithms
rely on large samples of' pre-labelled objects on which
to train. Complex cldssification, such as the separation
between ETGs and LTGsy requires deep CNNs with a large
number of free parameters. These training samples should
come from thessame data domain (e.g., instrument, depth)
as the sample to: be classified. This ideal is particularly
challenging for new surveys where the overlap with avail-
able morphological catalogues may be limited. Transfer
learning between surveys is an alternative that helps reduce
theyrequired training sample size by almost one order of
magnitude (see Dominguez Sdnchez et al. 2019), but a set
of labelled objects with a similar distribution to the main
target sample is still needed.

In this context, we aim to provide morphological clas-

sifications for galaxies from the Dark Energy Survey public
data release DR1 (Abbott et al. 2018a). Although the scope
of DES is to probe the nature of dark energy, the survey
has observed the sky over 6 years mapping ~ 300 million
galaxies in the first three years as a by-product of DR1 —
which will become ~ 600 million galaxies for DR2 (Diehl
2019). This dataset is one of the largest and deepest among
modern galaxy surveys, reaching up to 24 mag in the 7-
band. Although there are enough DES galaxies in common
with previous morphological catalogues (in particular with
Dominguez Sanchez et al. 2018) to properly train CNNs,
they are limited to bright magnitudes (m, < 17.7 mag).

To reach the fainter magnitudes that are necessary to
probe the redshift evolution of morphological transforma-
tions, in section 2 we use DES galaxies with well-known
classifications and simulate what they would look liketifthey
were at higher redshifts. This dramatically reduces the qual-
ity of the redshifted images (while keeping track of the orig-
inal true labels). We then check if the GNNs are able to
recover features hidden to the human eye. In section 3 we
use the original and simulated samples toytrain‘our CNNs to
classify images as ETGs or LTGs, ‘and edge-on or face-on.
We then compare our CNN classifications with the corre-
sponding true labels of a sub-sample that was reserved for
testing, as well as with the properties of faint DES galaxies
from other available catalogues (see section 5).

This is the largest catalogue of galaxy morphological
classification to date (as'detailed in section 4), along with the
independent catalog produced by the companion DES paper
presented in_Chengiet al., where CNNs are used to classify
DES galaxies.into elliptical or spirals on the basis of the i-
band imrage. The' multiband morphological catalog presented
in this work provides reliable ETG/LTG classifications for 27
miillionygalaxies from the DES survey with m, < 21.5 mag.
Qur ‘catalog also includes an edge-on classification, which
canybe useful for other science analyses (e.g., probing self
interacting dark matter, Secco et al. 2018; estimating dust
attenuation, Li et al. 2020; Masters et al. 2010; or stuying
diffuse ionized gas, Levy et al. 2019; among others).

2 DATA SETS

In this section, we describe the dataset used for training and
testing, as well as the final sample to which we apply our
models in the construction of our catalogue.

2.1 Dark Energy Survey science DR1

The main objective of this work is to provide morpholog-
ical classifications for a large set of galaxies in the pub-
lic release of the first three years of DES data! (DES
DR1, Abbott et al. 2018a). The DES DRI covers the full
DES footprint (about 5,000 square degrees) and includes
roughly 40,000 exposures taken with the Dark Energy Cam-
era (Flaugher et al. 2015). The coadd images, taken in griz-
bands, are available along with catalogs of roughly 300 mil-
lion galaxies, reaching a median co-added catalog depth of

I DES database is publicly
https://des.ncsa.illinois.edu/desaccess/

aaccesible at
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g = 2433, r = 24.08, i = 23.44 mag at signal-to-noise ra-
tio S/N = 10, with a pixel size of 0.263"(see Abbott et al.
2018a for technical details).

We selected a high quality galaxy sample based on a
classification that separates PSF-like objects (such as stars
and QSOs) and extended objects (i.e., galaxies). The classi-
fier is denoted as EXTENDED_CLASS_COADD in the DES
database and it is derived using the spread_-model quan-
tity from Sextractor photometry (see Abbott et al. 2018b,
for more details); its value should be greater than 1 in or-
der to select medium and high confidence galaxies. We also
excluded regions of the sky with missing data or bright
stars in any of the observed bands by employing the masks
described in DES database, since that could affect our
model predictions. We used photometric data in the gri-
bands and selected galaxies brighter than m, = 21.5 mag,
where m, denotes the magnitude in an elliptical aperture
shaped by Kron radius in the r-band (MAG_AUTO_R in
the DES database), and with a half-light radius in the r-
band (FLUX_RADIUS_R in the DES database; denoted as
rr throughout the paper) larger than 2.8 pixels (or 0.74 ";
see section 3.1). See table 6 for more details. This selection
produces a final catalog of 26,971,945 (i.e., nearly 27 million)
galaxies. We provide morphological classifications for these
galaxies and describe our catalog in Section 4.

2.2 SDSS morphological catalogue

To derive morphological classifications of galaxies within the
DES footprint, we have used the morphological catalog pub-
lished by Dominguez Sénchez et al. (2018, DS18 hereafter),
which partially overlaps with the DES DRI (see section 3.2
for details). The DS18 is a publicly available catalogue that
provides morphologies for ~670,000 galaxies in the Sloan
Digital Sky Survey (SDSS) with m, < 17.7 mag. These were
obtained by combining accurate existing visual classifica,
tion catalogues (Nair & Abraham 2010) and Galaxy Zoo 2
(Willett et al. 2013; hereafter GZOO) with deep leafning
(DL) algorithms using CNNs. The DS18 catalogue provides
several GZOO-like classifications, as well as a T<Type (i€.
the numerical Hubble stage, de Vaucouleurs 1959) and a’sep-
aration between elliptical and SO galaxies. Although these
classifications are automated (i.e., deriyed ‘without any vi-
sual inspection), they are good enough (aceuraey > 97%) to
provide reliable labels for our training'sample.

2.3 Simulating DES galaxiesiat higher redshifts

Although the number-6f DES galaxies that are also in the
DS18 catalogue is large (~20,000), it is unlikely that a CNN
trained on a galaxy sample brighter than m, < 18 mag would
accurately classify the vast majority of considerably fainter
galaxies in DES. @neway to remedy this issue is to visually
classify agsample of fainter galaxies. That would have been a
tedious,task, subject to biases, since different classifiers (i.e.,
obsérvers) would almost certainly assign different classifica-
tions, (as can be seen in the GZOO catalog). In addition,
some of the features that distinguish ETGs from LTGs are
not so evident for faint distant galaxies (e.g. spiral arms, bar;
see figure 1), which would complicate the classification. An
alternative to visual inspection is to simulate what actual
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DES galaxies with a well-known classification would look
like if they were at higher redshift. We simulate the effects
of observing a galaxy at a higher z given its original DES
cutout at zg. To do so we use GALSIM % (Rowe et al. 2015)
and assume a ACDM cosmology with Qps = 0.3, Qp = 0.7
and h = 0.7. We perform the following steps:

e a de-convolution of the original image by the corre-
sponding point spread function (PSF) in each band. As an
approximation for the PSF3, we assume a Moffat surface
brightness profile (8 = 2) with FWHM equal to the FWHM
values for the DES PSF presented in Abbott et al. (2018b),
(1.12,0.96,0.88) arcsec for the gri-bands, respectively;

e a change in angular size due to the cosmological dim-
ming as follows:

s(z) _ Dy(zo) (1+2)
s(z0)  DL(2) (1+z9)%

where s denotes the size of the image, Dy cofrespends'to the
luminosity distance and zp and z are thé observed and the
simulated redshift, respectively. Note_that we keep constant
the DES pixel size of 0.263”" and, thereforey it is the size of
the image in pixels that changes”(it shrinks with increasing
2);

e a change in the apparent magnitude. This change in-
cludes the cosmological dimming effect, the k-correction and
the evolution of the intrinsic brightness of the galaxies. For
the ETGs, we assumeésthe evolution corresponds to that of
a single stellar population model, while for the LTG class
we assume a constant star formation rate (SFR, taking the
value from’SDSS spectroscopy). In summary, we express the
change in apparent magnitude as:

(1)

Dy (z)
Dy(z0)

where m(zg) and m(z) indicate the observed and redshifted
apparent magnitude, respectively, and Ameyo corresponds to
the change in magnitude according to the k-correction and
the evolutionary models;

e a convolution of the resulting image by the above men-
tioned PSF in each band;

e the addition of Gaussian noise to the final image. In
order to avoid contamination from the central galaxy, we
estimate the noise from a set of cutouts with a larger field
of view (~ 20 times the half-light radius). We use a robust
wavelet-based estimator of the Gaussian noise standard de-
viation (estimate_sigma function available for the scikit-
image4 package in Python).

m(z).— m(Zp) = Ameyo + Slog

: (2)

We apply this procedure to each band independently
and then we combine the three bands into an RGB im-
age. We simulate each galaxy satisfying the following condi-
tions: a) the final apparent magnitude (in the r-band) below
m,(z) < 22.5; b) the final size of the image, s(z), larger than
32 x 32 pixels; ¢) and the final redshift z < 1.0. The first
condition ensures that the CNN is learning from images of
galaxies that are even fainter than the limiting brightness of

2 https://github.com/GalSim-developers/GalSim

3 This approximation has no impact in the performance of the
classifications on real DES images, as demonstrated in section 5.
# https://scikit-image.org/
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Figure 1. Cutouts of a LTG (upper panels) with T-Type = 5.0 from DS18 observed at zg = 0.02 with m, = 15.6 mag and for an ETG
(lower panels) with T-Type = —2.4 observed at zop = 0.16 and m, = 16.7 mag. Cutouts from left to right show the original galaxies redshifted
to an apparent magnitude of m, = (18.0, 19.0, 20.5, 21.5) mag, respectively. For each panel, the redshift (z) and-the apparént magnitude
(m;) are shown on the upper left corner, while the size of each image (in pixels) is indicated in the lower left cormer. The features that
distinguish ETG and LTG galaxies become less evident at fainter magnitudes.

our project (m, < 21.5) but are still bright enough to pass
the DES detection threshold. The second condition avoids
extreme interpolations when constructing the input matrix
(see section 3.1). As mentioned above, the pixel size is kept
constant, while the size of the image decreases with increas-
ing z. This choice ensures that both the original and the
simulated image of the galaxy have the same physical size.

In figure 1, we show the original cutout at zy along with
four simulated cutouts for two galaxies (one LTG and one
ETG). For the LTG galaxy (T-Type = 5.0 from DS18), it can
be clearly seen how the spiral arms and the bar are almost
indistinguishable (by eye) when the galaxy is simulated at
a m, > 20.5 mag. The original size of the LTG image “is
310 x 310 pixels, while its simulation at m, = 21.5 mag is
only 32 x 32 pixels. For the ETG galaxy (T-Type,==2.4),
the original size of the image is 96 X 96 pixels, while the size
of its simulation at m, = 21.5 mag is 34 x 34 pixels:

3 DEEP LEARNING MORPHOLOGICAL
CLASSIFICATION MODEL

We apply DL algorithms using ‘CNNs to morphologically
classify galaxy images. DL is*aumethodology that automati-
cally learns and extraets the most relevant features (or pa-
rameters) from raw_datafor’a given classification problem
through a set ofon:linear transformations. The main ad-
vantage of thissmethodoelogy is that no pre-processing needs
to be done; the dnput to the machine are the raw RGB
cutouts for ‘each galaxy (i.e., gri-bands, respectively). The
main disadvantage is that, given the complexity of extract-
ing/and optimising the features and weights in each layer, a
large number of already classified (or labelled) images needs
to be provided to the machine. As explained in section 2, we
combine a previous morphological catalogue that overlaps
with the DES dataset with simulations of the original DES
images for training and testing how our model performs.

Since we want to apply the morphological classifica-
tion to the DES sample ‘that covers a much fainter range
of objects than the SBSS sample, we limit the morpholog-
ical classification to a’simpler scheme than that presented
in DS18: we classify the DES galaxies according to two dif-
ferent schemessa) early-type galaxies (ETGs) vs. late-type
galaxies (LTGs); and b) face-on vs. edge-on galaxies.

3.1). Network architecture

Given the success of previous studies that have used CNNs
for galaxy classification (Huertas-Company et al. 2015;
Dieleman et al. 2015; Dominguez Sdnchez et al. 2018), we
adopt a similar (but not identical) CNN configuration. Test-
ing the performance of different network architectures is be-
yond the scope of this paper. We use the same input images
and CNN configuration for each classification task. We use
the KERAS library®, a high-level neural network application
programming interface, written in Python.

The input to the CNN are the RGB cutouts (i.e., gri-
bands) downloaded from the DES DR1, with a varying size
that is function of the half-light radius of the galaxy in the
r-band. The cutouts have a size of ~ 11.4 times the half-
light radius centred on the target galaxy to guarantee that
no galaxy light is missed. The algorithm reads the images
that are re-sampled into (64, 64, 3) matrices, with each num-
ber representing the flux in a given pixel at a given band.
Down-sampling the input matrix is necessary to reduce the
computing time and to avoid over-fitting in the models,
as commonly done in the literature (Dieleman et al. 2015;
Dominguez Sanchez et al. 2018; Walmsley et al. 2020). The
flux values are normalised to the maximum value in each
filter for each galaxy to eliminate colour information. For
the smaller galaxies, the fixed pixel size can lead to cutout

5 https://keras.io/
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Figure 2. Network architecture used for training the models, consisting of four convolutional layers with a linear activation function
(denoted as ReLu) and different kernel sizes represented by the red squares, followed by a fully connected layer. The numbers above each
layer correspond to the size of the output convoluted images, while the number of weights at each level are indicated below and denoted

by W.

sizes that are below the 64 X 64 pixels for which the CNN
has been designed. For these, the cutouts are up-sampled to
64x64 matrices by interpolating between pixels. Since this
could create some artifacts and affect the spatial resolution
of the images, we require all cutouts to be at least 32 x 32
pixels in size. This condition leads to a minimum galaxy
half-light radius of 2.8 (32/11.4) pixels (as mentioned in sec-
tion 2.1).

The network architecture, shown in figure 2, is com-
posed of four convolutional layers with a linear activation
function (denoted as ReLu) and squared filters of different
sizes (6, 5, 2 and 3, respectively), followed by a fully con-
nected layer. Dropout is performed after each convolutional
layer to avoid over-fitting, and a 2x2 max-pooling follows
the second and third convolutional layers. The number of
weights (i.e., free-parameters) in each layer — before dropout
— are also indicated. (See Goodfellow et al. 2016, for a com-
prehensive review on DL concepts).

We train the models in binary classification mode for
both classification schemes. For each, the output is a single
value between 0 and 1, and can be interpreted as the prob-
ability p of being a positive example (labelled as Y =1 in
our input matrix) or as the probability 1 —p of being a,neg-
ative example (labelled as Y = 0 in our input matrix). We
use 50 training epochs, with a batch size of 304and‘an adam
optimization (default learning rate of 0.001). In the training
process, we perform data augmentation, allowing the images
to be zoomed in and out (0.75 to 1.3 times the ‘original size),
flipped and shifted both vertically and‘horizontally (by 5%).
This ensures our model does not, suffer from over-fitting since
the input is not the same in evéry training epoch. Farly stop-
ping is also switched on with a maximum of 10 epochs after
convergence is reached., The bestrmodel, defined as the op-
timal one for the validation\sample during the training, is
then saved and appliedstorcutouts from the full DES DR1
galaxy catalog, generated in the same way as for the training
sample.

3.24, Training sample
3.2.1, Primary training sample

Qur.primary training sample is the result of cross-matching
the sources in the DS18 and the DES DRI catalogs pre-
sented in section 2. We identified sources in both catalogs

as those with a separation in the sky of less than 2iaresec,
after removing multiple identifications. We remove.those ob-
jects missing spectra (or having bad speg¢troscopy.according
to SDSS flags) and with relative differences jn z of more
than 5% between the photo-z for{ DES ¥3 Gold catalog
(De Vicente et al. 2016 and Sevilla-Noarbe et al. in prep.)
and spec-z for SDSS data. Only 50, galaxies are excluded
according to these criteria.”Fhe resulting catalog consists of
19,913 galaxies with good.quality imaging and secure spec-
troscopic z.

8.2.2  Simulated training sample

The DS18 catalog, (described in section 2.2) only reaches an
observedunagnitude of m, < 17.7 mag. Since we aim to push
the dimits ‘of the morphological classification of galaxies to
fainterymagnitudes, we extend our primary training sample
by simulating each galaxy at higher redshift z and, conse-
quently, making it look fainter and smaller.

Following the pipeline described in section 2.3, we gen-
erate two sets of simulations: a) one at a random z (here-
after rnd) chosen from a uniform distribution between the
observed zp and the maximum z,4x to which the galaxy
can be redshifted according to the criteria mentioned in sec-
tion 2.3 (i.e., brighter than m,(z) < 22.5; cutout larger than
32 %32 pixels and z < 1); b) a second one at the maximum z
(hereafter maxz) under the three given conditions above. By
combining the primary training sample and the two sets of
simulations we obtain a more uniform distribution of the ap-
parent magnitude as can be seen in figure 3 for the r-band.
Note that, the primary training set is limited in apparent
magnitude to m, < 17.7 mag, while the two set of simula-
tions extend our training sample to m, < 22.5 mag. As there
are indications that close to the limits of the training sam-
ple the CNN results are not as accurate (see e.g. Yan et al.
2020), we extend the training sample one magnitude fainter
than the test sample and the final catalogue to avoid such ef-
fects. There are almost 6,000 galaxies that can be simulated
to the maximum apparent magnitude of m, < 22.5 mag.

3.3 ETG vs. LTG classification scheme

In this section, we present our CNN predictions for differ-
entiating between ETGs and LTGs. We denote the ETG as
the negative class (Y = 0), while the LTG is considered as
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the positive class (Y = 1). The T-Type parameter derived by
DS18 is a continuous variable ranging from -3 to 10, where
values of T-Type < 0 correspond to ETGs and values of
T-Type > 0 designate LTGs. Unfortunately, the quality of
the galaxy images, especially at fainter magnitudes, prevents
us from providing such a fine classification for DES galax-
ies. Separating the sample in two main subclasses (ETGs
and LTGs) seems like a reasonable goal for the present cat-
alogue. However, the transition between ETGs and LTGs
is smooth and continuous, where intermediate T-Type val-
ues are usually assigned to lenticular galaxies (also known as
S0s). Given that this classification is trained in binary mode,
we select a galaxy sample of LTGs and ETGs, therefore, not
including intermediate T-Types (-0.5 < T-Type < 0.5). Ac-
cording to this criteria, a total of 1,293 galaxies (~ 6%) were
excluded. Since the DES observations are deeper than the
SDSS ones, the classification based on SDSS imaging could
differ for some of the DES galaxies. To improve the qual-
ity of our training sample we also excluded 1,488 galaxies
(~ 7%) with wrong labels in DS18 identified after a visual
inspection of the miss-classifications for the predictions of
a preliminary model. Then, we re-trained the model with-
out those objects. In summary, our primary training sample
consists of 17,132 galaxies with |T-Type| > 0.5 and accurate
spec-z, and is magnitude-limited with m, < 17.7 mag (as the
original DS18 catalog).

3.3.1 Training

As described in section 3.2, we use a combination of the pri-
mary and the simulated training samples. Nevertheless, from
the primary training sample of 17,132 galaxies, we randomly
select a subset of 1,132 galaxies and their corresponding rnd
and maz simulated samples that we never use for training.
We denote this subset as the ‘test sample’ and we use it to
check the models’ performances. Since none of these galax=
ies (neither the original nor the simulated ones) have been
shown to the CNN, using this subset as a test sample is a
secure way to check the results of our classification ‘scheme?
Since we want to test our models to m, < 21.5 we‘enly show
results for galaxies up to that apparent magnitude threshold.
In figure 3, we show the apparent magnitude distribution of
the test sample to m;, < 21.5. The primary, test sample con-
sists of 1,132 galaxies, and the rnd“and mgz test samples
include 1,088 and 623 galaxies, respectively. Therefore, the
test sample includes a total 2,843 galaxies to m, < 21.5, of
which 1,557 (55%) are labelled assETGs and 1286 (45%) are
labelled as LTGs.

After removing thé, galaxies belonging to the test sam-
ple, we end up with _a training sample of 48,000 galaxy im-
ages (16,000x3),avith roughly 50% of each class (ETGs and
LTGs). We randomly shuffle the galaxies in the training sam-
ple and apply a k-fold cross-validation technique (with k = 5)
for whicli the original training sample is randomly parti-
tioned«into'k equal sized sub-samples. Of the k sub-samples,
a single sub-sample is retained as the validation data while
training, the model, and the remaining k& — 1 sub-samples
(38,400) are used as training data. By doing so we ensure
that/each of the 5 CNN models derived is trained with a
different set of images and a different initialisation; this pro-
vides a (rough) estimate of the classification uncertainty.
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Figure 3./Top panel: Distribution of apparent magnitude in the
rebandy(m, ) for the primary training sample (solid blue); the two
setshof simulations (solid orange and red show the rnd and maz
sets); and the training sample distribution (dashed black) used
for the ETG vs. LTG classification scheme. Bottom panel: Same
as top but only for the test sample (see section 3.3). Note that
the CNN predictions are trained with a sample that extends to
m, < 22.5, while the model is tested only to m, < 21.5 (the limit
of the DES catalogue presented in this work).

3.3.2  Testing

One way to check the reliability of the model predictions
made for the ETG vs. LTG classification scheme (hereafter
interpreted as a predicted probability, p;), is to compute the
difference in the maximum and the minimum values for the
predicted probabilities of the 5 models (expressed as Ap). We
find that 92.3% of the galaxies from the test sample have
Ap < 0.3, and we designate these as secure classifications.
The remaining 7.7% of the galaxies within the test sample
have less secure classifications. In figure 4, we show the dis-
tribution of the predicted probabilities for the test sample
along with the distribution of their median probability value
(for the full and for the secure classifications). Note that the
majority of the insecure classifications are clustered around
intermediate values of p.

As extensively done in literature (see Powers & Ailab
2011, for instance), we also check the accuracy of our models
by computing the area under the ROC curve (ROC AUC)
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Figure 4. Distribution of the predicted probabilities (p;) for the
test sample i in the ETG vs. LTG classification scheme. Black
solid histogram corresponds to the distribution of the median
probability of the 5 models (p), while the dashed black histogram
shows the the distribution of the median probability of the 5
models only for the secure classifications (i.e., those with a Ap <
0.3).

for the different predicted probabilities. The ROC curve is
a representation of the false positive rate (FPR = FP/N, i.e.,
the ratio of the number of false positives to negative cases)
versus the true positive rate (TPR = TP/P, i.e., the ratio of
the number of true positives to positive cases) for different
probability thresholds. A good classifier maximises TP and
minimises FP values. The top panel of figure 5 shows the
ROC curves for the 5 models, and for their median value.
Good classifiers should be as close as possible to the left
hand and upper boundaries of this panel, and this is clearly
true for all the curves, which all have ROC AUC values of
0.99.

A complementary way to test the model perfor-
mance is the precision (Prec) and recall (R) scores” (e.g:
Dieleman et al. 2015), which can be defined as follows:

Prec = ™ (3)
" TP+ FP’
TP
R=——— =TP 4
TP + FN R, )

where the separation between positive and negative sam-
ples is determined with respect to a probability threshold.
The precision is intuitively theyability of the classifier not
to label as positive a sample that/is negative (or a pu-
rity /contamination indjcator). The recall is intuitively the
ability of the classifier te find all the positive samples (i.e.,
a completeness indicator).~Additionally, the accuracy of the
model prediction‘is defined as the fraction of correctly clas-
sified instancés:

TP+ TN

Acc = W (5)
We-derive the probability threshold (py,) that optimises the
ROC curye (i.e., maximises TPR and minimises FPR), but
depending on the user purpose, one can vary the pyy to
obtain a more complete or less contaminated sample.

In table 1, we present a summary of these different es-
timators for the 5 independent model predictions (p;) and
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Eigure 5. Top panel: ROC curves for the five predicted proba-
bilities, (dashed colored lines). Solid black line corresponds to the
ROC curve when the predicted probability is equal to the median
value (p) of the five predicted probabilities (p;). Bottom panel:
Confusion matrix for the ETG vs. LTG classification scheme. In
each cell, we show the number of candidates and the fraction
of candidates (in brackets) of TN (top-left), FN (top-right), FP
(bottom-left) and TP (bottom-right).

for their median value (p). We have already noted that the
ROC AUC equals 0.99 for all the cases: Prec, R and Acc
range from 0.95 to 0.97. Besides, if we assume p as our fidu-
cial probability, there are only 36 FN and 60 FP in the test
sample (3% and 4%, respectively), as shown in the confu-
sion matrix in the bottom panel of figure 5, which translates
into an Acc= 0.97. If we restrict attention to the subset of
secure classifications, the number of FN and FP decreases
to 20 and 28, respectively. This restriction leads to an accu-
racy classification score for the secure subset of Acc = 0.98.
Nevertheless, ~ 80% of the insecure classifications are still
valid (FN and FP are 16 + 32 = 48 out of 219 galaxies that
comprise 7.7% of the test sample).

Even for the subset of secure candidates (92% of the test
sample) there are some galaxies with intermediate probabil-
ities. We define a robust sub-sample of ET'Gs and LTGs as
those with max(p;) < 0.3 and min(p;) > 0.7, respectively.
Note that robust classifications are (by definition) within
the secure subset. We find that 1,391 galaxies are classified
as robust ETGs (they are 53% of the secure and a 49% of
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the whole test sample). On the other hand, 1,077 galaxies
are robust LTGs (41% of the secure and a 38% of the whole
test sample). The remaining 6% of the secure sample (156
galaxies) are intermediate (but still secure) candidates. Nev-
ertheless, if we use the median of the probabilities p and the
optimal threshold of 0.40, most of the galaxies from the se-
cure sample (92%) are still correctly classified. These results
demonstrate that the model is able to separate ETGs and
LTGs even for the intermediate candidates.

Additionally, we apply our models to the subset of 1,293
galaxies (and their simulated counterparts) with -0.5 < T-
Type < 0.5 that we did not include in the training of our
models. In total, we classified 3,879 galaxies with interme-
diate values of T-Type (3 x 1,293, the original galaxies and
the two simulated counterparts), of which 2,004 are ETGs
(i.e., -0.5 < T-Type < 0.0) and 1,875 are LTGs (i.e., 0.0 <
T-Type < 0.5). We find that 62% of them are secure clas-
sifications (i.e., Ap < 0.3), significantly lower than the same
value for the whole test sample. The number of this subset
of galaxies that are classified as ETGs and LTGs is 2,026
(52% of the total) and 1,853 (48% of the total), respectively.
We also find that 1,348 (35% of the total) and 874 (23%
of the total) galaxies are classified as robust ETGs and ro-
bust LTGs, respectively. Only 177 galaxies (5% of the total)
are classified as intermediate but still secure candidates. In
terms of accuracy, 75% of these galaxies are correctly clas-
sified as ETGs, while 88% of these galaxies are correctly
classified as LTGs. Therefore, our classifications are reliable
(although more uncertain) even for those objects with inter-
mediate values of T-Type (i.e., -0.5 < T-Type < 0.5) that
are a-priori difficult to classify.

Note that the fraction of galaxies with intermediate T-
Types is very small (6% in the primary training sample).
Including these galaxies in the test set (assuming the same
fraction as in the primary training sample) would reduce
the accuracy from 97% to 96%. The fraction of sueh ob-
jects in the full DES catalogue (section 4) is unknown,and
their labels are uncertain (see the large scatter.in figure 11
from DS18). As a result, it is difficult to quantify hew/they
impact the overall accuracy. Therefore, we.only ‘quote the
final accuracy of the models after suchfobjects have been
removed.

One of the key questionséwe would like to answer is
how much are the results of our,classification affected by
the galaxy brightness. In figure 6 ‘and in table 2, we show
how the metrics used 6, testithe’'model performance change
with apparent magnitudes In"general, there are very small
variations, with the AUC ROC being the most stable param-
eter (> 0.99 always). Thie accuracy range is also small (0.96
< Acc < 0.98), whilethe precision and recall show variations
of ~56%. There is no clear trend with apparent magnitude,
i.e., theunodels seem to be able to distinguish between ETGs
and‘LTGs regardless of the faintness of the images. We did
thewsame exercise by dividing the test sample in bins of half-
light radius, finding accuracy values above 94%, even for the
smallest galaxies. Evidently, CNNs detect features hidden
to the human eye and therefore classify significantly better
than visual inspection.
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Figure 6. ETG vs. LTG model performance (i1 terms of ROC
AUC, precision, accuracy and recall) as a funetionyof magnitude
for the test sample. The values are calculated using’the py, of
the median model p from table 1. The lack of depéendence of the
metrics with magnitude demonstrates(thatathe model is able to
correctly classify even the fainter galaxies.

Table 1. Summary of the ETG vs. LTG model performance for
the five runs: optimal threshold (py,), area under the ROC curve,
precision, recall and a¢euracy values. The last row shows the val-
ues obtained for the median probability of the five runs, p, which
we use throughout'the paper as the standard model.

Model Pthr ROC AUC  Prec R Acc
p1 0.49 0.99 0.97 096 0.97
p2 0.46 0.99 0.95 0.96 0.96
P3 0.39 0.99 0.96 0.97 097
P4 0.35 0.99 0.95 0.97 0.96
Ps 0.54 0.99 0.96 0.96 0.96
P 0.40 0.99 0.95 0.97 0.97

Table 2. Summary of the ETG vs. LTG performance in magni-
tude bins. The values are calculated using the pg, = 0.40 obtained
for the full test sample and the median model p .

Mag bin ROC AUC  Prec R Acc
14 <m, <215 0.99 0.95 0.97 0.97
14 <m, <17 0.99 0.97 0.95 0.97
17 <m, <18 0.99 0.95 0.97 0.96
18 <m, <19 1.00 0.94 0.98 0.98
19 <m, <20 0.99 0.93 0.96 0.96
20 < m, < 21.5 0.99 0.97 1.00 0.98

3.4 Face-on vs. Edge-on classification scheme

In this section, we present our CNN predictions for the sec-
ond classification scheme to distinguish face-on vs. edge-on
galaxies. Whereas what we mean by ‘edge-on’ is intuitively
obvious, and we treat these as the positive class (Y = 1), we
use the term ‘face-on’ to refer to the objects that are not
edge-on (i.e., the negative class, Y = 0), i.e., this classifica-
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Figure 7. Top panel: Same as figure 3 but for the face-on vs. edge-
on classification scheme. Bottom panel: Same as top but only for
the test sample (see section 3.4). Note that the CNN predictions
are trained with a sample that extends up to m, < 22.5, while we
test the model predictions only up to m, < 21.5 (the limit of.the
DES catalogue presented in this work).

tion does not aim to return a continuous output,.such as
galaxy inclination or ellipticity, but rather to select galaxies
that are clearly viewed edge-on.

3.4.1  Training

As for the first classification scheme,/our training sample is
a combination of the original'and the simulated samples. We
use the information prévided by’ DS18 on the probability of
being edge-on (see sectiomn2.2) to select a reliable sample of
galaxies with which“to train our CNNs. We define face-on
galaxies as these With)pedge—on < 0.1 and edge-on galaxies
as those with peqgéon > 0.9 , corresponding to 11,783 galax-
ies. We randemly select 2,783 galaxies (and their simulated
versions) as, the test sample and the remaining 9,000 for
the4raining sample. The training sample consists of 27,000
galaxies, (3x9,000, the originals and their simulated versions)
with 23;424 (87%) face-on galaxies and 3,576 (13%) edge-on
galaxies. As for the ETG vs. LTG model, we train 5 dif-
ferent models with k-folding. We have reserved a total of
8,349 original and simulated galaxies for testing. However,
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Figure 8. Distribution of the predicted probabilities (p;)\for the
test sample i in the face-on vs. edge-on classificationwscheme.
Black solid histogram corresponds to the distribution-of the me-
dian probability of the 5 models (p.), while the/dashed black
histogram shows the the distribution of the.nedian probability of
the 5 models only for the secure classifications (i.e., those with a
Ape < 0.3).

as for the first classification=scheme (section 3.3), we only
show results for galaxies toum, < 21.5: all the 2,783 galaxies
within the primary test'sample, 2,673 galaxies from the rnd
test sample and 1,477 galaxies from the maz test sample.
Therefore, the test sample includes a total 6,933 galaxies, of
which 6,066 (87%) are face-on and 876 (13%) are edge-on.
In figures?, we shiow the distribution of (m,) for the different
datagets that make up the training and the test samples for
the face-on vs. edge-on classification scheme.

Since the fractions of face-on and edge-on galaxies are so
unegual, we use balanced weights during the training phase
of our CNN. In other words, the algorithm compensates for
the lack of examples of one class by dividing the loss of each
example by the fraction of objects of that particular class.

3.4.2  Testing

As described in section 3.3.2, we check the accuracy of our
model predictions by means of the ROC AUC, Prec, R and
Acc estimators. In table 3, we show these values for the 5
face-on vs. edge-on models (denoted as p{) and the median
one (denoted as Pe). The top panel of figure 9 shows the
ROC curve for the different models while the bottom panel
summarises the results of Pe in a confusion matrix showing
the number of TN (5977), FP (89), FN (21) and TP (846)
along with their respective fractions within the two classes.
The median model pe model has a better performance than
the 5 individual models with Acc= 0.98 and R= 0.98, while
Prec= 0.90 is slightly smaller. This is in part due to the
unbalanced test sample: the total number of FP is about
1/10 of the TP, although the FP are only ~ 1-2% of the face-
on galaxies. On the other hand, the number of FP (only 89,
or 1% of the predicted edge-on galaxies) is considerably lower
than the number of TP, which translates into an excellent
R value.

Analogously to the ETG vs. LTG model, we define a
secure sub-sample of galaxies for the edge-on classification
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Figure 9. Same as figure 5 but for the face-on vs. edge-on clas-
sification. Note the better performance of the average model pe.

where Ape < 0.3. There are 93% of secure galaxies in the-test
sample. The robust edge-on are galaxies with min(p{)> 0.7.
We find 668 galaxies classified as robust edge-on (J0% ofithe
secure sample and 12% of the whole test samplé):

The dependence of the edge-on classification with ap-
parent magnitude is highlighted in figuré 10;*which plots
the performance of the pe model in the same magnitude bins
(summarised in table 4). There is a véry small variation with
apparent magnitude: the most affectediguantity decreases
from 0.99 at 14.0 < m, < 17.0 6 0.95 at 19.0 < m, < 20.0. In
the same table we show the values obtained for a balanced
test sample, robust against ‘class representation. In this case,
the precision values are_siguificantly improved (from Prec
= 0.90 to Prec = 0.98 for the full test sample) while the
other indicators are almost unchanged. We did the same ex-
ercise by dividing the test sample in bins of half-light radius,
finding accuracy «walides above 96%, even for the smallest
galaxies,

The fage-on vs. edge-on classification is useful for dif-
fereng scientific purposes (see section 1), but might also help
as'an additional test for the ETG vs. LTG classification pre-
sented in section 3.3. Since only discs can be seen edge-on,
a galaxy should not be classified simultaneously as an ETG
and edge-on. We find 91 (predicted) ETGs in the ETG vs.
LTG test sample with pe > 0.33, corresponding to ~3% of
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Figure 10. Same as figure 6 but for the edge-on modeliperfor-
mance. The lack of dependence of the metrics withmmagnitude
demonstrates that the model is able to correctly classify even the
fainter galaxies

Table 3. Summary of the edgé-on versus face-on model per-
formance for the five runs: optimal threshold (py,), area under
the ROC curve, precision, recallhand accuracy values. The last
row shows the values obtaimed for the median probability of the
five runs, Pe, which we,use throughout the paper as the standard
model.

Model.  pgr 2 ROC AUC  Prec R Acc
P} 0:26 1.00 0.86 0.97 0.98
pg 0.21 1.00 0.83 0.98 0.97
2 0.32 1.00 0.92 0.97 0.98
P 0.35 1.00 0.80 0.98 0.97
ps 0.29 0.99 0.79 0.97 0.96
De 0.33 1.00 0.90 0.98 0.98

Table 4. Summary of the edge-on model performance in magni-
tude bins. The values are calculated using the pgy = 0.33 obtained
for the full test sample and the median model P (in brackets for
a balanced test sample).
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Mag bin ROC AUC Prec R Acc
14 <m, < 21.5 1.00 (1.00)  0.90 (0.98) 0.98 (0.98) 0.98 (0.98%.
o7
14 <m, <17 1.00 (1.00)  0.89 (0.97) 0.99 (0.99) 0.98 (0.98%
17 < m, < 18 1.00 (1.00)  0.93 (1.00)  0.98 (0.98) 0.99 (0.99%
18 < m, < 19 1.00 (1.00)  0.90 (0.99) 0.96 (0.96) 0.99 (0.983
19 <m, <20 1.00 (1.00)  0.90 (0.97) 0.95 (0.95) 0.98 (0.968
20 < m, < 21.5 1.00 (1.00)  0.89 (0.99) 0.98 (0.98) 0.98 (0.982—
3
N
R
the test sample. This fraction is reduced to 0.7% when only =

robust ETG and robust edge-on are considered. This small
fraction reassures us about the performance of the two mod-
els. A visual inspection of these galaxies confirms that most
of them look like edge-on lenticulars, with a clear bulge and
disc but no signs of spiral arms. This is especially evident
for robust edge-on ETGs (see figure Al). Thus, including the
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Table 5. Comparison of the test samples discussed in section 5. Columns show the total number of galaxies and the corresponding
fraction of secure ones (Ap < 0.3). Also given are the fractions of the secure galaxies classified as (robust) ETGs, LTGs and edge-on. The

last column contains the fraction of robust ETGs that are also classified as robust edge-on. These cases should be taken with care since g
only discs should be edge-on. §
o
o}
o
&
Sample # galaxies Secure (Ap <0.3) ETGs (robust) LTGs (robust) Secure (Ap. <0.3) Edge-on (robust) ETG%—edg‘
% from total % from secure % from secure % from total % from secure % from gobust
DES DR1 26,971,945 87 12 (10) 88 (85) 73 9 (6) 3
DES struct. param. 6,060,018 89 9 (7) 91 (88) 79 7 (6) 3
DES stellar mass 137,956 83 48 (44) 52 (47) 86 7 (6) .5
VIPERS 7,384 81 22 (20) 78 (76) 77 2 (2) 1

additional information provided by the edge-on vs. face-on
classification helps to increase the purity of the ETG sample
and is an efficient way to identify edge-on lenticulars.

4 DES DR1 MORPHOLOGICAL CATALOG

In this section, we present the results of applying the clas-
sification schemes described in sections 3.3 and 3.4 to the
DES DRI1 galaxy catalog presented in section 2.1. We briefly
summarise the overall results here but address a more ex-
haustive comparison with other observed galaxy properties
in section 5. Table 5 summarises the statistics for the full
DES morphological catalogue, as well as for three compari-
son samples, while the magnitude distribution of each sub-
sample is shown in figure 11. In table 6, we describe the
content of the full DES DR1 morphological catalogue, which
will be released along with the paper. Examples of each class
at different magnitudes are shown in appendix A.

For the ETG vs. LTG classification scheme, 87% of the
26,971,945 galaxies in the DES DR1 morphological cata-
logue are secure classifications, i.e., Ap < 0.3 (where Ap cor=
responds to the maximum difference between the five.pre-
dicted probabilities). Within this subset of secure .classifi-
cations, 10% of the galaxies are classified as robust ETGs
(i-e., max(pj) < 0.3), while 85% are classified as fobust IiT'Gs
(i.e., min(p;) > 0.7) . The remaining 5% of the galaxies
may be considered as intermediate (but-still“secure) can-
didates. Being less conservative, ~ 12% ‘of\the\galaxies from
the subset of secure classifications are classified as ETGs
(i-e., P < phr = 0.4) while, consequently, ».88% are classified
as LTGs (i.e., p > pmr = 0.4),4The much larger fraction of
LTGs with respect to ETGs in“a magnitude limited sam-
ple is consistent with previousywork (see e.g., Pozzetti et al.
2010).

Figure 12 shows how'the galaxies the whole DES DR1
morphological cataleg populate the apparent magnitude
(my) and photometricyredshift (zpnoto) plane, color coded
by density, securedraction and predicted LTG fraction. The
predicted LTG fraction is computed as the average of the
predicted labels (i.e., 0 for ETGs, 1 for LTGs) of the galax-
iesAn each bin. As expected, the brightest galaxies at low
Zphoto, ate, dominated by ETGs, while the faint galaxies are
predominantly LT'Gs. The fraction of secure classified galax-
ies is' relatively constant for the (observed) bright galaxies
and there is an interesting trend with redshift for galaxies
fainter than m, > 19: the fraction of insecure galaxies in-
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Figuare 11. Normalized apparent magnitude distribution for the
full' DES morphological catalogue presented in this work, as well
as for the three catalogues used for comparison.

creases With zphoto, as expected. In any case, note that the
average fraction of secure galaxies is 87%; it remains greater
than 50% even in the more uncertain regions of the mMy~Zphoto
plane.

Although most of the faintest (observed) galaxies are
classified as LTGs, the classification model is able to re-
trieve a significant fraction of ETGs (~ 50%) at intermediate
Zphoto ~ 0.5 and m, 2 20.0 mag. Note that the faint, low red-
shift population corresponds to intrinsically faint (and there-
fore low mass) galaxies, that are, in general, LTGs. Unfor-
tunately, there are no additional parameters with which to
further test the full DES DR1 catalogue. We cross-correlate
this sample with other available measurements in the follow-
ing sections.

For the edge-on vs. face-on classification scheme, 18%
of the galaxies have values of pe > 0.33 (9% if the limit is
min(p$) > 0.70). The fraction of robust ETGs with pe > 0.33
is less than ~ 3% (0.3% if min(p{) > 0.70). This small frac-
tion is reassuring since, as explained in section 3.4.2; edge-
on galaxies should only be discs (and therefore LTGs). We
strongly recommend that users combine the two classifica-
tions since many of these galaxies could actually be miss-
classified LTGs or edge-on lenticulars. Some examples are
shown in figure Al.

L.20Z 8unf €0 UO Jasn salieiqi eluBAASUUR 40 Alsianiun A GZ995 1.9/76STBIS/SBIUL/EE0L 0 L /I0P/3]0HEB-80UBADE/SBIUW /WO dNO"olujispee/ Lsdy



12 J. Vega-Ferrero et al.

Table 6. Content of the full DES DR1 morphological catalogue.

COADD_OBJECT_ID
RA Right ascension (J2000.0 in degrees)

Unique object ID for Y3 coadd processing

DEC Declination (J2000.0 in degrees)

MAG_AUTO_R Apparent magnitude in an elliptical aperture shaped by the Kron radius (m, throughout the paper)
FLUX_RADIUS_R Radius (in pixels) of the circle containing half of the flux of the object (r, throughout the paper)
Pi_ LTG Probability of being LTG for each of the 5 models (with i = [L, 5])

MP_LTG Median probability of the 5 models of being LTG

Pi_EdgeOn Probability of being edge-on for each of the 5 models (with i = [1, 5])

MP_EdgeOn Median probability of the 5 models of being edge-on

FLAG_LTG

FLAG_EdgeOn

Classification for ETG vs. LTG model; 0=ETG, 2=secure ETG, 4=robust ETG; 1=LTG, 3=secure LTG, 5=robust
Classification for edge-on model; 0= no edge-on, 1=edge-on, 2= secure edge-on, 3=robust edge-on

T
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Figure 12. Apparent magnitude (m,) vs. photometric redshift
(Zphoto) for the secure subset (A, < 0.3) within the DES DR1 mor;
phological catalog. Left-hand panel shows the number of galaxiées
(in log-scale) in each hexagonal bin. Middle panel shows theAfraes
tion of secure galaxies. Right-hand panel indicates the predicted
ETG/LTG fraction. A predicted LTG fraction of 1 means that
100% of the galaxies in a particular hexagonal bin are TiI'Gs, while
a predicted LT'G fraction of 0 indicates 100% of the ‘ebjeets.in the
bin are ETGs. The brightest galaxies at low zgpgonare dominated
by ETGs, while the faint galaxies are predeminantly LTGs. The
fraction of secure classified galaxies is relatively corstant for the
(observed) bright galaxies and the fractiomof insecure galaxies in-
creases with zphoto- The average fraction of seetire galaxies is 87%
and greater than 50% even in th€more uncertain regions of the
m;-Zphoto Plane.

5 VALIDATION, OF THE CLASSIFICATION
ON REAL‘DES GALAXIES

Although the results presented in sections 3.3.2 and 3.4.2
show, the CNNs perform well, it may be argued that the
tests, were done on a similar set of simulated images as the
ones uséd to train the CNNs. To further test the goodness
of the morphological classification on real DES DR1 galaxy
images we now present a comparison with other available
data (both photometric and spectroscopic).

Pred. LTG fraction
1 2 3 0.0 0.5 1.0

0.0 0.5 1.0 0.0 0.5 1.0

Zspec Zspec

Figure 13. Absolute magnitude (M, ) vs. spectroscopic redshift
(zspee) for the secure subset (Ap < 0.3) for the comparison sample
of the DES DRI stellar mass catalog. Left-hand panel shows the
number of galaxies (in log-scale) in each bin. Right-hand panel
indicates the predicted ETG/LTG fraction. There is a clear sepa-
ration between the ETG and LTG populations, with the (intrinsi-
cally) brightest galaxies at each redshift dominated by the ETGs,
as expected. The lack of ETGs at the lowest redshifts (z < 0.2) is
due to the scarcity of massive ETGs in such a small volume.

5.1 DES DRI stellar mass catalog

The DES DRI stellar mass catalog is the result of running
the LePhare code (Arnouts & Ilbert 2011) on the DES DR1
galaxy catalog using Bruzual & Charlot (2003) templates,
three different metallicities (including solar), Chabrier IMF
and exponentially declining star formation histories (simi-
larly to Palmese et al. 2020). The redshift of each galaxy
is assumed to be equal to the mean photo-z mean statis-
tic obtained from multi-object fitting photometry (MOF,
Drlica-Wagner et al. 2018). The resulting catalog contains
estimates of the stellar mass and the absolute magnitude
for ~184 million galaxies.

To select galaxies in the DES DRI stellar mass catalog
for which the stellar mass and absolute magnitude estimates
are reliable (given the large uncertainties associated with the
Zphoto)> We cross-match the above mentioned catalog with a
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spectroscopic compilation from several surveys © and select
galaxies with (|zphoto — Zspec|)/(1 + Zspec) < 0.05. The sample
used for the comparison with our work consists of 137,956
galaxies covering a redshift range of 0 < z < 1 and the mag-
nitude shown in figure 11. The summary of the statistics is
shown in table 5.

For this sub-sample, 86% of the galaxies show secure
classifications (i.e., Ap < 0.30). The fraction of robust ETGs
and LTGs is 44 and 47%, i.e., this is a much more balanced
sample compared to the full DES DR1 (and also to the other
sub-samples shown in table 5). We note that the magnitude
distribution of this subset of galaxies is relatively flat, mean-
ing that a large fraction of the faint LTGs may be missing.
Regarding the second classification, 7% of the galaxies are
edge-on and less that 0.5% of the robust ETGs are classified
as robust edge-on.

In figure 13, we show how the galaxies populate the
absolute magnitude — redshift plane (M, and zspec, respec-
tively). There is a clear separation between the ETG and
LTG populations, with the (intrinsically) brightest galaxies
at each redshift dominated by the ETGs, as expected. The
lack of ETGs at the lowest redshifts (z < 0.2) is due to the
scarcity of massive ETGs in such a small volume.

5.2 DES Y1 structural parameters

The DES Y1 structural and morphological catalogue pre-
sented in Tarsitano et al. (2018) consists of ~50 million
objects selected from the first year of the DES. For a
comparison with our predicted morphologies, we use the
single Sérsic index (n,) and the ellipticity (€-) obtained
with GALFIT for the r-band. Following Appendix B3.2 of
Tarsitano et al. (2018), we extract a clean sample of vali-
dated and calibrated objects by applying the recommended
cuts FIT_.STATUS R =1 and SN_R > 10 in the r-band. We
also select objects with realistic values for the Sérsic in-
dex and ellipticity within 0 < n, < 10 and 0 < ¢ < 1
respectively. These criteria are fulfilled by a 54% of"the
objects in the catalogue. Then, we cross-match the“result-
ing catalog with our DES DRI1 catalog to m, <" 21.5 mag
and excluded (~ 600) objects with unreliable redshifts (i.e.,
Zphoto < 0.0). Finally, we construct a catalog for ecomparison
with 6,060,018 (~ 12% of the original catalogue) galaxies for
which accurate n,, ¢ and apparent magnitudes are avail-
able. The magnitude distribution is“shown in figure 11 and
the median of the apparent magnitude of'the selected sub-
sample is m; = 20.8 mag.

As detailed in table 5, 89% of the galaxies in this sub-
set show secure ETG/LTG, classifications (i.e., Ap < 0.30).
While the fraction of edge-on; 7%, is very similar to the other
sub-samples, the fraction of robust ETGs and LTGs (7 and
88 %, respectively) is very uneven. The r-band magnitude
distribution js“similar to the DES DR1 morphological cat-
alogue, although-missing some galaxies at the very bright
end), which can explain the larger fraction of LTG for this
subset®

Wecheck the reliability of this sub-sample by using
the'struetural parameters derived by Tarsitano et al. (2018).

6 J. Gschwend, private communication (see also Gschwend et al.
2018).
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It is well known that the Sérsic index correlates well with
galaxy morphologies: large n;, is a good proxy for ETGs and
vice versa for LTGs (e.g., Fischer et al. 2019). On the other
hand, edge-on galaxies should have large ellipticity values,
&. In figure 14, we show how this sub-sample populates the
n, — & and 1 — & planes, as well as cumulative distribution
functions (CDFs) for the Sérsic index and the ellipticity for
the two classifications schemes.

For the ETG vs. LTG classification, we find an evident
separation of each class around n, ~ 2 and almost no ETGs
with & < 0.5, as expected. Although the fraction of galaxies
with high Sérsic index classified as LTGs is ~ 30%, we note
that this is due to the much larger fraction of LTGs in this
sub-sample. According to the CDF, 88% of the robust ETGs
have n, > 2, while 87% of the robust LTGs have nf "< 2.
Although the transition between ETGs and LTGs\is’ not
exactly at n, = 2, the very different distributions ofithe
ETGs and LTG samples is an indicator of the accuracy of
our model predictions in real DES galaxy-images. Tt is also
interesting to note that galaxies not classified /within the
previous two classes, i.e., the secure intermediate candidates,
show a CDF that places them in betwéen the CDF's for the
ETGs and the LTGs.

For the face-on vs. edge;onelassification scheme, we find
an even sharper separation at, & ~70.5 at all radius, except
for the smallest galaxieS (r7*<=1.0 arcsec), which indicates
that in those cases the spatial resolution is not enough for
identifying edge-on galaxies. Regarding the CDF, 87% of the
robust face-on galaxies (max(pf) < 0.30) have & < 0.5, while
~ 100% of the robust.edge-on (min(p{) > 0.70) have & > 0.5,
thus allowing.usto be confident about our model predictions
(figure-4). Thefact that only 0.3% of the robust ETGs are
classified as robust edge-on is also a good sanity check.

5.3, VIPERS spectral classification

In this section, we compare the predictions made by our
ETG vs. LTG classification with an unsupervised machine-
learning classification extracted from the VIMOS Pub-
lic Extragalactic Redshift Survey (VIPERS) presented in
Siudek et al. (2018). The data release provides spectro-
scopic measurements and photometric properties for 86,775
galaxies. The galaxy classification is based on a Fisher
Expectation-Maximization (FEM) unsupervised algorithm
working in a parameter space of 12 rest-frame magnitudes
and spectroscopic redshift.

The FEM unsupervised algorithm is able to distin-
guish 12 classes (11 classes of galaxies and an additional
class of broad-line active galactic nuclei, AGNs). In partic-
ular, classes 1-3 host the reddest spheroidal-shape galaxies
showing no sign of star formation activity and dominated
by old stellar populations; classes 7-11 contain the blue
star-forming galaxies. Classes 4—6 host intermediate galax-
ies whose physical properties (such as colours, sSFR, stel-
lar masses, and shapes) are intermediate between those of
red, passive, and blue, active galaxies. These intermediate
galaxies have more concentrated light profiles and lower gas
contents than star-forming galaxies. Class 11 may consist of
low-metallicity galaxies, or AGNs according to its localisa-
tion on the BPT diagram. See color-color diagrams in figure
2 of Siudek et al. (2018) for further details.

We include in this comparison VIPERS galaxies that
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Figure 14. Top-left panels: Sérsic index vs. ellipticity for the sample,in common with the DES Y1 structural parameters catalogue. The
bins are color coded by number density and fraction of LTG oyér the total. Bottom-left panel: Cumulative distribution function (CDF)
of the Sérsic index for the ETG vs. LTG classification schemeired histogram corresponds to the robust ETGs, those with max(p;) < 0.30;
blue histogram shows the robust LT'Gs, those with min(p;)< 0.70; green histogram corresponds to the intermediate but secure candidates.
Top-right panels: Observed radius vs. ellipticity color ceded,by number density and fraction of edge-on galaxies over the total. Bottom-
right panel: CDFs for the ellipticity. Black histograms show the’CDF's for the face-on galaxies with pe < 0.33 (dashed) and max(p§) < 0.30
(solid). Orange histograms correspond to the CDPs, forthe edge-on galaxies with pe > 0.33 (dashed) and min(p{) > 0.70 (solid). The very
different distributions of the sub-samples is an indicator of the accuracy of our model predictions in real DES galaxy images.

are also present in the DES DR1 motphological catalog with
an accurate spectroscopic redshift estimate and the high-
est membership probability tofene of the classes. This sub-
set includes 7,384 galaxies with an apparent magnitude of

€ [18.0,21.5] mag (see figuresll) and with a spectroscopic
redshift distribution ranging{from 0.04 < zgpec < 1.46 with a
median value of Zspee:x.0.55. Note that this is the faintest of
the comparison samples.

Tablé 5:shows statistics for this sub-sample, for which
81% of,theygalaxies show secure classifications (i.e., Ap <
0.30):. Of the’secure subset, 20% of the galaxies are classified
as“mobust ETGs while 76% are robust LTGs. Although the
LTGs still dominate the number counts, the two classes are
much’ more balanced than for the full DES morphological
catalogue or the Tarsitano et al. (2018) sub-sample. On the
other hand, the fraction of edge-on galaxies (2%) is smaller

than for the other sub-samples, and only 0.1% of the robust
ETGs are classified as robust edge-on.

In figure 15, we show the number of galaxies belong-
ing to each of the classes derived by Siudek et al. (2018) for
the ETGs and LTGs sub-samples according to our model
predictions. The ETGs clearly dominate at classes below 4,
and are negligible for classes above 6. On the other hand,
the LTGs dominate for classes above 6, with a very small
fraction with classes 1-3. The intermediate classes are com-
posed of a mix of ETGs and LTGs, but mainly populated
by LTGs. This strong correlation nicely demonstrates that
our model is able to correctly classify original DES images,
even at the fainter magnitudes.

To quantify these trends, we can consider as negatives
(N) the galaxies belonging to classes 1-3 and as positives
(P) the galaxies falling with the classes 4-11. By doing so
we find 89% of TN and a 97% of TP. This translates into an
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Figure 15. Number of galaxies belonging to each VIPERS class
derived by Siudek et al. (2018) ranging from 1 to 12. The red his-
togram corresponds to the number of ETGs with p < 0.4. The blue
histogram shows the number of LTGs with p > 0.4. The ETGs
clearly dominate at classes below 4, and are negligible for classes
above 6, while the LT Gs dominate for classes above 6. This strong
correlation demonstrates that our model is able to correctly clas-
sify original DES images, even at the fainter magnitudes.

accuracy classification score of Acc ~ 0.95. We have visually
inspected the FN images within the VIPERS dataset (i.e.,
ETGs with classes 4-11) finding that for most of them there
are neither clear signs of features (such as spiral arms) nor
edge-on morphologies, indicating that the ETG morphologi-
cal classification might be correct regardless of their spectral
classification. In the case of the FP, we noticed that for a
large fraction of them there is (at least) one close companion
within the field of view of the cutout that might lead to an
inaccurate classification.

6 CONCLUSIONS

e We present a morphological classification according to
two schemes (a) ETGs vs. LTGs, (b) edge‘en*vswface-on for
~ 27 million DES galaxies to m, < 21.5"'mag. The classifica-
tions are based on the predictions of‘'superviséd DL models
using CNNs (section 3.1).

e The training sample consists of bright (m, < 17.7 mag)
DES galaxies with a previously known morphological clas-
sification (from Dominguez Sénchez et al. 2018) as well as
their artificially redshifted cotinterparts described in section
2.3.

e Although some“of the features that distinguish ETGs
and LTGs almest disappear for the fainter galaxies (figure
1) the models are.able to correctly classify galaxies according
to the two schemes with excellent results (accuracy > 97%)
even afythefainter magnitude bins (figure 6 and 10).

o“We train 5 different models using k-folding to obtain
ameasurement of the classification uncertainty. About 87%
of the galaxies in the final catalogue have secure labelling
for the ETG vs. LTG classification (i.e., Ap < 0.30). This
fraction is 73% for the edge-on classification.

e The classifications on real DES faint images are consis-
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tent with other available observables, such as absolute mag-
nitude, Sersic index n, ellipticity € or spectral classification
(section 5).

e Our work demonstrates that machines are able to re-
cover features hidden to the human eye and so can reliably
classify faint galaxy images. The methodology adopted in
this work to overcome the lack of faint labelled samples can
be applied to future big data surveys such as Euclid or Vera
Rubin Observatory Legacy Survey of Space and Time.

e The exceptional amount of data provided by DES DR1
has allowed us to construct the largest automated morpho-
logical catalogue to date (along with the companion DES
morphological catalog presented in Cheng et al.) by sey=
eral orders of magnitude compared to previous works (€.g,
Dominguez Sanchez et al. 2018). This classification will be
a fundamental tool for our understanding of morphelogical
transformations across cosmic time.

e The complete DES dataset DR2, including observations
for 600 million galaxies, will be made public in early 2021.
The DL models presented in this work/can be directly ap-
plied to DR2, providing accurate morphological classifica-
tion for a great fraction of the galaxies with very little ef-
fort. In addition, the existence of deep fields within the DES
DR2 will allow us to extend this,classification to even fainter
magnitude limits and to carry, out*€rucial scientific analysis
for galaxy formation and evelution.
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APPENDIX A: EXAMPLES OF GALAXY
IMAGES

In the appendix we show some examples of real DES galaxies
classified by our morphological catalogue in different magni-
tude bins. Note that our models are able to correctly classify
the fainter galaxies, despite the fact that the noise signifi-
cantly degrades their morphological features.
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