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1 5|5

Ak, B & 2 AR A HOR TR BRI E A BT e, R R CE KR
BT —AFTHT AR B, B K E - B B - A R B AR T X kb R KT X
FR R SCHCHRE i feT 47 e 0T ELHER B 7 pr RSO . [HE /B R R —H 2
RSCHRE Sy WIS A N 25 2 — T H AT B (AT 7 8 ] LA i 3 18t 202 27wt
JZ N TR UVE R B Ry R RET RS, BRASEIGE TG I7E. gk,
b6 SR GG T VEAE R E B B R S RS, o R RS R, T
WL 2% >3 FR B2 2 > S A0 75 I A8 20 N B0k ) 0 e B B 2 e . i SCHR[3]4ESDSS-DR6
(Sloan Digital Sky Survey Data Release 6)fMl Y685 ) {5 H B 2RI 72, #HTHE
BB RIS, SRR, A3 RBEER AR RS, SCHR[4]/ESDSS-DR7IIE
A b, XTI3MOAS [F e s BE T TR R /R R BB L, 45 R K, Thie
B (Function Tree, FT)EVELEIE R /BB 540 M in) @ E B0 T At e S8 B0 SCHR [5)4R
W TR B S M4 (Deep Belief Network, DBN). ##1£8  4% (Neural Networks, NN)F15Z
F 11 2 AL (Support Vector Machine, SVM) %5 514 7 Sloan K SCEHE H 61 73 1 N H,
SERERH, DL B3R E ik o R EEA R K IR AE; SCER[6-7)i8 1T fESDSS-DR 744
5 b, A T HE B B H 4 i (Stacked Denoising Autoencoders, SDAE)H %, X} T fi#
YetE B /R R ) 5 R R S A A R ) AR A 7 — PP A S SCER8ER B T — Fh
TR B BN W B (Deep Perception Decision Tree, DPDT) 1532, B & &5 T SDSS-
DR7H 5 2 S S0 B2 /B R IK 0 R UET 28, SCHR[OE R L ST 5N, IR T HE
HLA# (Random Forest, RF). Adaboost (Adaptive boosting). Bl LA (Extremely
randomized trees, ET). & # (Gradient Boosting Decision Tree, GBDT)%s JL##
PR AE RS e R R R R N, IF Hgn th 1 & BRI MR, 78 R ST AU,
St IR TR ZN T R EE, B X LA A A — S8 n) J, e — fif
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R RUENERESE) I IH 1 HURs Stacking HE 28 B FH 2SDSS-DR7IN G H 45 v, 5047 b fig 1
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Fig.1 An ensemble learning algorithm based on Stacking

2.2 ZREENEZX

X FFIIE AL (Support Vector Machine, SVM) & —Ff — 283 AR H L AR 2
TE SCTERFAE 2% (8] L 18] B B R R M 0 2Ry, 2R P mT 4r SVMBTE B 7R B — AN mT LL5E
AR o3 B A HE R S T, 815 08 4 v B B PR R O S T fazs, R [R] B (hard
margin) SVM. 4l ZREHE 1 AL 28 14 mT 43 iF, SVMEE I 4K (8] [ (soft margin) i K46 42 1]
PLEE ST B — AN 2R 4 2R 2%, ARERA]BRESVM. Bl & 204 5 24 FE R0 3 i, 29I 2R 50d &
PEATT 2B i 5] N AIRR s R AR B2 15, 2 ) B — A 2588, RIAEZRYESVM. R4k
PESVM ] DUREAE S5 GG RFAE 2 8] H 28 P AS BT 79 B I 25 AR Bl S 21— A = 4 [ AR AIE 25 1)
AT A 15 B S5 I R I SRRE AR T e ERFAIE 25 ) A 2R M ] 43, AR SOl FISVMUBT R H 1)
A2 2 K 4l (Radial Basis Function, RBF), tHFR k% k%L

HrufloRom AR R, ZRNRBFZEEUNE, okt — P HIBSH

2.3 BENHRMEZE

B HLAR M (Random Forest, RF) &% %% > ' Bagging 8 AR (1) — M H VL 5K S, Bag-
ging AR XTI SR AT BEHLRAE, P24 tH 2 A AR5, BTN I8
Srth— AN I8, TN SE S 2 A B SRR B i 5 5 AT . I ) P A Y
A B R B I T 5 SR AN R (102 AR ). BEHLAR AR 2 1E 4G PSR B 2 =) 2844
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2.4 HERANEE

1o P $2 TR 5 (Gradient Boosting Decision Tree, GBDT) M & ££ 2% 3] Boosting
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b4 2 R BT IR B, AN AT DAFS B GBD TS5 A 25 kb A e [m] U ) R, ()R R DA ok 43
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2.5 XGBoost&Ex
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SCPE, T HAERFEEE I R IR A B . BE2)E 0 o) B R R ) B ) R
IGBDTHIE, FTX 51 EH 5 S8R, HF HAEH 10 x 1047k E 22 X8 E R 7 Fds
(175 3B b A R AR, 27 ERTIR, AL T Stacking 8 12 31 1 4y KRR 51 R R %
SIERIEFESVM. RF. XGBoost, #2205 ] ##E#FGBDT, BRI 45/ WK 2FR.
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K2 2T StackingmMiss I IEAE /B RS

Fig.2 A star/galaxy classification model based on the Stacking ensemble learning

F& 28 11037 A2 XHGUE il A2 s S 4 B0 s R 4 105557, Fe il Fe b ot 1R Nl 4 4E,
PN U AERMNEREE. ASCRA10 x 1037 HRE S XIS UERIRI 20 751, BITERE— M IIZRER
P B8 P — YR 1047 28 SUIRAIE.

F T StackingBE BT I HEZL I ZRim A2 Wl R

(1) % R AABHE HEAT TRAL B HAZ IR 10 x 103 B 28 IR 177 34T %199

(2)f8 Il 53 5 B EUR 42 4 i 58 12 FE 22 ) 28 R IISVML RF. XGBoost 3 1%
AT IR, FR15 2 T 45 5

(3)Fs 2512 555 S 23 10 T & SR P SR AE AR 22 7022 S 4 GBD TN, FRIR
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4 SEWERSHH

4.1 BE&ENAR

56 % FISDSS-DR 7 >t £ 4 42 Whttp:/ /skyserver.sdss.org/dr7/en/, 4 B & 1E
(modelMag) K /INAT LA 40 v 5295 B 25 45(14-19). WG JR 2 & 4£(19-21). A IH 2
&4(20.5-21). 5SDSS-DR7IH A2 /A % 56 5 A U5 J2 45 AR A0l AH BL, oI VR R S 4R
B AL N ECH I A R, o) SRR R A, PR AR SR H 1 £ SDSS-DR7H
BRI E SRS, v B HE B ISQL (Structured Query Language) i fi)
MSkyseverF- & 3RH, H H5 SCHER[4)FESE R B — 50 HURFHES R 1R,

1 FTFSDSS-DRTIER /2R D LHIFHIESH
Table 1 The feature parameters for SDSS-DR7 star/galaxy classification

Variable Attribute
pstMag PSF (point-spread function) magnitude
fiberMag Fiber magnitude
petroMag Petrosian magnitude
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, mE1, mE2 Adaptive moments
specClass Spectroscopic classification

4.2 BHEE

i F-Stacking B Bl % 2] A E S B SVM. RF. XGBoost H LA A 325 ) 23 Il 45,
BB TR, ME o5 I /GBDTHIRIN, BTG, HRRA&mME R, &4 H
FERFEESHBEE NN SVMEZEEASRHRBE, gammaZ i3 B N1; REFEBIAR
FATHEL T8 1 (1 2 JE AR HOR G 3550 24705 R, PRI BN EORIR FE 43 7 96571 7; XGBoost &
R 855 2] S B H W EONTL0, SR W E N0.01, B TRE R E N6, GBDTH L
BT (1) 55 257 2] 2R 50 H 1 B 8200, 5 21 E 004, 4 TR B E NS,

21-7



61 & X X %= K 2

4.3 FLWHERIEBXEE

N T TR LF VT AL 5 T Stacking B2 U I RLEIE B /B R TEE 4K B
PEfE, AXXFEE TFT. SVM. RF. GBDT. XGBoost!'3~14, DBN, SDAE. DPDT
SGEIE, VEANRN L sRIe g5 R ansk2. [FIRE, A T IRIEXT Ly RS R A R, RATH
SCHR[A]— B RV RE T R A7 (CP), BDE R 2R IER . o S (13) NpR:

Neal—gal(m)dm
Nt (m)dm ’

galaxy

CP(m) = 100 x (13)
Hort) Noar—gar (m)omARFR R EEAE (m — 2%, m + 220 [X 18] P9 IR HCHE B A b gl 1R 23 28
AEFRMEE, N, (m)omRFRBEEAE(m — 2, m + 22 X [0 W EHR R A b B R
SBUE. AV AE FmodelMag7E20.5-21 2 8] ) fie i 5 A 45 45

%2 SDSS-DR7TEZR7ZFAEMHE
Table 2 The accuracy of SDSS-DR7 galaxy classification

Set
CP(20.5-21)/%

Method
FT 74.04
DBN 74.45
SDAE 73.08
DPDT 77.47
SVM 71.15
RF 76.52
GBDT 78.30
XGBoost 80.75
Stacking 84.42

L B SEIOAS R 2mT UG ) 6 e Y8 B 25 4, 2T Stacking 5 Al 2% S AL ()
BANSBWERREZMTFT, #2857 L10% M AR, 115 2 57 28 7 lSDAE.
DPDTHI BRI EE, #ER R IR S T 47% 10%. 5 H A N4 3 FDBN. SVM. RF.
GBDT. XGBoostZ:FiEAHEL, WHEE T 2A4% 13% ) 2 R4 S HER =R, dhba] I, &
FStacking S il IR LS T SNSRI AUG, IR o KIE T EBB PR,
AT bk 5L A B i 142 A 8 T R0 B G (1 TN 255 R
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5 518

A FHSDSS-DR7II 6 Ed 4, It H R 10 x 1097k &2 X EGE M 77 7%, B
FU T JE T Stacking B R 2% S FVLAE R B R 143 280 8. 55 8 6 5 o R An 2k
s HOR, 2T B R RMEENIH M fElR, 5FT. SVM. RF. GBDT. XGBoost.
DBN. SDAE. DPDTZ AU TS b, SZit st R, JE T Stacking 5 il % > WA 7 1H
AR R SR I RROR B o T H AT [RIUE, 1% Stacking 5 R > B
TERICEA AR H S N A

1E R —5 TAE, BT i# P Stacking e i 27 > 7Y 1) 5922 52 24 B e . 76 AR /Nl
PR AR b 12 SR N e . (ER, I8 B R B B OB B 4R, A2 KK
B0 AR TR RN GRis TR R, 7R AR T b, SR 00 40 A sU i 5 ik, o) 324 2]
AT NG, X FEAL 2 G SO TR 2 25 v RORS 52, 1 Lt 2 A A9 4 B B )N 5
KA = IR

R
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AsstracT Machine learning has achieved great success in many areas today, but the
predictive effect of machine learning often depends on the specific problem. An ensemble
learning predicts results by integrating multiple base classifiers. Therefore, its ability to
adapt to various scenarios is strong, and the classification accuracy is high. In response
to the low classification accuracy of darkest source magnitude sets in star/galaxy in
the Sloan Digital Sky Survey (SDSS), a star/galaxy classification algorithm based on
the Stacking ensemble learning is proposed in this paper. The complete photometric
data set is obtained from SDSS-Data Release (DR) 7 and divided into bright source
magnitude set, dark source magnitude set, and darkest source magnitude set according
to the magnitude. Firstly, the ten-fold nested cross-validation method is used for the
darkest source magnitude set, and then the Support Vector Machine (SVM), Random
Forest (RF), eXtreme Gradient Boosting (XGBoost) algorithms are used to establish the
base-classifier model; the Gradient Boosting Decision Tree (GBDT) is used as the meta-
classifier model. Finally, based on galaxies’ classification accuracy and other indicators,
the classification results are compared with the models of Function Tree (FT), SVM,
RF, GBDT, Stacked Denoising Autoencoders (SDAE), Deep Belief Nets (DBN), and
Deep Perception Decision Tree (DPDT) etc., and then analyzed. The experimental
results show that, the Stacking ensemble learning model improves the classification
accuracy of galaxies in the darkest source classification by nearly 10% compared to the
function tree algorithm. Compared with other traditional machine learning algorithms,
strong lifting algorithms and deep learning algorithms, the Stacking ensemble learning
model also has different degrees of improvement.

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