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ABSTRACT

With the establishment of ground-based and space-based observation stations,
the improvement in the detector sensitivity, the increase in the telescope caliber and
the rapid development of network technology, astronomical observation has covered
the whole electromagnetism wavelength, from radio through infrared, optical, UV, to
X-rays and y-rays. Multi-wavelength or even the whole-wavelength astronomy comes
into being, which provides strong observational means for exploring the physical
essence of various objects and astronomical phenomena. Astronomy has stepped into
a revolutionary information era. Astronomical data are measured by Terabyte, even
Petabyte. “Data avalanche” and “data explosion™ are good descriptions of the era.
How to record and process the original data? How to store, combine and access data
by modern computer hardware and network systems? How to rapidly and effectively
explore, analysis and visualize data? Astronomers have to face all these issues. Under

this situation, astronomers think that it is capable and necessary to build the global

telescope the virtual observatory, which can unify all the astronomical data into
an entity, used by scientists from everywhere and every field. Moreover, the
successful application of data mining technology is the key factor of sufficient
exertion of the virtual observatory.

Impacted by huge data from various subjects and fields, data mining and
knowledge discovery in database is developing into a new type of subject from
statistics, machine learning, pattern recognition, artificial intelligence and so on. Only
by means of data mining technology, we can explore the potential, useful and rare
value and information hidden in data. The data mining technologies of other subjects
are the push and nutrient of data mining in astronomy. Due to the characteristics of
astronomical data, some data mining technologies may be directly used, others need
be changed and then used. Therefore we should explore data mining technology
meeting the characteristics of astronomy. In this paper, we are ready to explore and
study this respect.

How to correlate catalogs and image data from different wavelengths needs
positional cross-identification to extract various parameters and study the object
distribution in the multidimensional parameter space. Based on the difference of
physical properties of different types of objects in different wavelengths, it is
reasonable and applicable to differentiate objects in the multidimensional parameter

space. After positionally cross-identifying the RASS Bright and Faint Source
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Catalogues, USNO-A2.0 and 2MASS released database, we cross-identified the
results with Veron (2000), SIMBAD and RC3 Catalogues of known samples. Then
we obtained the multi-wavelength data.

We put forward two schemes to study the distribution of various astronomical
sources in the multidimensional parameter space. The first scheme is to use the two
automated classification methods: support vector machines (SVM) and learning
vector quantization (LVQ) to classify objects with the multi-wavelength data.
Comparing the results with the data from the two bands and from the three bands, it is
found that the classified results became better with the increase of bands. Obviously,
the more extracted information of objects, the easier to classify objects was. The
second scheme is that facing the high dimensionality of the input parameter space, the
combined methods PCA+SVM and PCA+LVQ were explored. By PCA, the
contribution of every parameter to classify objects was given. From the classified
results, we concluded that SVM/ PCA+SVM and LVQ/ PCA+LVQ were effective
methods to classify sources with multi-wavelength data, moreover, the two sets of
methods gave comparable results in a number of situations. Generally, the former
gave better results; however, the latter were considerably faster in terms of
computation time. What's more, the classifiers derived by these methods can be used
to preselect candidates for the large survey, and reduce time and energy wasted.
Therefore the efficiency of high-cost telescope will be improved. These methods may
be used for classification with other types of data, such as photometric, spectral and
image data or combined data of these types. In addition, from setting about studying
methods, data mining technologies of classification, clustering and outlier finding
algorithms fit for astronomical characteristic may be probed. With the development of
the Virtual Observatory, these methods will be useful to develop the toolkits of the

International Virtual Observatory.

Keywords Methods: data mining and knowledge discovery, Methods: data analysis,
Astronomical databases catalogues
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LR
LR(r)=dp(r |id)/dp(r | c) =iexp{%(2l —1)} 2.2.7)
LR L
(2.2.7) 22 <1
24107
p(id | r)= p(id)-dp(r |id)/dp(r) (2.2.8)
p(c|r)=p(c)-dp(r|c)/dp(r) (2.2.9)
dp(r) rr+dr
pd|r) p(clr) r
p(d|r)+p(cir)y=1 p(id)
©
p(id)=0
p(c)=1-0
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—LR(r)
p(id|r) =}9‘®— (2.2.10)
—LR(r)+1
1-0
p(c|r)= 6 1 (2.2.11)
—LR(r)+1
1-0
L
L
L
L
L=1.8
C=1-(D p;(id[r)/N; (2.2.12)
LR;<L
Nig p(id | r)
R=1-(>.p;(c|n)/N, (2.2.13)
LR;>L
N, p(c|r)
L C R L
(R+C)/2 L
Sutherland (1]
P(X | A,B) P(X | A)
Rutledge [12]
B
ROSAT ROSAT
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X 909 135 BL Lac 612

3718 173
RC3 2.1
2.1
/
2272/909 Veron (2000)
BL Lac 336/135 Veron (2000)
1483/612 Veron (2000)
9967/3718 SIMBAD
484/173 SIMBAD/RC3
82.4.2
Stocke [4] X
Motch [5]
X Fx/F, ROSAT X
X
[4-7]
X B-R
B+2.51og(CR) -X CR X
HR1 X HR2 X ext X extl X
J-H H-K J+2.5log(CR) -X
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BL Lac

2.2
BL Lac

1 | B-R 0.11 0.78 0.78 0.41 -1.53 1.42

* 0.51 + 091 + 0.89 + 0.78 * 4.19 + 1.49
2 | B+2.5log(CR) | 13.87 15.18 13.02 13.66 4.18 7.95

+ 1.09 + 1.57 * 2.40 + 1.83 + 5.33 +2.40
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*+ 0.27 *+ 0.14 * 0.15 + 0.23 + 1.77 + 0.17
9 H-K; 0.79 0.70 0.75 0.76 0.09 0.37

+ 0.31 *+ 0.17 + 0.23 + 0.27 + 0.11 + 0.19
10 | J+2.5log(CR) | 12.87 13.54 12.54 12.80 4.33 9.75

% 0.96 142 *+ 1.53 + 1.27 + 1.80 + 1.54
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§3.1

Support Vector Machines, SVM

Vapnik 1995
Vapnik-Chervonenkis Dimension VvC
[1-4]
) £
e o
Ly Lol
3.1 “ “ 4
3.1 13 _11

(X, Y1) (X, Y, ), X e R y e {+1,-13, |

(w-x)+b=0
(w-%)+b>0, y, =+1
(w-%;)+b<0, y,=-1
® b ‘o
(@-x)+b>1, y, =+1
(@-x,)+b<-1, y, =-1
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10°
10°
Principal Component Analysis PCA [
n p n
P
p
5-7
KL (Karhunen-Loeve transform)
Hotelling (Hotelling transform)
85.1.1
n p x;(J=1...p)
e GGy
S =X e X X,
au é:i
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[1]

p n p
p-1 p-1
[2]

N |=1! yN M (j:]" ’M) r”

_ 1
Xy =r =T, T =ﬁ2m 5.1.1

i=1

r.

1 N
o, = WZx; 5.1.2
i=1

(covariance matrix)

N
Cjkzinijxik 1<j<M 1<k<M 5.1.3

Ce, = A6, 5.1.4

(correlation matrix)
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N
le—iz ! 1<j<M 1<k<M 515
N T o0,
Rei = /,Liei 5.1.6
SSCP (sums of squares & cross products matrix)
N
Si =2 XX 1< j<M 1<k<M 5.1.7
i=1
Se.=1e 5.1.8

a rule-of-thumb 1
(PC1) (PC2)
[2]
n m m
m <m m-—m
m 75%
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J
Yoo Yaou Vs
2 2 2
A B AT A A
Y1 =CY; +C V1Y,
§5.1.2
[3,4,5] [6] [7-14] [15 16] [17]
[18] [19] [20] [21 22]
[23] HI [24]
[25]
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[26] [27]

[28 29] 3]
Lawrencel%
i
i
SVM
(LVQ)
SVM (LVQ)
5.1 5.2
51
5.2 51 5
54.96% 18.36% 13.03% 547% 4.13%
5 95.95% 6 99.32%
5
5.2 7

PC1=0.03x x, +0.06x x, +0.00 x X, +0.00 x X, +0.00 x X,

—0.01x X4 +0.00x X; +0.09x X4 + 0.33x Xq +0.94 x X,

X1y Xy X, Xgy Xy Xg s X7, Xg5 Xg s Xy B-R B+2.5log(CR) CR HR1 HR2

ext extl J-H H-K; J+2.5l0g(CR) 5.2 CR HR1 HR2
extl PC1 PC1 J+2.5109(CR)
B-R CR HR1 HR2 PC2 B-R HR2

PC3 PC2 J-H  H-K; PC3 ext
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B+2.5l0g(CR) PC6 B-R PC7 CR PCl1 PC2
HR1 PC3 HR2 HR2
3 PC1 PC2
51 PC1 PC3 5.2 PC2 PC3 5.3
10 2
5.1
PC

PC1 5145259.50 54.96 54.96

PC2 1718685.88 18.36 73.32

PC3 1219937.50 13.03 86.35

PC4 512328.19 5.47 91.82

PC5 386920.03 4.13 95.95

PC6 315298.69 3.37 99.32

PC7 59770.15 0.64 99.96

PC8 1744.99 0.02 99.98

PC9 1235.49 0.01 99.99

PC10 908.84 0.01 100.00
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1 2 3 4 5 6 7
B-R 0.03 0.00 0.00 -0.07 -0.03 -0.19 0.98
B+2.5logCR 0.06 0.15 -0.33 -0.42 -0.30 -0.75 -0.19
CR 0.00 0.00 -0.01 0.01 0.02 -0.02 -0.02
HR1 0.00 0.00 -0.01 0.00 0.00 0.00 0.00
HR2 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ext -0.01 0.21 -0.82 0.08 -0.26 0.45 0.09
extl 0.00 0.10 -0.37 0.34 0.79 -0.32 -0.01
J-H 0.09 0.57 0.21 0.68 -0.35 -0.21 -0.01
H-K; 0.33 -0.75 -0.17 0.45 -0.25 -0.18 -0.02
J+2.5logCR 0.94 0.20 0.06 -0.19 0.15 0.14 -0.01
= A Pl
i | e ,
2N S By 3
4 -
o] o =
Ml Y g
e o ome '.'F;.I' = = &t = ae am .'.:'.':';;:I';z';g' e
5.1

149




el ...r...

LIRSt

P
Pz

150

5.2
5.3

=K
EE

ac E L
P,
. .
Bl ac E L
L
PR




[1] Francis P J, “Introduction to Principal Components Analysis” Invited review to
appear in "Quasars and Cosmology”, A.S.P. Conference Series 1999. eds. G J
Ferland, J A Baldwin, (San Francisco: ASP).

[2] Murtagh F, http://astro.u-strasbg.fr/~fmurtagh/mda-sw/

[3] Murtugh F, & Heck A, 1987, Multivariate Data Analysis. Reidel, Dordrecht

[4] Storrie-Lombardi M C, Irwin M J, von Hippel T, Storrie-Lombardi L J, 1994,
Vistas Astron., 38, 331

[5] Bailer-Jones C AL, Irwin M, Gilmore G, von Hippel T, 1997, MNRAS, 292, 157

[6] Francis P J, Hewett P C, Foltz C B, Chaffee F H, 1992, ApJ, 398, 476

[7] Sodre L Jr, Cuevas H, 1994, Vistas Astron., 38, 287

[8] Connolly A J, Szalay A S, Bershady M A, Kinney A L, Calzetti D, 1995, AJ, 110,
1071

[9] Folkes S R, Lahav O, Maddox S J, 1996, MNRAS, 283, 651

[10] Sodre L Jr, Cuevas H, 1997, MNRAS, 287, 137

[11] Galaz G, de Lapparent V, 1998, A&A, 332, 459

[12] Glazebrook K, Offer AR, Deeley K, 1998, ApJ, 492, 98

[13] Ronen S, Aragon-Salamanca A, Lahav O, 1999, MNRAS, 303, 284

[14] Connolly A J, Szalay A S, 1999, AJ, 117, 2052

[15] Buser R, 1976, A&A, 62, 411

[16] Heck A, 1976, A&A, 47, 129

[17] Christian C A, & Janes K A, PASP, 89, 415

[18] Bijaoui A, SAI Library, Algorithms for Image Processing, Nice Observatory,
Nice, 1985

[19] Deeming T J, 1968, Vistas in Astronomy, 10, 125

[20] Koorneef J, 1978, A&A, 64, 179

[21] Massa D, 1978, ApJ, 221, 833

[22] Massa D, 1980, ApJ, 85, 1651

[23] Galeotti P, 1981, APSS, 75, 511

151


http://astro.u-strasbg.fr/~fmurtagh/mda-sw/

[24] Pelat D, 1975, A&A, 40, 285

[25] Folkes S R, Lahav O, Maddox S J, 1996, MNRAS, 283, 651

[26] Andreon S, Gargiulo G, Longo G, Tagliaferri R, & Capuano N, 2000, MNRAS,
319, 700

[27] Odewahn S C, Cohen S H, Windhorst R A, & Philip N S, 2002, ApJ, 568, 539

[28] Kendall M G, 1957, A Course of Multivariate Analysis, Griffin & Co, London

[29] Kendall M G, Stuart A, 1996, in: Advanced Theory of Statistics, Vol. 3, Griffin &
Co, London, p. 285

[30] Lawrence A, 1987, PASP 99, 309

152



[7 8]

[12]

(

§5.2

[9-11]

3PC 4PC 5PC 6PC)
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5.3 3 4
3PC+SVM 4PC+SVM
AGN AGN
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10 1838 29 1813
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98.6% 97.3%
54 5 6
5PC+SVM 6PC+SVM
AGN AGN
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CR HR1 HR2

CR HR1 HR2
J+2.5l0g(CR) J-H H-K; ext
B+2.5l0g(CR) 2
B-R 6 J H K
B R
PCA+SVM PCA+LVQ 6PC+SVM
96.6% 4\5PC+LVQ 96.1%
94% PCA+SVM
PCA+LVQ 90%
PCA
CPU 5.11 5.11
PCA+LVQ 6
PCA+SVM 56.9
3PC+SVM 3PC+LVQ
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5.11 PCA+SVM  PCA+LVQ CPU
CPU \ 3PC 4PC 5PC 6PC
SVM CPU 94.3 76.4 63.5 56.9

LVQ | CPU 2 7 3 6
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Neural Network, NN (Artificial Neural
Network ANN),

40
McCulloch Pitts
F. Rosenblatt Widrow  Hopf J. J. Hopfield

10" 10" 4.1
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I 1
k
o U 0 U o U
L1 US>0 £(U;) =kU; e L
HU; )={0 Ui <0 () = 1+exp( -U:)
(a) (b) {e)
4.3
u, :Z;W”Xi -0, 4.1.2
=
4.1.1) y, = f(u,) (4.1.3)
1 u, >0
f(ul): 4.1.4
0 u, <0
f(u,)=ku, 4.1.5
L 1
Sigmoid f(u)= — 4.1.6
I+e™
Sigmoid
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1986 Rumelhart
McCelland Parallel Distributed Processing

“ » BP(Back Propagation)

BP
BP
Kohonen
Kohonen
( )
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Hopfield
1986

Hopfield

Hopfield
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Hopfield
Hopfield
(3.2.1)

Uj

Hopfield

Hopfield

Hopfield

(3.2.2)
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[4 5]
Self-organization Map, SOM
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D(j)=Z( jj-x{)2
D(J)
J j i
W jj(new)=w jj(old)+a(xj-w jj(old))
o R

84.1.2
(Learning Vector Quantization LVQ)
6 7] 1988 Kohonen

(LVQ)

SOM SOM
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F(X)=X

44
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D(j)=(Z(w ij-xi)2)"?
D(J)
J
J
W jj(new)=w jj(old)+a(xj-w jj(old))
J
W jj(new)=w jj(old)-a(xj-w jj(old))

o
o
[1] 2002
2] 1999
3] 1993 ——

[4] Kohonen T, The self-organization map. Proceedings of the IEEE, 1990, 78(9):
1464-1480

[5] Kohonen T, Self-Organization Maps, Berlin: Springer-Verlag, 1995

[6] Kohonen T, New Developments of Learning Vector Quantization and the
Self-Organization Map. In Symposium on Neural Networks; Alliances and
Perspectives in Senri 1992(SYNAPSE’92), Osaka, Japan

[7] Kohonen T, Kangas J, Laaksonen J, Torkkpla K, LVQ PAK: The Learning Vector
Quantization Program Package, Version 3.1, April 7, 1995
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LVQ PAK
http://www.cis.hut.fi/research/lvq pak/

Bazell Peng 1]

X 2272 336 BL Lac 1483
9967 484
5 4.1
79.1% 29.2% BL Lac 43.8% 85.8%
3.1% 14542 3435 23.6%
AGNs
BL Lac non-AGNs
non-AGNs
150 X
4.1
\ BL Lac
1796 126 622 325 59
BL Lac 28 98 53 76 14
435 106 649 1002 113
11 5 150 8549 383
2 1 9 15 15
79.1% 29.2% 43.8% 85.8% 3.1%
909 135 BL Lac 612
3718 173
4.2 84.2% 31.1% 60.8% 97.3% 65.9%
5547 638 11.5%

BL Lac
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4.1

3.1% 65.9% BL Lac
4.1 4.2 AGNs non-AGNs
AGNs non-AGNs 4091
AGNs 10451 non-AGNs 1656 AGNs 3891
non-AGNs
4.3 4.4 AGNs 92.1% 97.6%
non-AGNs 91.6% 97.1% 91.7% 97.3%
2274
2773 4.5 AGNs non-AGNs
96.0% 96.1% 2773 2664
96.1% 109 3.9%
4.2
\ BL Lac
765 48 186 25 1
BL Lac 20 42 19 10 2
121 44 372 40 38
3 0 13 3616 18
1 1 22 27 114
84.2% 31.1% 60.8% 97.3% 65.9%

43
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\ AGN non-AGN
AGN 3766 880
non-AGN 325 9571
92.1% 91.6%
4.4
\ AGN non-AGN
AGN 1617 112
non-AGN 39 3778
97.6% 97.1%
4.5
\ AGN non-AGN
AGN 795 76
non-AGN 33 1869
96.0% 96.1%
10 B-R
B+2.5log(CR) CR HR1 HR2 ext extl J-H H-K; J+2.5log(CR) AGN
non-AGN 4.5. AGN non-AGN
96.0% 10
AGN

non-AGN AGN BL Lac
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V.[(@-x)+b]>Li=1..,1 3.1.3

3.2
= =1 Pt = Argin
= B
I rn.'irgln
- @ ¥
== - -
3.2
: ®-X +Db ®-X +b
p(&),b) = m|n{xlly|:1}W— maX{Xilyi:_l}W 3.14
3.1.4 3.1.1
b . 1 -1
plo,b)=ming,, o] e 3.1.5
1 -1
R N PTRPY
2
< p(w,b) = m
2
< p(w,b) = oo 3.1.6
@ b
1 1, 2
o() :Ea)-w :E”a)” 3.1.7

¢(@)
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a >0i=12,.,1

L(w,b,a) = %a)-a)—zl:ai{[(xi ) +bly, -1}

@
b
L
oL(w,b,a) 0
ob
< Z::laio yi =0
oL(w,b,a) 0

ow

— Wy _Z::laioxi y; =0

3.1.10
2y =0
3.1.12
|
@ =D oYX
E
@y
oy = D oYX

sup portvectors

Kihn-Tucker

o {[(X; - @,) +byly; 1} =0

L

W(@) =30 03 adlt o) +bly, -3

a>0,i=12,...

(3.1.8)

3.1.9
3.1.10
3.1.11

3.1.12

3.1.13

3.1.14

3.1.15

1
- Ea) W= Z::lai yi (X @) - bz::lai it Z::lai

=—w-o-0-0o-0+

2

3.1.16

3.1.17

3.1.18

3.1.19



1
= z::ﬂi _Ez:,jzlaiaj yiy; (X -x;)

al 20,i=12,.,1

|
zai y; =0
=
f(x) = sign( z yier (% - x) = by)
spportvectors
Xi af b

by = > [(@y X @) + (@, X (-D)]

* *

x (1) x (1)
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3.1.21

3.1.22

3.1.23

3.1.24
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| ) Hw provrpa laarum iry
frrmboares =pamoces

Foealure Spacoc

Il S o

3.3
X; - X K(X;, X) 3.1.20
1
W)=Y, a _EZ:,,-=1“i“jyiyiK(Xi’xi) 3.1.24
|
Zai y; =0
i=1
0<a’<C
3.1.24
f(x)=sign( D y;a’K(x,x)-b,) 3.1.25
spportvectors

@, 'X:i“iyiK(Xi:X)

i=1

By =5 Y YK (%X )+ K (%, X (D)

f(x)=sign( Y y;aK(x;,X)) 3.1.26

spportvectors
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(Kernel Functions)

K (X, X) = {(#(X),p(x )) 3.1.27

K Mercer
K(xX)=Y a4, ()¢ (X), a,20, 3128

”K(x, x)g(x)g(x )dxdx >0, gel,, 3.1.29

Mercer
X X
(Polynomial)
K(x,x) =(x,x )¢ 3.1.30
K(x,x) = ((x,x)+1° 3.1.31
(hessian)
(Gaussian Radial Basis Function)
v 12
K(x,x)= exp(—u) 3.1.32
20
S

(Exponential Radial Basis Function)
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| x=x |
20

K(X,Xx)=exp(- ) 3.1.33

(Multi-Layer Perceptron)

K(x,x) = tanh(p(X, X ) +7) 3.1.34

yo, T

(Fourier Series)

2N+1 {__,_

sin(N + ;)(x ~x)

K(x,x) = 3.1.35
sin(l(x—x'))
2
(Splines)
K T
K N
KOGX) =D XX+ (x=7,) (X —7,)" 3.1.36
r=0 s=1
[01)
K(6x) =3 X" + [e-r)5 (¢ —2,)dr 3.1.37
r=0
k=1
. o1 N S N3
K(x,x)=1+<x,x>+E<x,x>m|n(x,x)—gm|n(x,x) 3.1.38
B (B splines)
B [-1 1]
K(X,X) =B,y (Xx=X) 3.1.39
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(Addictive Kernels)

K(x,x')=ZKi(x,x')

(Tensor Product)

K(xx) = TTK (x.%)

(bootstrapping) (cross-validation)
4
3.4 C
Peatal
"."-.'r':lllr"
_1&*:';1- ++++-+
s H.t ¢ Viginica
. ;t”:%
+#d

WVarsilcalor

L)
.,@I: Sotosa

» Pedal
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§3.2

Woziak ™ Humphreys @
Woziak
SVM K K-means Autoclass
Humphreys
K
X 2272 336 BL Lac 1483
9967 484
5 3.1
94.9% 29.8% BL Lac 19.0% 95.9%
12.0% 14542 2387
16.4%
AGNs
BL Lac non-AGNSs
AGNSs non-AGNs X
non-AGNSs 435
X
909 135 BL Lac 612
3718 173
3.2 95.4% 40.0% 57.7% 99.4% 89.6%
5547 422 7.6%
BL Lac
3.1
12.0% 89.6% BL Lac
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3.1

\ BL Lac
2156 152 740 355 59
BL Lac 11 100 19 9 5
41 35 282 42 21
59 47 435 9559 341
5 2 7 2 58
94.9% 29.8% 19.0% 95.9% 12.0%
3.1 3.2 AGNs non-AGNs
AGNSs non-AGNs 4091
AGNs 10451 non-AGNs 1656 AGNs 3891
non-AGNs
3.3 34 AGNs 91.9% 98.6%
non-AGNs 94.6% 99.4% 93.9% 99.1%
2274
2273 3.5 AGNs non-AGNs
92.6% 98.8% 2773 2688
96.9% 85 3.1%
3.2
\ BL Lac
867 49 231 7 3
BL Lac 4 54 6 0 0
37 32 353 3 12
0 0 3 3697 3
1 0 19 11 155
95.4% 40.0% 57.7% 99.4% 89.6%
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3.3

\ AGN non-AGN
AGN 3761 562
non-AGN 330 9889
91.9% 94.6%
34
\ AGN non-AGN
AGN 1633 25
non-AGN 23 3866
98.6% 99.4%
35
\ AGN non-AGN
AGN 767 24
non-AGN 61 1921
92.6% 98.8%

CR HR1 HR2 ext exil

10
10

AGN

10
H-K, J+2.5log(CR) AGN

AGN non-AGN
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B-R B+2.5log(CR)
non-AGN
92.0%
AGN non-AGN

BL Lac
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