RAA 2021 Vol. 21 No. 10, 264(8pp) doi: 10.1088/1674-14527/21/10/264 :
(© 2021 National Astronomical Observatories, CAS and |OP ihipig Ltd. Researchin

http://mww.raa-journal.org  http://iopscience.iop.org/raa ﬁgggggﬂ{;ﬂd

Automated classification technique for edge-on galaxies sad on mathematical
treatment of brightness data

Mohamed Eassalbrahim Mohamed Selif?, Walid Dabouf* and Passent Elkafrawy

1 Computer Science Department, Integrated Thebes Instibaieo, Egypteassa h@yahoo.com
2 Faculty of Computer & Atrtificial Intelligence, Sadat City Wersity, Sadat City, Egypt

3 Math and Computer Science Dept., Faculty of Science, Meadirfiversity, Egypt

4 Computer Science Dept., Taibah University, Alula Brancimgdom of Saudi Arabia

5 School of Information Technology and Computer Science 8Y,®lile University, Egypt

Received 2021 March 29; accepted 2021 July 26

Abstract Classification of edge-on galaxies is important to astranahstudies due to our Milky Way
galaxy being an edge-on galaxy. Edge-on galaxies pose #epndb classification due to their less overall
brightness levels and smaller numbers of pixels. In theetumvork, a novel technique for the classification
of edge-on galaxies has been developed. This techniqueésilwa the mathematical treatment of galaxy
brightness data from their images. A special treatmentditades’ brightness data is developed to enhance
faint galaxies and eliminate adverse effects of high brighs backgrounds as well as adverse effects of
background bright stars. A novel slimness weighting faitaieveloped to classify edge-on galaxies based
on their slimness. The technique has the capacity to be @atthfor different catalogs with different
brightness levels. In the current work, the developed teglenis optimized for the EFIGI catalog and
is trained using a set of 1800 galaxies from this catalog.iUgassification of the full set of 4458 galaxies
from the EFIGI catalog, an accuracy of 97.5% has been adhjith an average processing time of about
0.26 seconds per galaxy on an average laptop.
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1 INTRODUCTION Galaxy classification into groups of similar morpho-
logical appearances facilitates the study of the assatiate
stages of development. Classifying the enormous databas-

A . . S .. es of galaxies would allow scientists to test their theories

stronomical studies of galaxy classification are gaining

momentum to classify the detected huge number of galaxe-lbou'[ the phyS|caI process governlng_star-formatlon and
alaxy evolution to reach solid conclusions. However, the

ies, estimated to be in the range of 200 billi@goft et al. 9 e .
2005. These studies aim at investigating galaxy types anﬁrocess of galaxy classification proved to be challenging

properties to shed light on the origin and developmenta Gonzalez et al. 2018 Traditionally galaxies were clas-

stages of our universe in general and our edge-on MilkysncIeOI by reliable human experts. The development of

Way Galaxy in particular §parke & Gallagher 2007 advanced telescopes and imaging te(_:hnlques resulted in
. ! . extremely large databases of galaxy images such as the

Exploring galaxy formation and evolution are CentralSIoan Digital Sky Survey (SDSSEbnselice et al. 2016

to modern cosmologyKhalifa et al. 2018 Figure 1(a) g y y '

displays an edge-on galaxy (NGC 891) and Figie) The enormous amount of galaxy images has rendered

displays a face-on galaxy (Messier 74). The visualmanual expert classification impossible. Moreover, the far

. . . d(i]stances of newly discovered galaxies caused theirimages
appearance of galaxies, their morphologies, shapes arn

I . . - . to be of low quality, which further complicated the manual
forms provide insight into their composition and their e - .

. . T . . classification process. Additionally, numerous galaxies
evolutionary history. Also, galaxies’ chemical composi- . :
. . . have complicated natures that affect the accuracy of their
tions were found to shed light on the formation and e . )

. . Iy . _manual classificationHllison etal. 2013 Accordingly,
evolution of our universe. To facilitate these studies,

. e . . qastrophysicists consider the classification of detected
morphological classification of galaxies was introduce . .
(Elsayed Abd Elaziz et al. 2019 galaxies as a long-term goal. This gave momentum to the
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a

Fig. 1: (a) Edge-on galaxy NGC 891 and (b) face-on galaxy Me34l.

development of automated galaxy classification techniquespproach relies on using galaxy binary images and finds
(Cecotti 2020. ratios representing galaxy width divided by galaxy height,

Recently, numerous studies investigated the demeasured inv andy directions respectively. Then, the
velopment of automated computational techniques t@mage was rotated 45 degrees and the ratio was evaluated
classify galaxies as well as analyzed their morpholoagain. If the value of either ratio was higher than a set
gy. Several classification techniques based on machirt@reshold, the galaxy was considered an edge-on. However,
learning were developed to facilitate automated galaxglassification accuracy is not given.

classification Abd. Elfattah et al. 2014 During the last Abd El Aziz etal. (2017 presented an automatic
decade, research concerning edge-on galaxy classificatigfatection technique for galaxy morphology based on
has accelerated. This reflects the growing interest ifmage-retrieval. This technique detects galaxy type withi
understanding the evolution process of edge-on galaxies #h image as well as most similar images. It was tested
explain observed properties of our Milky Way as an edgepn galaxies from the EFIGI catalo@illard et al. 201}

on galaxy Kautsch et al. 2006 and achieved an accuracy of 97.5% on edge-on galaxy

The problems facing edge-on galaxy classification arg|assification.
primarily due to their low brightness and background stars, Shamir (2009 proposed a supervised learning al-

galaxy center shift from the cent_er of the imagg as well a@orithm that can classify galaxies automatically from
slanted galaxy axes V\,”thm their images. For this PUTPOS& ey images. The algorithm was trained with manually
the new technique introduces an adaptive brlghtnesélassified galaxies. A set of image features was extracted

threshold -for galaxy pixel detection and proposes ., galaxy images, and Fisher scorBishop 200§ were
mathematical treatment of the detected galaxy to reorler]51Employed to select the most informative features. Finally,

|ts_aX|§_so|:hath|twouldlbe \;]er_tlcal and cfomf]lde with ﬂ*? test images were classified using a simple Weighted
axis. Finaty, ,t € nove technique pqts prt anew galaxX\earest Neighbor rule. The algorithm was tested on galaxy
shmne_ss w_e|ght|ng factor a!ong with its threshol_d thatimages from the Galaxy Zoo catalogiftott et al. 2011,
would identify edge-on galaxies from face-on galaxies. and achieved an accuracy of 90% on edge-on galaxy
classification.
Gonzalez et al(2018 presented an automatic galaxy

Different techniques are applied for the automatedietection and classification method, based on a novel
classification of edge-on galaxies along with other galaxyata augmentation procedure. The models were trained
morphologies. Some techniques extract features frorimploying deep learning techniques and convolutional
galaxy images and use them for galaxy classificationneural networks (CNNs). The detection and classification
Other techniques employ different machine |eamingmethods were trained utilizing different datasets. The
approaches. However, classification accuracies are tHeodel achieved about 78% accuracy on the classification
main challenge for different automated classificationof edge-on galaxies.
techniques. Dominguez Sanchez et 4018 presented a galaxy
Dhamietal. (2017 proposed a knowledge-based classification scheme. The classifications were obtained
approach for the classification of edge-on galaxies. Thaith Deep Learning algorithms using CNNs. After being

2 RELATED WORKS
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trained with the Galaxy Zoo 2 catalogfllett et al. 2013, The adaptive brightness threshdby, is employed to
the scheme achieved an accuracy of 97% on edge-atonvert the greyscale image of the galaxy into a binary
galaxy classification. image. Then the Matla® function “bwlabel” is applied

to detect and label connected white spots in the image. The
3 PROPOSED METHODOLOGY largest spot, considered to represent the galaxy, is @etect

_ o as the one labeled with the higher frequency label. The
A novel technique for automated classification of edgeimage matrix columns and rows of the largest spot’s points

on galaxies based on their unique slim shape with itgre identified as: and y locations of the pixels in the
high aspect ratio has been developed. This technique {gajaxy image respectively.

mainly designed to identify edge-on galaxies from face-

on galaxies. The novel technique _dlrectly employs galaxy; Galaxy Line Fitting

brightness data. In the next sections, the novel edge-on

galaxy classification technique is presented. For identifying galaxies’ main axis, the least squaresfitti
The novel technique consists of four different stepstechnique is employed on the orthogonal distances be-

The first step is galaxy detection in which pixels tween detected galaxy pixelsy locations and the fitting

representing the galaxy are identified as those of the largekne. For this purpose, Matla® function “linortfit2” is

spot in the image, after application of a novel adaptiveutilized. The “linortfit2” function returns the intersegti

brightness threshold. The second step is galaxy line fittingooint of the orthogonally fit line with thg-axis as well

In this step, the equation of the line that best fits the galaxys its slope, EquatiorB8). This fitting line is considered

axis is identified. The third step is galaxy reorientationthe galaxy axis. The axis is employed to standardize the

in which the galaxy is reoriented so that its axis wouldorientation of the galaxy before evaluating the galaxy

coincide with they-axis of the image. The fourth and slimness weighting factor.

last step is galaxy classification. In this step, a novel

slimness weighting factor is evaluated and compared to its y=mz+b ©)

zlrl]rr;r;:;g;reshold to identify edge-on galaxies from faceg oo ), s slope of the orthogonally fit linep is

intersection point of orthogonally fit line with the-axis,
andzx, y arex, y locations of orthogonally fit line’s pixels.
In very rare cases, the orthogonally fit line would be

The galaxy detection module is applied to the brightnesB€rfectly parallel to thej-axis (n = + oo andb = +
data of galaxy images. Due to the variation of galaxie$™°), due to the fit line inclination angle being equalio
and image brightnesses, an adaptive brightness threshdld2: In this case, a data conditioning step is carried out, in
for galaxy pixel identification is employed. For the currentWhich all initial locations of the galaxy pixels are rotated
work, adaptive brightness threshold is evaluated as 4° degreesi/4) around the origin point0, 0) according
function of the image brightness mean value multiplied by!® Equations4) and ©). Then, the line fitting process is
a factor of proportionality '), Equation (). This adaptive repegted using the cor_1d|t|oned data that _replace thelinitia
brightness threshold equation is meant to accommodat@cations of galaxy pixels for all following processes.
variations of image brightness while taking into account! Nis conditioning allows the galaxy data to accept the
the small number of pixels representing edge-on galaxield€ fitting process and the rest of the processes, without
in comparison to other types of galaxies. The mean valu@ffecting the outcome of the classification process.

of brightness is evaluated by dividing the sum of image

3.1 Galaxy Detection

ﬂ' ﬂ'
pixel brightness by the total number of pixels in the Ypoe = TpoSin (Z) T YpoCos (Z) )
image, Equation?). The factor of proportionality V) - -
value is optimized for higher edge-on galaxy classification ZTpoe = TpoCOS (Z) — yposin (Z) (5)
accuracy in a later stage. N o )
wherezpo., ypo. arez,y conditioned initial location of
Bat = N % By, (1) detected galaxy pixglandz,o, yyo arex, y initial location
N of detected galaxy pixel.
1 P
Bm = ny pz:; By @ 33 Galaxy Reorientation

whereB,; is adaptive brightness thresholil,is factor of Edge-on galaxy shapes are quite slim. However, a
proportionality,3,,, is mean brightness of image pixels, ~ weighting factor has been considered required for the
is number of pixels in the imagg,is pixel number and3, = computer to automatically identify edge-on galaxies.
is brightness of pixel numbex. Orienting the galaxy vertically or horizontally has been
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considered the most feasible way to identify the ratio o4 EXPERIMENTAL RESULTS AND DISCUSSION

its length to its width. For this purpose, galaxies being ] )
classified are reoriented vertically. The proposed technique was developed using Mafab

The first step in galaxy reorientation is to shift the Version 2017 running on a DELL Inspiron laptop with
galaxyy location so that the galaxy axis represented by? B 0f RAM and a 64 Bit core i7-36120QM processor.
the orthogonally fit line would intersect with theaxis at 1 he laptop employed the Windows 10 operating system.
the origin according to Equatiors) During this stepy In the ngxt sections, experimental results are demondtrate
locations of galaxy pixels are not affected, Equatigp ( &/0ng with a sample of runs.

The second step is to rotate the pixels of the galaxy by the

angle ¢) counterclockwise (CCW) required for its axis, 4-1 Galaxy Dataset

represented by the orthogonally fit line, to coincide with
they-axis according to Equation8)(and @). The rotation
angle @) is derived from the equation of the orthogonally
fit line, Equations 10) and (L1).

The current edge-on classification technique has been
optimized for the EFIGI catalodaillard et al. 201} For

this purpose, it is trained using a set of 1800 galaxies from
the EFIGI catalog; 800 of them are edge-on galaxies and

Ypl = Ypo — b (6) 1000 of them are face-on galaxies. This collection includes
problematic faint galaxy images with high brightness
Tpl = Tpo (7) backgrounds and bright stars to ensure the robustness of
Yp2 = Tp18in (0) + yp1cos (0) (8) the current technique. Finally, the developed technique is
25 = 200 (0) — ypsin (0) ) tested on the full set of galaxies of the EFIGI catalog (4458
»2 rl - Yp1 galaxies) including all its problematic galaxies.
0= 59 (20)
4.2 Galaxy Detection
¢ = tan"! (m) (11)

An image of edge-on galaxy IC 210, displayed in
Figure 2(a), is employed as a demonstration sample
for the developed technique. Figur&b) shows the
galaxy after being converted to a binary image using its
own adaptive brightness threshold, taking the factor of
proportionality (V) equal to two. In the later stagey
values are optimized for higher classification accuracg. Th
Preliminary runs found that the ratio between galaxydeveloped galaxy's binary image is treated with Matfab
width and its length would not efficiently identify edge-on function “bwlabel”. The “owlabel” function labels spots
galaxies from the others. A higher measure for weightin®f €ight or more connected white pixels in the image
was considered a requirement. For this purpose, galaxié%ith different numbers. In the current work, the spot with
are reoriented to get their axes coinciding with the the largest number of connected points is considered the
axis so that squared locations would further weight the arearepresenting the galaxy and is isolated, as depicted in
identification of galaxy slimness, in a fashion close to the~igure2(c).

least squares method. The ratio between reoriented galaxy

average of pixels: squared and the galaxy length,) 4.3 Galaxy Line Fitting and Reorientation

in pixels, as expressed in Equatial?), has been found
to represent a feasible slimness weighting fact@,.

L, is evaluated as the difference between maximum an

minimum values ofy,,, of galaxy pixels. : 2
i/.”Q 9 Y pixet rest of the process. The, y locations are utilized along

Edge-on galaxies would exhibik,, values lower . o . .
with the least squares fitting technique, using Mat@b

th | t ifiR,, threshold R, hil . ; . . )
an or equal fo a spec I y (resho {zy0) while function “linortfit2”, to identify the galaxy’s orthogonigl
face-on galaxies would experience higher values than the " . : . . . A
it line, considered as its axis, as displayed in Figdre

threshold. The value oR,,; threshold is optimized for L . .
Current results indicate that the orientation angle for

higher classification accuracy in a later stage. galaxy IC 210 within its image is-25°9'40”. The results
1 Qe ) are verified manually and found to be perceptibly accurate.
Ry = n. L Zng (12) A galaxy’s orthogonally fit line is reoriented so that
97y p=1 it coincides with they-axis to facilitate employing the
whereR,, is slimness weighting factor,, is number of  weighting factor. Figuré shows the galaxy after shifting
galaxy pixels and_,, is galaxy length in pixels. vertically to move the orthogonally fit line intersection

wherez,, ypo arex,y initial location of detected galaxy
pixelp, zp1, yp1 arex, y location of shifted galaxy pixel,
Tp2, Yp2 arex, y final location of galaxy pixep, ¢ is slope
angle of fitting line and is reorientation angle.

3.4 Galaxy Classification

The first step required for line fitting is to identify locati®
8f pixels x, y of the galaxy being classified. These pixel
x,y locations, plotted in Figur8, are employed for the
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a C

Fig. 2: Galaxy IC 210, (a) original galaxy image, (b) aftepbjng adaptive brightness threshold and (c) after isotati
the galaxy area.
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Fig. 3: Plottedz, y values of galaxy IC 210 pixels. Fig. 4: Galaxy IC 210 plotted along with its orthogonal fitting line.
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Fig. 5: Plot of galaxy IC 210 after being shifted vertically. Fig. 6:Plot of galaxy IC 210 after being rotatéciround the origin.
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Fig. 7: Number of wrongly classified galaxies out of the 18%0@& catalog sample at differen¥ and R,.,,; threshold
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Table 1: Results of the Training Set

642

Galaxy type | No. of galaxies | True Classified | False Classified | Accuracy
Edge-on 800 786 14 98.2%
Face-on 1000 989 11 98.9%

Total 1800 1775 25 98.6%

Table 2: Summary of the Developed Technique Results

Galaxy type | No. of galaxies | True Classified | False Classified | Accuracy
Edge-on 1054 1012 42 96.0%
Face-on 3404 3337 67 98.0%

Total 4458 4349 109 97.5%

Table 3: Comparative Results for Galaxy Classifications

Related work Year Employed technique Accuracy
Shamir 2009 | supervised learning algorithm using Fisher scotes 90 %
Abd el azizetal. | 2017 image retrieval approach 97.5%
Sanchez et al. 2018 deep learning algorithm using CNNs 97 %
Gonzalez et al. 2018 deep learning and data augmentation 78%
Proposed techniqug¢ 2021 mathematical treatment of brightness data 97.5%

point with axes to the point of origin. Figur@ displays
the shifted galaxy after rotation with calculated angle<(
115°9’40”) CCW around the point of origin, resulting in
the orthogonally fit overlapping thgaxis.

of edge-on galaxies and 98.9% accuracy in classification of
face-on galaxies, see Talle

4.4.2 Accuracy of the devel oped technique

Finally, the classification accuracy of the developed
technique has been tested utilizing the full EFIGI catalog,
4458 galaxies. In this test, the developed technique
. , . ... achieved an overall accuracy of 97.5% with 96% accuracy
factors is gutllned and the final edge-on classification, y ¢|assification of edge-on galaxies and 98% accuracy
results achieved by the current study are presented alor?g the classification of face-on galaxies, as displayed in

with a gomlpa:;so? t\é\"th rewetvvte d hrgsults: F_mallyt,. thtegable 2. Accuracy results have not significantly varied
processing load ot the current technique 1S INvestigatee, ., e training set results which demonstrate low

using processing time on an average laptop as gensitivityofthetechniquetﬁfandRmyt values.

performance measure. . .

A comparison between accuracies of current work and
reviewed work is presented in Tab& The comparison
shows the high capacity of the current novel technique
to classify edge-on galaxies, which would allow it to be
An investigation was conducted to evaluate the optimunsoundly employed for the required classification process.
values of the proportionality factdiV) and its coupled It also demonstrates that the current technique would have
slimness thresholdH,,.) for the studied EFIGI catalog. the potential as a basis for further development.

In this investigation, a training set comprised of 800

edge-on galaxies and 1000 face-on galaxies from thg 4.3 Processing load of the developed technique

EFIGI catalog was employed. Investigated values

ranged from 1 to 3 and investigatét,,; values ranged To demonstrate the capacity of the developed technique
from 0 to 2. The total numbers of wrongly classified to process galaxies in a relatively short time, processing
galaxies and achieved accuracies at differ€rand R+ times of all tested galaxies are evaluated on a DELL
combinations were evaluated and are presented in Figurelnspiron laptop with 8 GB RAM and a 64 Bit core i7-
and Figure8 respectively. The results affirm that tié  36120QM processor. The histogram of tested edge-on
value of 2 along with theR,,; value of 1 achieve the galaxy processing times is displayed in FigQ¢a), while
best classification accuracy. The figures demonstrate th#te histogram of tested face-on galaxy processing times is
high accuracy is achievable at a wide rangé&/cndR,,;  depicted in Figur®(B). The histogram of all tested galaxy
value combinations. The achieved overall accuracy of th@rocessing times is featured in FigugéC). The total
training set is 98.6%, with 98.2% accuracy in classificatiorprocessing time of the 4458 galaxies is about 19 minutes,

4.4 Galaxy Classification

In this section, the process of optimizing,,; and N

4.4.1 Optimization of R, and N factors
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Fig. 9: Histograms of processing time of galaxies, (A) téstelge-on galaxies, (B) tested face-on galaxies and (C) all
tested galaxies.
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