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(Development of Galaxy Image Classification
Based on Hand-crafted Features and Machine Learning)
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Abstract

© In this paper, we develop a galaxy image classification method based on hand-crafted features and

machine learning techniques. Additionally, we provide an empirical analysis to reveal which combination of the
techniques is effective for galaxy image classification. To achieve this, we developed a framework which consists of
four modules such as preprocessing, feature extraction, feature post-processing, and classification. Finally, we found that

the best technique for galaxy image classification is a method to use a median filter, ORB vector features and a
voting classifier based on RBF SVM, random forest and logistic regression. The final method is efficient so we believe

that it is applicable to embedded environments.
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Fig. 1. Galaxy images of ten classes
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1. Hand-crafted £& %
20043 = =4 715 37 (locally weighted regression)
o} w7 (bagging) o2 GFESH 7o) AetE ATt [8] &
3} ol A= dlolE F7 (data augmentation)S $3 34
Tl WXt AE2EE $193, PCA (principal
component analysis)S AR&3te]l HolE ] Y
oA A #H HRE FZIoh 2007 Al<tE
SVM (Support Vector Machines), #E X#d2E, Naive
Bayese AM7}A] 71AIgE 7|uke] darelseldet [91 2016
Ho = NMF (non—negative matrix factorization) 7]®-g A}
43k 7ol AFEem, o] mk F 37 23 FTH

Haleld 7|8t 23} o|o|x] =&/

1
Folil

712

gte| 25t ofo|X| 2&F 1Y WY

e QAS ey, 92.76%] AAEFS HAsTt [6].
71&9] hand-crafted 574 2 #2l2id 719ke] Aot 2 <
T9 Aol 14 7hEd Fhelatg] 9] gl Qi) 7]Eed & 3
T 2stel sl Q14o] s AAINE FE= 10709 &5}
g MEE AE HEE gtk

2. Eeld Jlutel 23t ololx| 25
Haoe 23 olulA R Held &% 2497 9
o} 20160 AbEl 7] SDSS (Sloan Digital Sky

Survey) @ CFHTLenS (Canada-France-Hawaii Telescope
Lensing Survey)?] HlolElE A3l AE AZFA Al

747 (Deep Convolutional Neural Network) = &S AF-&3}1
= E-23 B ZydYaE A (101 2 o] %ol o

2e gle delolE A AF ARFA AFY orlE
7b AlkE ek (111 H2els g% Zde #ojos 2te »
455 889 23 2/ 7HECl AENoH, 90% o] %
o ndsE Hela rt [12 71
. 23t o[0jX] 27/ = AAZ
2 oApelqE 7 BE A% 2 24 49 A ©
3t oju]A] BHE AT ZHAdYTE ALt 29
AL AAe BE, §5Y F& EE, 54 7t EF EE M
MR FAFI e, ol & 1o veklrh & 19 dA
g 253 54 7M¥ BEEAdE 7S FIHA &< none
LRSS RRE
1. dX2| 2=
54 FF s FYst7l Ao deoly HAF
(data preprocessing)E 34 54 FE&£ 9 & & + 9
& fErh oAE £ (blur) HFAY AR AZF
B 1, 28 0l0[x 25 =39S
Table 1. Framework of galaxy image classification
. Feature Feature Classificatio
Preprocessin E . Post-process Modul
Module (7) xtration ing Module n Module
Module (2) I3 (7
. . ORB Standard Random
Median Filter (scalar) Scaler Forest
Gaussian ORB Min Max Logistic
filter (vector) Scaler Regression
Histogram Robust
Equalization Scaler RBF SVM
: Voting
CLAHE Normalizer Classifier

Edge
Detection PCA Adaboost
(Sobel x)

Edge Extremely
Detection Outlier Randomized
(Sobel y) Trees

None None I;gi]ge}?ggit
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Fig. 2. Histogram equalization and CLAHE
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48 ALgalugc

= =

Gaussian filter, G/F)

AL wf AMS3h= HE Fo i

Qb Feolt} [13]. M BH 9 FUsH

22/ FH AES A4 B 5 i, o5
7

x7 vt~ A 72 ¥ 7FAIRH DEE AR Bk

1.3 3]l2Ea% #H&3} (histogram equalization, HE)
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A e Ba oW A4H BEES M AR
dom A4S Aot (3. webd FEHE 298 3~
EI9e mrh A% BEE M o), @ 2o 45
of Q= WY e BAN m2A REFES e 9L
@,

gEl Alg Ag slaEdw 9B (CLAHE

Contrast-Limited Adaptive Hjstogram Equalization)& 3]~

CERE B

E}_\__
e

FHE5= o F M contrast limit
e AEste g d9o] o] e Holrke Afele

=
ol ddstA mEH =S Frt [14].

M 16 M 15 20214 2¥ 19
= 2. F2(X) 3 FE(®y)
ofA= ofA=
Table 2. Vertical Table 3.
mask Horizontal mask
-1] 0 1 1 2 1
-21 0 2 0 0 0
-1] 0 1 -1] -2 -1

Feature point

Original image

Feature value for mean scalar

139, 10565476190476
Feature descriptor

(250 98 66 56 169 227]
1250 112 66 ... 86 123 2271 Feature value for mean vector
o (184 102 102 ... 35 138 234] H
(186 114 77 49130 34
(185 58 99 43138 42
(250 58 93 48138 43])
2 EX| ==
T2 3. ORB &2 F&
Fig. 3. ORB feature extraction
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20 Hand-crafted §2& % {4l 2{g
length), Th&¥ 2 WS o]&ste] o8 nAH 4o
(fixed length) & Zt= 5 o= W3S F3sc)

2.2 W8 54 +%

zzhet Jpuke] 54 Agle] wob Aol E&H ol 3}
23 dd ARE QoW F glonmz, fHE thd
PHE AT omA & Aol 54 A1EAd Ang
Fe wE B 544 AFwE AT o] 5459 A4
© Aeud gae paFEd 9 2w 54 55 P
ot 54 Anst o mEd oA 9 gelga 358
ohejst ol Bt 54 wEE PAstATh

oA & Aol W ME £ f = gt 2ol go
et

1 N
L=y 2 2

=

E
54 7HE BREAAE 54 FEH ovAEY g At
gAY A9 F4  (dimension reduction), €& ©]4X|

(outlier) HolHE AAsIE= 59 7|58 33}

3.1 A 2AY™ (feature scaling : STD scaler,

min max scaler, robust scaler, normalizer)

scaleri= R dlolHo] ¥ WES HEsto] A o]
He BXE 94 HY=2 Roe 9Ts It ye
scikit-learnol A A ¥t A= 47FA] F7F9 scalerg A&
atlom, 7 scalerell Wik A2 vhE & 49 2ot (191

k9

rlo

7|8te] 25t olo|X| 2&F TIH Y

E 4 I AAEe] TR

Table 4.Type of feature scaling

type function
BHS 0, FFAAE 1o HEE W 173 E
standard . o . i
o wdE SAHE Ay ol A Hde
scaler | e A9 w2 WA e gten AN
HUES 1, AAhgE 00] HES W A2 1
min max ol A gholA A 9 Hi@E W e
scaler e gy Haye] AR U FgoR
E
F93% 0, IQR (interquantile range)S 1] %=
robust _ i} _ . .
1 2 W3l HolHES 3 quartiledld 1 quartileS
e AAE IQRE 2ALYE e 715S 53,
FEH= ATt 1o] HEE HoHE 2. A=
normalizer & dolHE Aol Al A FAHe ArE
e goz YHF
3.2 PCA (principal component analysis)

oS
WUl PCAE AREST [20] 2 ATolA ARgg 2
1 o

(background) F5& 23} EHd 2 ©Lo] HxX
ojtt. webA A F4AE F

g =
A = & Aor Azdeta 54 7hg Badl F7heRl

3.3 o]

oA HolE el the s Rxsh MBS o
Mg os Wolqe BEAolh Abge] ofwglo]4
(annotation) 21 < STtRE RRHAA oo 2 B
F8 45 Q7] Wi Fojd dHolHel o4} 9le A
B3 Az 2eA oldAE AAI e ke

Hol AW o] = E isolation forestZ Al-&3Fe] 14}
A dlolg Aol o] FAE |k, ol o] A& uo]E

Aol A A AsH= WA S AREsto] AR ekt [21]

54 b2 onAES S5AI9E BRI Ad
oRiT 7P mol AHgahs BRIIVE Asol M Eohn
el BHIA kel Algete] HAE smlth

.1 99 ¥ ~AE (random forest, RF)

4
aY EAsEE Oedl 24 EdEel d43
s}

2ol Aet). AT S dolg el A%r} dow
A go] WA % B}

4.2 A~ 39 (logistic regression, LR)
2R 28 3= 3AE AHESE HolE 7} ofE WP
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&% B8 sty 1 FEd nE stedel f =2 d
Fo &t Ao ERFdTe ALdhy ol [23]

4.3 RBF SVM (RBF support vector machine)
SVM2 vzl (margin)e] Hoiged 4 A= 24 ZA
(decision boundary)& ZH= Wo|t} [24] wA#Y Lz
FolA W Heidy v =gk AsS Ui JHA o] FolA
o 1 M= 7P @el AHgEE RBF SVM (radial
basis function support vector machine)< 3+ E&2] to|E
7 o2 &5 dolHE Alolol Addew B/l oH ]
e

A=d o2 slAdstE Wolth coste Py Be dHolE
AZo] g Fxd Fols AL FEFeEAE A8,
gammai= shuhe] dlo|E] MZo] FFHE YAt AE
AARZL ol F glo] BF AdSFE duygE HdEE
F7heHA HBE E/7F ofF volEd A% dndgE

o]},

M6 M 15 20214 2¢ 21
4.4 % 7|4k £577] (voting classifier, VC)
ddzg~E 2428 37 RBF SVME F% 7|9 &

F71dl i s uo] gEel /M w2 FYAE 45
sl HH % E (soft voting)S 3HA €t}

4.5 olt}FE-~E (adaboost, AB)
AR Ed] ¥H7] (decision tree classifier) S AF-&3lo] of
R AgE 3t} ot R Ay JFEAE Fojates wyow

oF 7] (weak classifier)& 7 57| (strong classifier)
2 AAsE el [25].

4.6 d~E8 WY Eg (extremely randomized trees,

ERT)

A XHAE B/ A4 EE EE AL 4
3 oo EA dolH EAALS FAAR TAAA 4R
v MEsto] ALggtth oW treed © FEEHA WHEY
Ad) o] FFYAHL FHHor FUIAZ Aol JrEY A
9 Egolt} [26]. A2EY WY Ert WY IXHYAE F
o 55 Wrtst] wdel 4

Fnd o F@e Azow 54
(e}

=
Tl Aol E F S Aoletal oS

4.7 K-82% ©|% (k-nearest neighbor, KNN)

7F M7k KAl dlo]HE B Foizl dolEE &7
st K-H24 ol S ARS8t AASREgT [27]. 19 4
o} o] K7} 339 ) 7H¢ Hio Aol UEd Aor B
of Foiz dolg F¥e 337 dHolHe vE £R/7F 7
F AgsitE A & 7 Utk

27P?<l)ﬂr 771 (T7HA) WA AP,

oX,
1
e

(

)

R 2z ME 54 33 T4 Awel %
Z
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gt — ME 54 & (7H)
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22 Hand-crafted €& % o4l 2{d 7[Hte| 25t o|o|X| &/ 7|8 74
A FdHE FRY HE 27-FF wo|RE IFEY olF T 5. AZ2} ORBY EF7|Y Ms
AANFE 9 3ty 28]a ORB E4& AL&5te] WE Table 5. Performance by scalar ORB and classifiers
£4 F5& 30 o] 54 FE7]E SURF [28]9 SIFT :
2 SURF uo} Assie eelAgs, Hza mean acc (%) time (s)
[29] K.} W= . 8o j = e R 7] ORB(scalar)+LR 13.73+3.20 2.25
== = O iz
o F&¥ 54% RBF SVM, dlF feXE, 2Xxe ORB(scalar)+RF 16.06£3.55 41.29
S| AE 43 FX 7|9k BR7|A 91 Ad9E =& ORB(scalar)+*ERT 16.23+3.67 22.90
ORB(scalar)+VC 17.42+3.64 80.96
V. Al ORB(scalar)+AB 20.10+4.13 97.65
) = ORB(scalar)+
20.14+3.95 9.11
. RBF SVM
1. Ay =& ORB(scalar)+*KNN 21.74%3.61 1.56
S-2lo A3 A" oed 2ok WA Oy 19 Zo] &
s &/ HAg ol

ohel FYPrz FEHE &3 ojux ¥ 6. HE] ORBS 2778 Ms
s}

A EelHE AREE dlely A o Table 6. Performance by vector ORB and classifiers
Galaxy 102 10709 Fd2= Eg % 25753739 69x69 I
A

/Eu]'% 7]_@ _8_6_]_ O]U] ]E :11*351019}‘:} mean acc (%) time (s)
AL B GAE 913 e 0009l oS Wy | Sl e
o Adsiglon 7+ Fujxe] FA4E A8 e Z ORECvoctoriLE BT o1
S 1732] HolEnS AL SlolA o] & A, ORB(vector)+RF 43:56i5:34 42:11
WA O7hel FAARRE 2 100 onIAE S, ORB(vector)+ERT 44.24+5.44 22.27
°] F 9042 A% Al (validation set) &2 ARME-H™, Y3 ORB(vecton) -
81032 F& Al (training set) .2 dt<5atirt. ol sh 44 REF SVM 45.83+4.29 746
S % 1009 wHEste AF Ao g AAES] HEH % ORB(vector)+VC 46.005.24 7875
FAHAE T F 40X FE E A AN E AR
&4 F&3 10099 g5 2 H2EE ¥3H3H mean acc 29 AAY 2 4 7}2 A% ¥w (IV. 1. 3W 34)
(%)= 1009 &< (fit)stal ol (predict)dt H 4 (score) S -

5
. X 7 AAHE BEel Wsgte
Hdk A% (accuracy) s Jn| 3t} +9] 5

L El¥ e w9 Age] W AdE neFth WA, iR
2} (standard deviation)® A&%e] 3§ HWAE et ¥ P39} CLAHER 48 ojux|od E4HLS Fala,
time(s)= HolHE 298 AHE A&t 5AFE0 & EX &2 Fa w= Lo EANT s ~E1d Has)
F712 J7he AZbe gehdie, 2 992 SAE3IH. = CLAHEZ A g8 o|nA 2 Asts 9aS x1e3a
ATAeR Ad e g S AH 2d TS g oz wA o) WEel 544N 54 1EAE T
B7kel7] fid L ol A (575 A 0%E FH g o oo Hga Qe wel Msl gsol FgE Aol
Mo g ALgstg o YA 10%+ HAE Al (test set) o 23 o Abah A uk 5] <813 w3kslel CLAHE R%7b
= AH8E . =74 weolA 231d Aol wAl vtk =3 CLAHEZ
A9 #AAA AR Aad 2AE 2rcore Intel R) gagaa gasug 4o o Bol paddd. 2 W
Xeon (R) CPU@ 2.30GHz°]1, RAM=> 13G ©]t}. w4led Ao WEo|A] o] e ol wy|s} wrelRHA] o]So] =L
due]FE scikit-learn®] WA 0222, 54 FF LNUFT 5 aguojga B4 220 9¥S T Aom Ezgm
< openCVE WA 412308 AFE3Ft) 2 o}
el " F9Ae BHE G W o]
2. 28 =4 dd A 2] @yol WAt FARES W o Aol Woid
2.1 22/ e s va (IV. 1. 29 34) Aow d=aqdrt T} AYATE vige E4S o 2
Fele 2ZE/HE ORBE vlaelr] 913 d3& Adst 28 & oy Hok vud REE onA 9 AF-TF
om 1 Ade= i o4, % 59 Ak & 53 ol 2 ojzz AAsed adAeltt a3 Jh¢AH AEE o
ORBS} 879 #7712 77 ddsugts w, KNNo| nA 9] 7hg-2 wol=2E A AS=E @HpHoel). &3 ow]
2174%= 7P¢ A2 Fo] #okil, & 69 #o] WE ORBE Ao 1} Z ¥ o]9)e] Fue] e MEL o]d o]
HAHAE W 46%= FR7IVERVIZE 7P Eokt g e J15e s aElA A ZE9 el FE
K-H24 ole ddatel 7Hg &2 Alzte] 22590tk 2 A899 0 o wo]=25S AANFE TS 3 o]
T3 RBF SVME A5k dedoliA BAE Azte] v g 7199k FEj7} vgel FE s Aol vl o3
$uhe A B & 5 ek MR o RAEE ATl o wxo) Bys} 2353 wolzd o e AS @
7V o8 deuAd Ao 7P sty 4 9t}
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Table 7. Experimental results of the model search

16 M 15 2021 28 23

reprocessin
prep & HE CLAHE G/F M/F Sobel x Sobel y
module
X mean X mean X mean X mean X mean X mean X
unit time time time time time time
lassifier ace (s) aee (s) aee (s) aee (s) aee (s) aee (s)
C.
(%) (%) (%) (%) (%) (%)
ORB(vectar) 25.32 . 21.48 32.90 31.17 29.40 28.16
106.68 107.73 101.92 101.14 103.04 103.21
+AB +4.58 +4.24 +4.75 +4.33 +4.79 +4.61
CORB(vectar) 26.99 22.84 42.84 43.87 34.72 32.74
3.24 3.81 2.05 1.99 2.32 ) 2.32
KNN +4.08 +4.38 £5.05 +5.15 +4.93 +4.26
CORB(vectar) 28.92 27.90 . 44.71 45.79 35.61 35.82
7.69 7.75 7.32 771 857 8.44
IR +3.71 +4.05 +5.30 +4.59 +4.84 +4.75
ORB(vectar) 29.47 . 23.62 45.53 47.44 38.67 35.53
49.06 45.76 41.03 40.69 42.35 42.00
+RF +4.72 +4.69 +5.10 +4.04 +5.21 +4.66
CORB(vectar) 28.42 _ 23.49 _ 45.70 47.23 38.28 34.74
24.35 25.12 22.26 22.03 23.99 23.99
ERT +4.34 +4.38 +4.16 +4.98 +4.93 +4.79
CORB(vectar) 30.84 27.14 48.22 47.58 39.42 37.32
9.53 11.04 775 7.40 7.08 _ 7.29
+RBF SVM +4.62 +4.72 +5.50 +4.74 +5.02 +5.31
CORB(vectar) 29.91 _ 27.84 47.76 50.42 39.47 N 38.26
84.75 89.82 7873 77.30 76.03 76.91
+\VC 4,10 +4.31 +4.91 +4.68 +4.64 +4.85
postﬂmejsmg STD scaler Min Max Scaler Robust Scaler Normalizer PCA outlier
. mean . mean . mean . mean . mean . mean .
unit time time time time time time
acc acc acc acc acc acc
classifier (s) (s) (s) (s) (s) (s)
(%) (%) (%) (%) (%) (%)
CORB(vectar) 32.39 32.39 32.39 29.82 21.77 32.43
_ 104.94 B 104.62 102.88 106.80 52.37 126.45
+AB +5.20 +5.20 +5.2 +4.71 +7.29 +4.98
CORB(vectar) 40.16 40.31 40.51 39.13 26.22 41.54
2.02 2.00 2.61 1.91 2.27 _ 21.21
+KNN +4.60 +4.44 +4.71 +4.96 +8.88 +5.29
ORB(vectar) 43.03 44.00 43.23 30.87 24.88 43.23
4.99 3.54 7.41 247 4.08 24,64
1R +4.84 +4.68 +4.97 +5.76 +8.96 +4.62
ORB(vectar) 43.38 43.69 43.71 _ 41.57 24.29 43.81
_ 42.28 _ 45.48 41.54 42.56 29.64 60.28
+RF +5.11 +5.09 +5.40 +5.58 +7.81 +4.98
CORB(vectar) 43.83 43.40 43.64 42.23 _ 23.51 4297
B 22.48 B 22.39 24.07 2255 ) 24.08 B 4055
+ERT +5.25 +5.15 +5.34 +4.98 +7.86 +5.05
ORB(vectar) 19.07 8.26 12.26 _ 8.26 26.79 45.87
. 10.85 10.99 10.51 10.98 6.74 2548
+RBF SVM +4.06 +4.88 +4.58 +5.02 +9.17 +4.35
CORB(vectar) 44.66 45.96 45.06 41.88 26.19 4561
92.74 91.49 87.73 90.73 47.38 _ 96.82
+HVC 15.15 +5.10 +5.25 +5.17 +8.93 +5.03
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Table 8. Experimental results of the model search
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module
. mean . mean . mean . mean . mean . mean .
unit time time time time time time
lassifier ace S aee (s) aee (s) ace (s) aee (s) aee (s)
c
(%) (%) (%) (%) (%) (%)
ORB(vectar) 36.97 39.02 53.93 53.66 35.17 35.29
2388.02 2779.90 1879.40 . 1820.26 ~ 2484.14 2516.21
+AB +1.18 +0.97 +1.74 +1.96 +1.54 +£1.95
CORB(vertar) 44.24 39.95 . 63.19 64.12 46.15 . 45.87
231.93 346.35 338.84 311.85 552.51 412.70
HKNN +1.11 +0.94 +0.87 +0.88 +1.01 +1.01
CORB(vectar) 47.75 45.76 62.25 63.59 47.36 47.56
_ 313.99 271.89 402.99 419.20 317.37 262.24
IR +0.95 +1.02 +0.88 +0.97 +0.99 +0.99
ORB(vectar) 48.83 45.31 . 66.50 67.57 49.83 49.70
i 1373.54 1376.34 1169.68 1163.49 1366.59 1348.78
+RF +0.87 +0.97 +0.84 +0.75 £1.07 +£1.08
ORB(vectar) 48.61 N 44.36 66.22 67.43 4951 49.41
442.69 460.11 382.65 381.05 457.07 414.98
ERT +0.94 +1.06 +0.88 +0.71 +1.06 +1.05
CORB(vectar) 48.92 46.35 _ 66.56 67.03 49.69 49.30
4335.75 4625.86 3060.32 2972.62 3862.75 3850.77
+RBE SVM +0.94 +1.03 +0.86 +0.99 £1.07 +0.97
CORB(vectar) 49.72 22097.4 47.64 23668.4 67.00 14252.0 67.75 14254.6 50.72 20243.7 50.39 19633.7
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et N STD scaler Min Max Scaler Robust Scaler Normalizer PCA outlier
. mean . mean . mean . mean . mean . mean .
unit time time time time time time
acc acc acc acc acc acc
classifier (s) (s) (s) (s) (s) (s)
(%) (%) (%) (%) (%) (%)
CORB(vectar) 49.70 49.70 49.70 50.26 _ 37.18 _ 48.65
1887.02 2178.36 2120.88 2569.62 570.29 _ 2103.58
+AB +4.12 +4.12 +4.12 +3.16 +2.07 +£4.52
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+RE +0.93 +0.97 +1.03 +1.00 +1.86 +1.00
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+HRT +0.98 +0.90 +0.95 +0.99 +1.82 +1.02
CORB(vectar) 58.44 40.64 56.93 _ 31.45 53.45 65.63
3497.66 3990.81 4016.35 4782.46 2320.79 2980.31
+RBF SVM +1.01 +1.90 +1.01 +1.03 +1.49 +0.85
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Table 9. Performance of median filter
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