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A 5] AT Al A Sy

N
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ws b g

set. yi(wa+b) =1—6,6=0
He, CHETHT, & AMihHEF.

i Lagrangian & BURE i 0] 5% Ak Sk 4T X {4 o] &

maxe' 1 — %airQa

i=1,, N

sst. a'Y=0,a=0
san]'s 1=[1, -, 11", O=[yyxix;1, Y
s 017,
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=Ly s ot 0=[0, -
1.2 WXEFEEN
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BWZRIIT . B A F B 25l Ran )BT 1288 — 1 2RI %
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2
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w bz 2
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Y
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.
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Iy B FRIRHS | BRI E A PO IE BRI .
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£E=0 (2)

min %(Bwﬂt b )" (Bw +erb )+

w b L&
LBl (Sw—Sp)w +eneld 3
st (Aw-+eb )T +e=e £=0 4
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954 0 i 5 63 3 1309
st 0<<a<ais (13) F1(c) GHEBEXEAE
[@FR AT 18 TWSVM-SDP2 [ %} {8 1 =X Table 1(¢) The total number of G stars
m?XVTV +/'Y'QH"H 'HQ"y (14) Stellar su‘bclass Go G2 G5
st 0 y<aes (15) type
—,H\;'T'Q=B*A, H:(Swfsl))ilo SNRs (50, 60) (55, 60) (50, 70)
Number 1188 1463 295

TWSVM-SDP # ok 55 o5 50 Ny
f(x) = arggqin | wiz+ b, | (16)

2.1 EikHik

TWSVM-SDP i L i BT -
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it M BUE & X_Test HHEA 1R
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¥R 2. P Lagrangian 3 o6 TWSVM-SDP fie fi fk
7] A Ak Ry an 3K (12) — K (15) B s i 5 g =X

B3, NG ERESE X_Train |57 TWSVM-SDP
Bk AR SR

BB 4 AN (16) 7R 1 e 55 06 85

WS PR 4 15 200 g 5 oR B0 K B0 s 5
A € X_Test FlE R E, M5 TWSVM-SDP &

3 LRI

S R FH 3% T RE A R & A 1 SDSS DR8 1 AL % 1% 45 4
TERSEREE S . LB R K AL F AL G RUE 2Ot
Hrf K BOE k4% K1, K3, K5 R K7 U283k i, HAFM LY
(signal noise ratio, SNR) X [8] (50, 60); F BDEiEALHE F2,
5, F9 Z2RW AL, Hh F2 WBDGIEE 1R LG X H] 2y (50, 60D,
F5 R BDGIE (5 M L X JH] 2 (65, 700, F9 W BAF 65 M 1L X
[k (75, 80); G BG4 45 GO, G2, G5 =M, H
GO YR B3 5 e L X ] 2 (50, 60D, G2 ¥R B E 1 15 e 1 X
[ 24 (55, 60), G5 W ALE MG IE A5 W 1L X 8] D (50, 700, 5
BEEEME 1(— () FiR,

F1(a) KEVEEXEHE
Table 1(a) The total number of K stars
Stellar subclass K1 K3 K5 K7
type
SNRs (50, 60) (50, 60) (50, 60) (50, 60)
Number 3302 3176 3048 1132
F 1(b) FEIEEREMR
Table 1(b) The total number of F stars
Stellar subclass F2 F5 Fo
type
SNRs (50, 60) (65, 70) (75, 80)
Number 1416 1671 1535

Wit g SVM. TWSVM 46 5328 J5 1 19 b 45 ok 46 ik B 42
77 TWSVM-SDP A 3. bk o3 28 77 12 19 1 BE 55 P ik
WS HCE O AT 10 38 IR R R I S50, 5

BB e R FH A 48 R k. fE SVM M TWSVM o, FE 1] K
FAE R A% (0. 01, 0.05, 0.1, 0.5, 1, 5, 10} H il 22, L1k
TRUHL 2 (A SR U B PR a3 I TR SE B X R Y 30 %%
40%, 502, 6026 70 Y% VE AN Ak 45 46 . i ol AR AR AR A A
MERBHR A, LI RN FE 20— (O Fim, K $ESaim
H R R AEA KL, 555 P i (B R R T & .

F2(a) KEEEHEELINEEIBRER
Table 2(a) The comparative experimental results

on the K-type dataset

Training size Test size SVM  TWSVM  TWSVM-SDP
30%(3197)  70%(7461)  0.6687  0.709 7 0.829 9
40% (4263  60%(6395)  0.7102  0.7296 0. 850 4
50%(5 329)  50%(5329)  0.8107 0.8202 0.870 5
60%(6395)  40%(4 263)  0.8677  0.8809 0. 940 4
70%(7 461)  30%(3197)  0.8911  0.9109 0. 960 0
Average classification accuracy ~ 0.789 7 0.810 3 0. 890 2

FREEHFEELNILRIBER

The comparative experimental results

* 2(b)
Table 2(b)
on the F-type dataset

Training size Test size SVM TWSVM  TWSVM-SDP
30%(1 387) 70%(3 275) 0.600 3  0.650 4 0.750 0
40% (1 865) 60% (2 797) 0.6600 0.7008 0.780 5
50%(2 331) 50%(2 331) 0.710 0 0.760 6 0.8215
60% (2 797) 40% (1 865) 0.8000  0.8413 0.900 8
70%(3 275) 30% (1 387) 0.7851 0.8399 0.891 8
Average classification accuracy 0.7111  0.7586 0.828 9

F2(c) CHEEHEELMEEIBER
Table 2(¢) The comparative experimental results

on the G-type dataset

Training size Test size SVM  TWSVM  TWSVM-SDP
30%(884) 70%(2 062) 0.6183  0.6416 0.730 8
40%(1 178) 60% (1 768) 0.6816  0.7014 0.810 0
50% (1 473) 50% (1 473) 0.740 0 0.780 7 0.874 4
60% (1 768) 10% (1 178) 0.7903  0.8311 0.920 9
70%(2 062) 30%0(884) 0.848 4  0.8699 0.957 0
Average classification accuracy 0.7357 0.7649 0.858 6

B2 2 — (oM BLE . B E YRR A ML AL Y 38 K
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SVM, TWSVM Hl TWSVM-SDP = i 4> 2 J7 1= ) 43 25 K5
B EFHESE GIGREA R 702000 F RUE 56535 0155 B BR AN .
FER R A I ZRRE A 8L » TWSVM-SDP # 2 SVM Al
TWSVM BHA E AL 43 2 me 1. MNP KHERF. 5
SVM I TWSVM AL, TWSVM-SDP {432 B & 1.
JLFA . TWSVM-SDP — J5 i 4k 7k T TWSVM 5 3 % %
B 53— 5 T ECAE 53 28 SR I 2% 1 T Ol 3 B 1 43 A
PR, I T AR SR B B O AR M SR AT X )
REEBRWPE, I, 5 SVM M TWSVM 4 k. TWSVM-
SDP 718 /2 6% 4 26 h R AL .

4 45 ®
SR SVM I I 1 T80 20 3 A% B9 1 B, BF 58 A R 3R
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Stellar Spectra Classification by Support Vector Machine with Spectral
Distribution Properties

LIU Zhong-bao' ?, QIN Zhen-tao', LUO Xue-gang' , ZHOU Fang-xiao', ZHANG Jing'
1. School of Mathematics and Computer Science, Panzhihua University, Panzhihua 617000, China
2. School of Software, North University of China, Taiyuan 030051, China

Abstract  Stellar spectra classification is one of hot spots in astronomy. With hundreds and thousands of spectra obtained by re-
searchers, it is a big challenge to process them manually. It”s urgent to apply the automatic technologies, especially the data
mining algorithms, to classify the stellar spectra. Neural networks, self organization mapping, association rules and other data
mining algorithms have been utilized to classify the stellar spectra in recent years. In these methods, Support Vector Machine
(SVM), as a typical classification method, is widely used in the stellar spectra classification due to its good learning capability
and excellent classification performance. The basic idea of standard SVM is to find an optimal separating hyper-plane between the
positive and negative samples. Its time complexity is so high that its classification efficiencies can’t be greatly improved. Twin
Support Vector Machine (TWSVM) is proposed to deal with the above problem. It aims at generating two non-parallel hyper-
planes such that each plane is close to one class and as far as possible from the other one. The learning speed of TWSVM is ap-
proximately four times faster than the classical SVM. The limitation of TWSVM is that it doesn’t take spectral distribution
properties into consideration, and its efficiencies are prone to be influenced by noise and singular points. In view of this, Fuzzy
Twin Support Vector Machine with Spectral Distribution Properties (TWSVM-SDP) is proposed, in which between-class scatter
and within-class scatter in Linear Discriminant Analysis (LDA) is introduced to describe the spectral distribution properties and
the fuzzy membership function is introduced to decrease the influences of noise and singular points. Comparative experiments on
SDSS DR8 stellar spectra datasets verity TWSVM-SDP performs better than SVM and TWSVM. However, some limitations ex-
ist in TWSVM-SDP, for example, how to deal with the mass spectra is quite difficult to solve. We will research the adaptability

of our proposed method in the big data environment based on big data technologies.

Keywords Stellar spectra; Classification; Spectral distribution properties; Fuzzy membership function; Twin support vector

machine
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