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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 ∼ 300 000 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 ∼ 6 000 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 ± 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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АНОТАЦIЯ. В цiй роботi ми представляємо
результати застосування згорткової нейронної
мережi до зображень галактик вибiрки, яка
обмежена по червоному змiщенню (z < 0.1).
Вибiрка мiстить ∼ 300 000 зображень галактик з
цифрового огляду SDSSDR9. Ми мали на метi
класифiкувати галактики на два класи: Елiптичнi
та Спiральнi. Тренувальна вибiрка мiстить ∼ 6 000
зображень галактик з наших попереднiх робiт,
де вiзуально було визначено морфологiчний тип
кожної галактики. До тренувальної вибiрки ми
додали 80 000 зображень галактик з вибiрки даних
GalaxyZoo2, що також були класифiкованi вiзуально.
На основi даних тренувальної вибiрки галактик
∼ 86 000 ми застосували згорткову нейронну мережу,
а саме Xception, щоб зробити морфологiчну
класифiкацiю галактик використовуючи g-r-i
складенi зображення галактик (розмiром 25 на
25 кутових секунд). Для навчання моделей
ми використовуємо вiдносно маленьку вибiрку
зображень, що накладає обмеження на оцiнку
якостi моделей, та їх подальшу експлуатацiю. Для
покращення результатiв ми використали декiлька
вiдомих прийомiв (горизонтальнi та вертикальнi
перевороти, випадковi зсуви на ± 10пiкселiв
та обертання в межах 180 градусiв), якi були
випадковим чином застосованi до зображень
галактик пiд час навчання. Збiльшення кiлькостi
даних є ключовою технiкою в нашому алгоритмi для
вiдображення варiативної природи спостережуваних
галактик та уникнення проблеми перенавчання
моделi. Ми порiвняли отриманi результати
класифiкацiї з результатами нашої попередньої
роботи, де використовувались фотометричнi даннi
(абсолютнi зорянi величини, показники кольору,
зворотнiй iндекс концентрацiї, спiввiдношення
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Figure 1: Probability distribution for validation sam-
ple of 6 000 galaxies, classified visually and with DL.
Probabilities for Ellipticals (E) (left) and for Spirals
(S) (right) of being E- and S- types, respectively.

пiвосей та iн.) та метод опорних векторiв. В
результатi, ми запропонували метод для вивчення
переваг з обох пiдходiв (глибоке навчання та
фотометрична класифiкацiя). Ми показуємо
загальнi помилки обох алгоритмiв i пропонуємо
скласти цi два пiдходи для уникнення помилок
з метою пiдвищити точнiсть морфологiчної
класифiкацiї галактик SDSS.

Ключовi слова: морфологiчна класифiквцiя
галактик, машинне навчання.

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 ∼ 105 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 300 000 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

[Dobrycheva 2013] and obtained 170 000 common
sources. Then, we selected reliable classification with
using flags (from Galaxy Zoo 2 catalogue) for the Ellip-
tical (t01_smooth_or_features_a01_smooth_flag)
and Spiral (t01_smooth_or_features_a02_features-
_or_disk_flag) galaxies, that returned 15 264
Ellipticals and 64 441 Spirals. Besides this training
sample we used a list of 6 163 visually inspected
galaxies (4 148 Ellipticals and 2 015 Spirals) as a
validation sample. We applied the Deep Convolutional
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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