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Table 1 The features for SDSS-DRY7 star/galaxy classification

Variable Attribute
psfMag PSF (point-spread function) magnitude
fiberMag Fiber magnitude
petroMag Petrosian magnitud
modelMag Model magnitude
petroRad Petrosian radius
petroR50 Radius carrying 50% of Petrosian flux
petroR90 Radius carrying 90% of Petrosian flux
InLStar Likelihood PSF
InLExp Likelihood exponential
InLDeV Likelihood deVaucouleurs
mRrCc, mE1l, mE2 Adaptive moments
specClass Spectroscopic classification

4.2 LIS
421 FFAEEEPENK

T8 T of SR R AR 07 L, A5 AN B R 1) R LR, B E scoresg RN
IEH R S H.

Feature importance

psfMag 2327 4
InLStar 1775 1
fiberMag 1667 E
mRrCc 1651 B
mE1l 1532 g

modelMag 1462 .
InLDeV 1424 B
InLExp 1293 -
petroR90 1269 E
mE2 1219 B
petroMag 1050 -
927 B

840 i

petroR50

petroRad

1 1 1 1 1
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F score

1 LR R

Fig.1 Feature importance
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4.2.2 XGBoostH AL AL
XGBoostff H 2 0 E L, FLEAEIVERFEL T, 1 MH% 8 R X XGBoost L3 1T

SRR, BREREE N6, 5 2% N0.01, TETI0UEAR N AL S, BB S AuAE, R IZx
0 AR R AT S5

Algorithm 1: Exact Greedy Algorithm for Split Finding
Input: I, instance set of current node

Input: s, feature dimension

gain < 0

G D ier 9is H < D hi

for k=1toddo

GL — 07 HL +~ 0

for j in sorted (I, by x;;) do
GL FGL +gj,HL (*HL‘F}LJ'
GR%G—GL,HR%H—HL

Gr?> GQ)
Hr+Xx  H+x

2
score < max (score, HCiLH +

end
end

Output: Split with max score

4.2.3  SEZIG T SRR E

NT BERE AP HLP A X GBoost I R 7R 4E B /B &R 0 K R, AR T T RS XUERHIE
(077325 (4 56 B B B2 7 1056 0y, Foh LR N IINRER, RO ENINIZER), IFH S
SCER[A] TP HIFT (3 PEREL T HoAth AL G vk S 503% ). RF. GBDT. Adaboost Al H #if
A I EIEWDBN,. SDAESE/EXT L, FEAHIIXT th 2 R ange2. FFE, S 7 IRIE
Sof o 848 I 2, RS SCHR[4])— 800 o R M BR AT 4R HR (CP), BDE RV KIE
R, HoE Lk

Ngal—ga1 (v)6v
Neet (v)dv

galaxy

CP(v) = 100 x (17)

Hft, Ngai—gar (v) 00fRFR B A TE (v — 22,0 + )X (8] N I BERFEA B B3 2 N E R
(IHCRE, N (0)Sv IR R EATE (v — 22,0 + 22) X A) Py RE A P B R (K MR, 3K
B et fmodelMag (BEHY A2 48 ) B ¥ K/ Ri) 43 DX TR) f. G rb o R 4 (X [h) (14-19)
Ih5 L 48 X i) (1921 ) M e i 2 25 [X 1] (20.5-21) 73 HI4C 2 &S model Magtif 5 2 2 K /)N
AR ES .
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%2 SDSS-DR7TERHLIEME
Table 2 The accuracy of SDSS-DR7 galaxy classification

Set
@ CP(14-19)/% CP(19-21)/% CP(20.5-21)/%

Method

XGBoost 99.87 95.72 79.48
GBDT 99.84 95.74 77.64
Adaboost 99.89 95.80 77.56

RF 99.88 95.44 75.71

SDAE 99.87 95.70 73.08

DBN 99.60 96.01 74.45

FT 99.64 84.98 74.04

MBI LSR5 i R 2 i LLUE B, XGBoost 1 2 & 43 K R AL TFT.
e HE TR I 2 55 X ], XGBoostAH LLFTHE /5 1 T 10% 0 M #f 2. 10 -5 HoAth 5 4 S i3k
fIDBN!2, SDAE. RF. Adaboost. GBDT#HHEt, fEmodelMagfii 420.5-21 ) i % &
XA, WA T 2% 5% M B R RUER R, Htn] WL, XGBoost HiE A B A B 5 1)
ZAGRE ST, AETE R R R RN R I T HARSRE. 4, A SCR HmodelMag)@ 14
18 N14-1909 2188 15 4 Bl , K MAXGBoost. GBDTHIAdaboost £ 2 f2 2 ¥4 4 Ll
SRR [ R A8 SRR DR N T I R S B A I B S A /N B £ ) XS Ll
RERAWE. 4508 MEIFR.

Z FI DA DA LA 2R [ I R T, o DR A A Y 1) 2 3R 70 R M e B (IR T
PLE3/MEEAY. SIS &5 R, fEBAREA RO, XGBoost7E I 2R A I Bl #E 1
B ) B (i F-GBDT A Adaboost. #H%FFGBDT, XGBoostf#i H T 285 5., 7T LA R
eI 2R EUSi. R, XGBoost MY TEERA R _E AT H At R, g HLAERCR B thic
H T GBDTAIAdaboost.

3 RE)IZEE
Table 3 The time of the model training

SetTime
CP(14-19) /h
Method
XGBoost 1.44
GBDT 15.58
Adaboost 28.05
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5 BHEERE

A SCiE A FHSDSS-DR7I Y 4 4, IF HoRH -4 58 IR 77, WF 50 1 2
TXGBoostH LM E R /B R K@, &Mt HASKEFS. SRS
FH 7 0 RS W AL, 22 T B R RUAEH R 1 #8 45, 5FT. Adaboost. RF.
GBDT. SDAE. DBNZEMEAHEAT X EG. SEEG 45 R B, WAL J5 I XGBoost S A A 7E
PH R /R R B L RUR B i T H AR B, [FIES, 7E IR AT, XGBoost
L GBDTAIAdaboost BN @ 2. K, TE 18 A2 i 11 040 2 v R, XGBoostAR B TG £ #
B W R RS, B, fEEE B KRR A fr il — P, Hi, B
5 B8 % XGBoost 52 E R SCEEFARFZAE 77 TH I 508 D IR N, R ST AH IS Aok 2 B s
KIE.
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Research on Star/Galaxy Classification Based on
XGBoost Algorithm
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AsstracTt Machine learning, especially the life algorithm, has achieved great success
in many areas today. The lifting algorithm has a strong ability to adapt to various sce-
narios with high accuracy, and has played a great role in many fields. But in astronomy,
the application of lifting algorithms is rare. In response to the low classification accu-
racy of dark source sets in star/galaxy in the Sloan Digital Sky Survey (SDSS), a new
research result in machine learning, eXtreme Gradient Boosting (XGBoost), was intro-
duced. The complete photometric data set is obtained from the SDSS-DR7, and divided
into a bright source set and a dark source set according to the magnitude. Firstly, the
ten-fold cross-validation method is used for the bright source set and the dark source
set respectively, and the XGBoost algorithm is used to establish the star/galaxy classi-
fication model. Then, the grid search and other methods are used to tune the XGBoost
parameters. Finally, based on galaxies’ classification accuracy and other indicators, the
classification results are analyzed, comparing with the models of function tree (FT),
Adaptive boosting (Adaboost), Random Forest (RF), Gradient Boosting Decision Tree
(GBDT), Stacked Denoising AutoEncoders (SDAE), and Deep Belief Nets (DBN). The
experimental results show that, the XGBoost improves the classification accuracy of
galaxies in dark source classification by nearly 10% compared to the function tree algo-
rithm, and improves the classification accuracy of galaxies in the darkest magnitude of
dark source set by nearly 5% compared to the function tree algorithm. Compared with
other traditional machine learning algorithms and deep neural networks, the XGBoost
also has different degrees of improvement.

Key words stars: fundamental parameters, galaxies: fundamental parameters, tech-
niques: photometric, methods: data analysis
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