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ABSTRACT. We present the results of applying
deep convolutional neural network to the images of
redshift-limited (z < 0.1) sample of ~ 300000 galaxies
from the SDSS DR9. We aimed to classify galaxies into
the two classes: Elliptical and Spiral. To create the
training sample, we used a set of ~ 6000 galaxies from
our previous work with visually inspected morphologi-
cal types, and also added 80 000 well-confirmed galaxies
from Galaxy Zoo 2 dataset, that were also classified
visually. With a given sample of ~ 86 000 galaxies, we
used the deep neural network, namely Xception, to
provide a classification of ¢g-r-i composite images (25
arcsec in each axis in size) of galaxies. Keeping in the
mind a relatively small training dataset, we provided
the data augmentation (horizontal and vertical flips,
random shifts on 4 10 pixels, and rotations within 180
degrees), that was randomly applied to the images
during learning. The data augmentation is a key
technique within our algorithm to display the variative
nature of the observed galaxies, and avoid overfitting
problem. We compared our classification result with
the Support Vector Machine (SVM) classification
performed on the SDSS photometric data (absolute
magnitudes, colour indices, inverse concentration index,
ratios of semiaxes, etc.), and proposed a method
to learn the benefits from both approaches (Deep
Learning and photometric classification). We show the
common mistakes of both algorithms, and propose to
stack these two approaches to block these mistakes,
with a main goal to increase the overall classification
quality of SDSS galaxies.
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AHOTAIIA. B wmiit pobori Mu TpencTaBIsieMo

Pe3yAbTATH 3aCTOCYBAHHS 3TOPTKOBOI  HEWPOHHOL
Mepexi 10 300paykeHb TrajlaKTUK BHOIPKH, sIKa
obMexKeHa 110 4epBoHOMy 3MimenHio (z < 0.1).

Bubipka micturs ~ 300000 300parkeHb TajlaKTHK 3
mudposoro ormgxy SDSSDRY9. Mwu mamm ma merti
KaacudiKyBaTn TaJakTUKKN Ha JBa Kjaach: EminTudaHi
ta CuipaJibhi. Tpenysajbha Bubipka micturb ~ 6 000
300pakeHb TAJIAKTUK 3 HAIUX IIOMEpPeIHIX PpobiT,
e Bi3yaJibHO OyJI0 BU3HAYEHO MOPQOJIOTiYHUI THUIl
KOXKHOI rayiakTuku. Jlo TpeHyBajabHOI BUOIpKH MU
nomanu 80 000 300parkeHb raJakTUK 3 BUOIPKU JTaHUX
GalaxyZo02, mo Takoxk 6ysin KjacugikoBaHi Bi3yaJbHO.
Ha ocHoBi maHux TpeHyBaJIbHOI BHOIPKU TaJIAKTUK
~ 86 000 Mu 3acToCyBaJIM 3rOPTKOBY HEHPOHHY MEPEXKY,
a came Xception, mob6 3pobutn MopdoJIoriuHy
KaacudikaIio TaJakKTUK BUKOPUCTOBYIOUN  -T-%
CKJIaJleHl 300parkeHHsl TajJakTuk (posmipom 25 Ha
25 KYTOBHUX CEKYyH[). st HaBYaHHS MoOJIeJIei
MM BHUKODHCTOBYEMO BIJITHOCHO MAaJIEHbKY BUOIPKY
300pakeHb, IO HAKIAIa€ OOMEXKEHHsI HA OIlHKY
AKOCTI MOJIeJIel, Ta X HMOJaJIbIny eKciuryarario. Jlns
IIOKPAIIeHHs Pe3y/IbTATIB MU BUKOPUCTAJIN IEKiTbKa
BiIOMUX UpHUIOMIB (rOpPH30HTAJIBHI T BEPTUKAJIBHI

IIepeBOPOTH, BUIAJKOBI 3cyBum Ha =+ 10mikcesi
Ta obepramnsg B Mexax 180 rpajycis), ski Oyiu
BUIMIAIKOBAM YHHOM 3aCTOCOBaHI 10 300parKeHb

rajakTuK i 9ac HABYAHHSA. 301IbIIEHHA KiJIHLKOCTI
JIAHUX € KJII0YOBOIO TEXHIKOIO B HAIIIOMY JITOPUTMI JJIs
BijIoOparkeHHsT BapiaTUBHOI IPUPOJIHA CIIOCTEPEKYBAHUX
raJlaKTUK Ta YHUKHEHHsI MPOOJeMU TepeHABIAHHS
MOJIEI. Mu mopiBHsIM OTpHMaHI pPe3yJIbTaTh
kiacudikamii 3 pe3yJabTaraMyu HaIIol [TOIEPETHbOT
poboTH, Jie BUKOPUCTOBYBAJIUCH (DOTOMETPUIHI JTaHH]
(aBcomrOTHI 30psIHI BEJIMYMHU, MOKA3HUKA KOJBODY,
3BOPOTHI#l iHJIEKC KOHIIEHTPAIlil, CITiBBiIHOIIEHHS
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Ellipticals 200 Spirals [Dobrycheva 2013] and obtained 170000 common

200 sources. Then, we selected reliable classification with
230 using flags (from Galaxy Zoo 2 catalogue) for the Ellip-

150 200 tical (tO1_smooth_or_features_a0l_smooth_flag)
150 and Spiral (t01_smooth_or_features_a02_features-

100 _or_disk_flag) galaxies, that returned 15264
100 Ellipticals and 64441 Spirals. Besides this training

50 0 sample we used a list of 6163 visually inspected
. N galaxies (4148 Ellipticals and 2015 Spirals) as a
0.0 0.5 1.0 00 0.5 1.0 validation sample. We applied the Deep Convolutional

Figure 1: Probability distribution for validation sam-
ple of 6000 galaxies, classified visually and with DL.
Probabilities for Ellipticals (F) (left) and for Spirals
(S) (right) of being E- and S- types, respectively.

miBocell Ta iH.) Ta MeTOJ OIOPHUX BeKTOpiB. B
Pe3yabTaTi, MU 3aIIPOIIOHYBAJIM METO/L JIJIsl BUBUYEHHSI
nepepar 3 000X WiaxoziB (rumboOKe HABYAHHSI Ta
doromerpuuna Kiacudikais). Mu noxkazyemo
3arajibHi MOMMWJIKH 000X AaJITOPUTMIB 1 IIPOIIOHYEMO
CKJIACTU IIi JBa WiIXOAW MAJisl YHUKHEHHS IOMUJIOK
3 METOI0 IMJABHUIMUATH TOYHICTH MOPMOIOriTHOT
kiacudikamii ranaktuk SDSS.

Kurouosi MopdoJioriyaa  KaacuikBIList
rajakTUK, MAIIMHHE HABYAHHSI.

cJioBa:

1. Introduction

Morphological classification of galaxies can provide
insights into the processes that form the evolution of
Universe. The modern wide-field surveys (like the SDSS
[Blanton et al. 2017]) include ~ 10° of resolved galax-
ies and require the machine learning application. Deep
Learning (DL) methods (namely, Convolutional Neural
Networks) mimics visual inspection of images by expert
but with a much higher speed-performance. In this
study we used Deep Convolutional Neural Network to
classify 300000 galaxies (z < 0.1) from the SDSSDR9
[Ahn et al. 2012, Dobrycheva et al. 2017] and com-
pared it with photometric classification approach
[Dobrycheva et al. (2018), Dobrycheva et al. (2015)].
We note that binary classification (Elliptical and Spiral
galaxies) is a primary method for searching gravitational
lenses [Sergeyev et al. 2018, Khramtsov et al. 2019]
and locating gravitational waves’ host galaxies
[Dalya et al. 2018] as well as important for Zone of
Avoidance identification [Vavilova et al. 2018].

2. Data and methods

We used the data from crowd-source Galaxy Zoo 2
project [Willett et al. 2013] providing positional
cross-matching of this catalogue with inference sample

Neural Network called Xception [Chollet 2016] that
gives the state-of-art performance in classifying images.
We trained the Xception network on 2/3 of training
sample from Galaxy Zoo data and validated the results
on remaining 1/3 fraction and on visually inspected
galaxies. The distribution of final probabilities for
visually inspected 6 000 galaxies is shown in Fig.1.

3. Results

We compare the obtained probabilities returned by
our Deep Learning (DL) model with the corresponding
probabilities obtained by Support Vector Machine
(SVM, [Vapnik 1979]) method. One can see in Fig.1,
that our DL model performed well on Spirals, when
some Ellipticals from visually inspected sample flowed
to the class of Spiral galaxies (p > 0.5). We inspected
the galaxies, which have rival probabilities (i.e., were
classified differently with two methods, see Fig.2, top).
Galaxies classified with DL as Ellipticals and as Spirals
with SVM look like smooth rounded sources, but in
most of cases, they are the starforming galaxies (as we
directly checked with SDSS spectra) despite the lacking
of resolved spiral structure on their images. This result
indicates that DL method can classify rounded sources
as Ellipticals but it can not catch the spectral energy
distribution properties of galaxies more clearly than
SVM, trained on photometric features of galaxies.
Also, the galaxies classified as Spirals with DL and
as Ellipticals with SVM, are, mostly, the edge-on or
face-on Spirals. This confirms that SVM method could
not deal with such galaxy images and one should
include the additional information (e.g., semi-axis
ration) in classification [Vasylenko et al. 2019]. The
total amount of differently classified galaxies is 60 000.
So, an overall classification of galaxies with DL is
satisfactory (Fig.2, bottom) and can be joined with
SVM classification to obtain more confident result. We
propose to use the Stacking algorithm, when some
meta-classifier learns to select sources with using
probabilities returned by some basic classifiers as input
features. We expect that this method will improve the
final classification adopting the best from both methods.
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Figure 2: (Top figure) Representative galaxy sample with rival probabilities; top row: Ellipticals with DL, Spirals
with SVM; bottom row: Ellipticals with SVM, Spirals with DL. (Bottom figure) Representative galaxy sample
with reliable DL classification; top row: Ellipticals; bottom row: Spirals.
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