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Abstra
t

This paper presents our early results in applying data

mining te
hniques to the problem of �nding radio-

emitting galaxies with a bent-double morphology. In

the past, astronomers on the FIRST (Faint Images of

the Radio Sky at Twenty-
m) survey have dete
ted su
h

galaxies by �rst inspe
ting the radio images visually to

identify probable bent-doubles, and then 
ondu
ting ob-

servations to 
on�rm that the galaxy is indeed a bent-

double. Our goal is to repla
e this visual inspe
tion by

a semi-automated approa
h. In this paper, we present a

brief overview of data mining, des
ribe the features we

use to dis
riminate bent-doubles from non-bent-doubles,

and dis
uss the 
hallenges fa
ed in de�ning meaning-

ful features in a robust manner. Our experiments show

that data mining, using de
ision trees, 
an indeed be

a viable alternative to the visual identi�
ation of bent-

double galaxies.

1 Introdu
tion

Data mining is a pro
ess 
on
erned with un
overing pat-

terns, asso
iations, anomalies, and statisti
ally signi�-


ant stru
tures and events in data (Kamath and Mu-

si
k, 2000, and the referen
es therein). One of the steps

in data mining is pattern re
ognition, where a pattern

is identi�ed using measurable features or attributes ex-

tra
ted from the data. Data mining, as illustrated in

Figure 1, is an intera
tive and iterative pro
ess involving

data prepro
essing, sear
h for patterns, and interpreta-

tion of the results. Input from domain s
ientists is an

integral part of the data mining pro
ess, and frequently

results in the re�nement of one or more steps. The pre-

pro
essing of the data is a very important and time 
on-

suming �rst step as features relevant to the pattern have

to be extra
ted from raw input data.

As part of the Sapphire proje
t at

LLNL (http://www.llnl.gov/
as
/sapphire), we are de-

�

A

epted for publi
ation in Computing S
ien
e and Statisti
s,

Volume 33, 2000

veloping an obje
t-oriented parallel framework for min-

ing massive s
ienti�
 data sets. One of these data sets is

the FIRST survey, where we are interested in identifying

radio-emitting galaxies with a bent-double morphology.

In this paper we des
ribe our early experien
es in apply-

ing data mining te
hniques to solve this problem. We

show that the su

ess of a pattern re
ognition te
hnique,

su
h as de
ision trees, is dependent on the features we

have extra
ted from the raw data. Finding relevant fea-

tures that are s
ale, rotation, and translation invariant is

non-trivial. Further, de�ning these features in a robust

and 
onsistent manner 
an be a 
hallenge as well.

The outline of this paper is as follows: Se
tion 2 de-

s
ribes the FIRST survey, and outlines the problem of

dete
ting bent-double radio galaxies. Se
tion 3 provides

details on the approa
h we have taken to address the dif-

�
ulties en
ountered in solving this problem. Se
tion 4

reports our results, fo
using on the important role played

by the data prepro
essing step in data mining. Se
tion 5


on
ludes with a summary and future work.

2 The FIRST Survey

The FIRST | Faint Images of the Radio Sky at Twenty-


m | survey (Be
ker et al. 1995) is a proje
t that was

started in 1993 with the goal of produ
ing the radio

equivalent of the Palomar Observatory Sky Survey. Us-

ing the Very Large Array (VLA) at the National Radio

Astronomy Observatory (NRAO), FIRST is s
heduled

to 
over more than 10,000 square degrees of the north-

ern and southern gala
ti
 
aps, to a 
ux density limit of

1.0 mJy (milli-Jansky). At present, with the data from

the 1993 through 1998 observations, FIRST has 
overed

about 6,000 square degrees, produ
ing more than 20,000

two-million pixel images. At a threshold of 1mJy, there

are approximately 90 radio emitting galaxies, or radio

sour
es, in a typi
al square degree. Note that the results

of this paper are based on the 1998 
atalog, in
luding

data from 1993-1997.



Figure 1: Data mining: an iterative and intera
tive pro
ess.

Figure 2: Examples of FIRST images and 
atalog entries.
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Radio sour
es exhibit a wide range of morphologi
al

types that provide 
lues to the sour
e 
lass, emission

me
hanism, and properties of the surrounding medium.

Of parti
ular interest are sour
es with a bent-double

morphology as they indi
ate the presen
e of 
lusters of

galaxies, a key proje
t within the FIRST survey. The


urrent approa
h used by FIRST s
ientists for the de-

te
tion of bent-doubles is a manual one. They �rst look

at the image of a radio sour
e to see if it 
ould be labeled

as a bent-double. If two out of three astronomers agree

that the galaxy is a bent-double, then additional obser-

vations are 
arried out in order to study the bent-double

in more detail.

The visual inspe
tion of the radio images, besides be-

ing very subje
tive, is also be
oming in
reasingly infea-

sible as the survey grows in size. Our long-term goal is

to automate this pro
ess of 
lassifying galaxies as bent-

doubles using te
hniques from data mining.

2.1 Data from the FIRST Survey

The data from FIRST, both raw and postpro-


essed, are readily available on the FIRST website

(http://sundog.sts
i.edu/). A user friendly interfa
e en-

ables easy a

ess to radio sour
es at a given RA (Right

As
ension, analogous to longitude) and De
 (de
lination,

analogous to latitude) position in the sky.

There are two forms of data available for use | im-

age maps and a 
atalog. For example, in Figure 2, we

show an image map 
ontaining examples of two bent-

doubles. These large image maps are mostly \empty",

that is, 
omposed of ba
kground noise. Ea
h map 
overs

approximately 0.45 square degrees area of the sky, and

has pixels whi
h are 1.8 ar
 se
onds wide.

In addition to the image maps, FIRST also provides

a sour
e 
atalog (White et al. 1997). This 
atalog is ob-

tained by pro
essing an image map in order to �t two-

dimensional ellipti
 Gaussians to ea
h radio sour
e. For

example, the lower bent-double in Figure 2 is approx-

imated by more than seven Gaussians while the upper

one is approximated by three Gaussians. There is an up-

per limit to the number of Gaussians that are used to �t

ea
h radio sour
e. As a result, highly 
omplex sour
es

are not approximated well using just the information in

the 
atalog. Ea
h entry in the 
atalog 
orresponds to the

information on a single Gaussian. This in
ludes, among

other things, the RA and De
 for the 
enter of the Gaus-

sian, the major and minor axes, the peak 
ux, and the

position angle of the major axis (degrees 
ounter
lo
k-

wise from North).

3 Identifying Bent-Doubles

As illustrated in Figure 2, we have data at two ex-

tremes: image maps totaling about 200 Gigabytes, with

the very few \interesting" pixels 
orresponding to the

radio sour
es, and the 59 Megabyte 
atalog data with

information about parts of a radio sour
e. We 
ould

use either, or both, of these data to extra
t the features

for the identi�
ation of the bent doubles. We de
ided

to start with the features from the 
atalog for several

reasons:

� The astronomers believed that the 
atalog was a

good approximation to all but the most 
omplex of

radio sour
es.

� It was easier to work with the 
atalog as it was

smaller.

� Pro
essing the very large image maps for extra
ting

relevant features for the bent-double problem was

expe
ted to be diÆ
ult and time 
onsuming due to

la
k of parallel image pro
essing software.

� The FIRST astronomers indi
ated that several of

the features they thought were important in identi-

fying bent-doubles were easily 
al
ulated from the


atalog.

In this paper, we present the results using features

based only on the 
atalog. In Se
tion 4, we 
omment on

the e�e
ts of this de
ision.

Having de
ided to work with the information in the

FIRST 
atalog, the �rst step in 
lassifying the bent-

doubles was to group the 
atalog entries, i.e. the ellipti


Gaussians, into radio sour
es. Our algorithm starts with

an entry in the 
atalog, sear
hes for other entries within a

region of interest of 0.96 ar
 minutes, restarts the sear
h

from ea
h newly found entry, and repeats until no more


atalog entries are found within the region of interest.

All 
atalog entries found in this sear
h are 
olle
ted to

form a radio sour
e. Next, the algorithm repeats the

entire grouping pro
edure starting from the next avail-

able 
atalog entry, ex
luding the entries that are part of

already existing radio sour
es.

In grouping the entries, on
e a new entry was found

within the region of interest, the sear
h 
ould 
ontinue

from either 1) the 
enter of the new entry, or, 2) the


enter of mass of the entries that make up the sour
e.

Our experien
e indi
ated that the 
hoi
e of the starting

point had little e�e
t on the resulting grouping.

Note that it is not very diÆ
ult to �nd 
ases where the


atalog entries from one radio sour
e are within 0.96 ar


minutes of the 
atalog entries of a di�erent radio sour
e.
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For example, Figure 3 with the image 
entered at RA

= 10

h

50

m

08:5

s

and De
 = +30

o

40

0

15

00

(J2000 
oordi-

nates), shows two radio sour
es, a bent-double in the

lower left 
orner, and a ring-like stru
ture in the up-

per right 
orner. While in three dimensions, these radio

sour
es may be far from ea
h other, in a two-dimensional

proje
tion, they appear 
lose together. Su
h examples

illustrate why the task of automated dete
tion of bent

doubles is a rather hard problem, and one reason why

visual inspe
tion of an image is followed by detailed ob-

servations to 
on�rm that the galaxy is a bent-double.

Figure 3: An example image from the FIRST website.

After grouping the entries into 
omplex radio sour
es,

we separated the data depending on the number of 
at-

alog entries making up the sour
es. There is a data set

ea
h for all the 1-entry sour
es, all the 2-entry sour
es,

all the 3-entry sour
es, and all the 4plus-entry sour
es.

This separation by the number of 
atalog entries was

done for several reasons. First, we knew that, using fea-

tures from only the 
atalog, there were unlikely to be

any \bent-doubles" in the single 
atalog entry sour
es.

This was be
ause a single ellipti
 Gaussian 
ould not

be \bent". Further, there are relatively few 4plus-entry

sour
es, all of whi
h are \interesting" to the astronomers,

regardless of whether they are bent-doubles or not. So,

we simply 
ag them and report them to the s
ientists.

This approa
h also helped us to address the 
ase where

there are two radio sour
es 
lose to ea
h other, with ea
h


omposed of at least two 
atalog entries.

Having removed the single-entry, and the 4plus-entry

radio sour
es from 
onsideration, we further split the

sour
es into two- and three-entry sour
es. This was done

as the number of features extra
ted depends on the num-

ber of 
atalog entries, and we wanted a feature ve
tor

with a uniform length. However, this also meant that the

size of the training set for the dete
tion of bent-doubles

was now divided into smaller training sets.

For the 1998 
atalog, in
luding observations from

1993 through 1997, the number of radio sour
es as a

fun
tion of the number of 
atalog entries they are 
om-

posed of, is as follows:

# Catalog entries # Radio sour
es

1 311785

2 40134

3 9235

4+ 4765

On
e the radio sour
es (in
luding the training set)

were separated based on the number of 
atalog entries

in the galaxy, we derived the features listed in Se
-

tion 3.1 for the two and three entry sour
es. Next,

using the appropriate training set, we 
reated the de-


ision trees for the identi�
ation of two and three en-

try radio sour
es. These trees were 
reated using

the C5.0 de
ision tree software pa
kage (Rulequest Re-

sear
h, http://www.rulequest.
om). We also ran 
ross-

validation experiments to determine the a

ura
y of the

tree as the features used were varied.

We are 
urrently in the pro
ess of running the most

a

urate de
ision tree, 
onstru
ted with C5.0 from the

initial training set, on the unlabeled radio sour
es. We

plan to show a small sample of the new bent and non-

bent-doubles to the astronomers and use their input to

enhan
e the training set. The pro
ess will then be re-

peated until we have a large enough training set to have


on�den
e in the tree generated.

3.1 Features for Bent-Doubles

This se
tion des
ribes various potential features that

might be used to dis
riminate galaxies with bent-double

morphology. Some of the features are dire
tly taken

from the FIRST 
atalog, some are derived from the basi


ones in the 
atalog, and some are 
losely related. Note

that we keep a few \features" for bookkeeping purposes

only. Our fo
us is on features that are s
ale, rotation

and translation invariant, as the pattern we are look-

ing for, namely the bent-double, is s
ale, rotation, and

translation invariant. We are also interested in features

that are robust, that is, not sensitive to small 
hanges

in the data (White, 1999). Of 
ourse, it goes without

saying that the features we sele
t must be relevant to

the problem.

We identi�ed the features for the bent-double prob-

lem through extensive 
onversations with FIRST as-

tronomers. As we asked them to justify their de
ision

in identifying a radio sour
e as a bent-double, it be
ame
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apparent that greater fo
us was pla
ed on spatial fea-

tures su
h as distan
es and angles. Frequently, the as-

tronomers would 
hara
terize a bent-double as a radio-

emitting \
ore" with one or more additional 
omponents

at various angles, whi
h were usually side-wakes left by

the 
ore as it moved relative to the Earth.

We next list all the features we 
al
ulated based on

our 
onversations with the astronomers. These features

have been in
luded here both for illustrative purposes,

and for future referen
e. However, as some of them do

not s
ale, or are not rotation invariant, it does not make

sense to in
lude them all in 
onstru
ting the de
ision

tree.

3.1.1 Features per Catalog Entry

The following list enumerates potential features pertain-

ing to a single 
atalog entry.

1. peak 
ux: the peak 
ux value (mJy)

2. total area =

� maj min

4

: the total area of the entry,

as measured by the �tted ellipti
al Gaussian, where

maj and min are the lengths of the major and of

the minor axes, respe
tively

3. int 
ux: the integrated 
ux value (mJy)

4. ra: the right as
ension RA (de
imal hours)

5. de
: the de
lination De
 (de
imal hours)

6. ellipti
ity =

maj

min

� 1: a measure of the the entry's

ellipti
ity, with one being a 
ir
ular entry

7. rms: the lo
al noise estimate (mJy) at the position

of the entry in the sky

8. sidelobe: f0/1g 
ag, 1 if the entry might be a side-

lobe of a nearby bright sour
e, 0 otherwise

9. maj: the size of the major axis (ar
 se
onds)

10. min: the size of the minor axis (ar
 se
onds)

11. di�usion =

int 
ux

total area

: a measure of di�usion

12. SNR =

peak 
ux�0:25

rms

: the peak 
ux density sig-

nal to noise ratio (the 0.25 re
e
ts a bias 
orre
tion

do
umented in the FIRST survey); it 
an also be

thought of as a \standardized" peak 
ux quantity

13. point sour
e: f0/1g 
ag, 1 if the entry is a point

sour
e (its maj less than 2 ar
 se
onds), and 0 oth-

erwise

14. 
ux: set to peak 
ux for point sour
es, and to

int 
ux for extended sour
es

Figure 4: Two examples of 2-entry �tted radio sour
es.

15. position angle: the angle (degrees) of the major

axis, measured 
ounter
lo
kwise from North | for

entry B, the angles indi
ated by an arrow in Fig-

ure 4, about 45

o

in the left, and about (180� 45)

o

in the right (0 for entry A in both 
ases)

Note that maj and min denote the entire lengths of

the axes, i.e. the lengths between the two interse
tion

points of the 
orresponding axis and the ellipse (as op-

posed to the lengths from the 
enter of the ellipse to one

of the interse
tion points). Also, the dete
tion limit of

the survey is about 2 ar
 se
onds, so any maj or min

less than 2 ar
 se
onds is set to 2 ar
 se
onds.

3.1.2 Pairwise Features

The potential features for a 2-entry radio sour
e or two


atalog entries as a pair are listed below. Features 1

through 9 
hara
terize a 2-entry radio sour
e, and fea-

tures 10 through 22 pertain to any two entries taken

together. This distin
tion will be
ome 
learer in the 3-

entry radio sour
e 
ase, Se
tion 3.1.3, where the meaning

of features 4-9 will 
hange to in
lude all three 
ompo-

nents, and the features will in
lude all three 
ombina-

tions of the last 13 pairwise features. Figure 4 shows

two possible geometries for �tted 2-entry sour
es (i.e.

the �tted ellipti
al Gaussians in the plane).

1. id: radio sour
e identi�
ation number, for book-

keeping purposes only

2. hemisphere: radio sour
e hemisphere, for book-

keeping purposes only
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3. num 
e=2: number of entries in the sour
e, for

bookkeeping purposes only

4. total area: the sum of the two total areas

5. peak 
ux: the max of the two peak 
uxes

6. sum int 
ux: the sum of the two integrated 
uxes

7. avg di�usion: the mean of the two di�usions

8. tot ellipti
: the sum of the two ellipti
ities

9. 
ux: the max of the two 
uxes

10. 
om dist: distan
e between the two 
enters

11. rel dist =

4 
om dist

12

maj

1

+min

1

+maj

2

+min

2

: a measure of

the relative distan
e between the two entries, values


lose to one indi
ating nearly interse
ting entries

12. rel p
ux: ratio of the two peak 
uxes

13. rel 
ux: ratio of the two 
uxes

14. rel maj: ratio of the two majors

15. rel i
ux: ratio of the two integrated 
uxes

16. rel ellip: ratio of the two ellipti
ities

17. pair angle geom: angle formed by the position

angles of the two major axes, as 
al
ulated geomet-

ri
ally { angle AMB in both panels of Figure 4

18. pair angle di�: angle formed by the position an-

gles of the two major axes, as 
al
ulated by the ab-

solute di�eren
e in the two position angles | about

j0 � 45j

o

= 45

o

in the left, and about j0 � 135j

o

=

135

o

in the right panel of Figure 4

19. angle 
ag: f0/1g 
ag, 1 if pair angle geom is

unstable (i.e., 
ould 
ip from � to 180� �), and 0

otherwise

20. avg SNR: the mean of the two signal to noise ratios

21. max SNR: the largest of the two signal to noise

ratios

22. rel SNR: the ratio of the two signal to noise ratios

The features for 2-entry radio sour
es in
lude the 22

pairwise features above and the 2� 15 single entry fea-

tures for the two 
omponents listed in Se
tion 3.1.1. The

ordering in 2-entry sour
es is a

ording to the maximum

integrated 
ux. For 3-entry sour
es, the pairwise fea-

tures are given in 
ertain orders, depending on the or-

dering s
heme - see Se
tion 3.1.3.

Figure 5: An example of a 3-entry �tted radio sour
e.

3.1.3 Triple Features

Potential features 
hara
terizing three 
atalog entries are

reported below. These des
riptions assume the entries

are ordered su
h that entry A is the 
ore, and ABC de-

notes the triangle formed by the three entry 
enters. The

two non-
ore entries, B and C, 
an be ordered in di�er-

ent ways, as explained in the paragraph following the list.

Figure 5 depi
ts a 
hara
teristi
 �tted 3-entry sour
e ge-

ometry. The notation of the following features refer to

Figure 5.

1. id: radio sour
e id, for bookkeeping purposes only

2. hemisphere: radio sour
e hemisphere for book-

keeping purposes only

3. num 
e=3: number of entries in the sour
e, for

bookkeeping purposes only

4. total area: the sum of the three total areas

5. peak 
ux: the max of the three peak 
uxes

6. sum int 
ux: the sum of the three integrated


uxes

7. avg di�usion: the mean of the three di�usions

8. tot ellipti
: the sum of the three ellipti
ities

9. 
ux: the max of the three 
uxes

10. 
ore angle: the 
ore angle, de�ned as the angle

BAC in the triangle above

6



11. angle ab: angle ACB in the triangle above (be-

tween sides a and b)

12. angle a
: angle ABC in the triangle above (be-

tween sides a and 
)

13. total bend geom: the total bentness of the

sour
e, as measured by the sum of the two pair-

wise angles pair angle geom

A;B

= AMB and

pair angle geom

A;C

= ANC

14. total bend di�: the total bentness of the sour
e,

as measured by the sum of the two pairwise angles

pair angle di�

A;B

=

jposition angle

A

� position angle

B

j and

pair angle di�

A;C

=

jposition angle

A

� position angle

C

j

15. ari angle = a
os

BC

AB+AC

: a measure of bentness

(Lehar et al. 2000) due to Ari Bu
halter (originally

proposed if BC � maxfAB, ACg, i.e., the entries

are ordered as in II. in the next paragraph)

16. sum 
om dist: the sum of the three pairwise


om dist

17. sum rel dist: the sum of the three pairwise

rel dist

18. axial sym: a symmetry measure given by the ratio

of the ellipti
ities of entries B and C

19. ari sym =

AC

AB

: a symmetry measure (Lehar et al.

2000) due to Ari Bu
halter (originally proposed if

BC � AB � AC, i.e., the entries are ordered as in

II. in the next paragraph)

20. another sym =

AB+AC

AB+BC+AC

: another symmetry

measure

21. 
ons demote: f0/1g 
ag, 1 if one of the non-
ore

entries is far from the 
ore, and 0 otherwise [B is


onsidered far if AB > 2� 
onst� (maj

A

+maj

B

),

where 
onst is 
urrently set to 3 ar
 se
onds, and

similarly for C℄

The features for 3-entry radio sour
es in
lude the 21

triple features above, the 3� (last 13) pairwise features

listed in Se
tion 3.1.2, and the 3�15 single features listed

in Se
tion 3.1.1.

There are various ways of sele
ting the 
ore and order-

ing the entries in 3-entry radio sour
es. We 
onsidered

the three methods des
ribed below.

I. Choose the entry with the largest integrated 
ux as

the 
ore. Order the entries as: A (maximum inte-

grated 
ux), B (se
ond largest integrated 
ux), C

(smallest integrated 
ux). Note that this is a some-

what ad-ho
 ordering, with no real astronomi
al ba-

sis behind it.

II. Choose the 
ore as the entry opposite the largest

side of the triangle formed by the 
enters of the three

ellipses. Order the entries as: A (opposite largest

side), B (opposite se
ond largest side), C (opposite

smallest side).

III. Choose the 
ore to be the entry opposite the side

that is most unlike the other two sides. Order the

entries as: A (the 
enter su
h that the two sides of

the triangle that meet at that 
enter are 
losest in

length), B (the 
enter su
h that the two sides of the

triangle that meet at that 
enter are se
ond 
losest

in length), C (the 
enter su
h that the two sides of

the triangle that meet at that 
enter are farthest in

length).

For the 3-entry sour
es, we repeated the feature ex-

tra
tion step separately for ea
h of the three ordering

methods, and ran the de
ision tree algorithm on the

three di�erent sets of features.

4 Results Using De
ision Trees

As mentioned earlier, we expe
t that some of the fea-

tures will not be important in �nding bent-doubles. For

example, the position in the sky, that is, the (RA, De
)


oordinates, should not in
uen
e the results, at least as

long as bent-doubles are approximately randomly dis-

tributed over the 
elestial sphere. However, our initial

experiments with de
ision trees indi
ated that the 
o-

ordinates were in
uential. On further investigation, we

realized that when the astronomers provided us exam-

ples of non-bent-doubles to use in our training set, they

had fo
used on a small se
tion of the sky, thus making

the 
oordinates in
uential. In this 
ase, the de
ision tree

was \right", but there was a problem in the features we

used in training. While we expe
ted the de
ision tree

to fo
us on the features whi
h are dis
riminating, this

experiment illustrated the important role played by do-

main knowledge in the sele
tion of features. As a result,

in the remaining se
tions, we ex
lude all the bookkeeping

\features" and the position 
oordinates from the analy-

ses.

We next summarize the preliminary results of our ex-

periments on the bent-double problem. We �rst make

the following observations:

� We are working with a relatively small training set

(118 examples for two-
atalog entry sour
es, and
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195 for the three-
atalog entry sour
es). As the bent

and non-bent-doubles have to be manually labeled

by FIRST s
ientists, putting together an adequate

training set is a non-trivial task. As explained ear-

lier, we plan to enhan
e our small training set by

using feedba
k from the astronomers on the results

of the preliminary de
ision trees.

� S
ientists are often subje
tive in their labeling of

galaxies as bent or non-bent. This would imply that

the training set itself is not very a

urate.

� We are 
urrently using features from only the 
at-

alog. We would therefore expe
t that if the \bent-

ness" of a radio-sour
e was adequately 
aptured by

the 
atalog, we would do well in identifying a bent-

double.

Our initial experiments found that these observations

played an important role in the 
ase of the two-entry

radio sour
es. Using only 
atalog-based features with

the limited training set, the de
ision trees 
reated were

errati
. In 
ross validation experiments, we found that

the tree strongly depended on the subset sele
ted from

the full training set. The mis
lassi�
ation errors that re-

sulted were also relatively high, on the order of 20%. We

therefore defer a detailed analysis of the 2-entry sour
es

until later, when we 
an re�ne the features, add image-

based features, and in
rease the training sample.

We next present the results for the 3-entry radio

sour
es.

4.1 3-Entry Sour
es

For the three 
atalog entry sour
es, the training set 
on-

sists of 195 labeled examples, with 167 bent-doubles and

28 non-bent-doubles.

Using the features and methods listed in Se
tion 3.1.3,

we repeated 10-fold 
ross-validation experiments 10

times for ea
h of the three ordering methods (100 trees

per method in total). In ea
h experiment, the train-

ing set is �rst randomly divided into ten parts, and the

de
ision tree grown based on nine parts at-a-time, is val-

idated on the remaining one part. The results are given

in Table 1 below. The tree sizes and errors on ea
h line

are the means of the ten su
h resulting trees. The er-

rors 
ombine both mis
lassi�
ations: bents 
lassi�ed as

non-bents, and non-bents 
lassi�ed as bents. The as-

tronomers tolerate higher rates of the latter errors, but

would like to minimize the mistakes of the former type.

As expe
ted, ordering method III gives the most a

u-

rate results. Bent-doubles generally exhibit a symmetry

around the 
ore, so this method makes the most sense

out of the three 
onsidered. We expe
ted method II to

De
ision Tree

Exprmt.# Size Errors

0 7.4 10.2%

1 7.0 8.8%

2 7.5 8.8%

3 7.4 11.2%

4 7.0 9.8%

Method I. 5 7.7 8.7%

6 7.2 14.3%

7 7.1 12.8%

8 7.1 12.9%

9 7.2 11.3%

Mean 7.3 10.9%

SE 0.1 0.6%

0 7.4 9.3%

1 7.7 9.8%

2 7.2 12.2%

3 8.0 10.3%

4 7.5 10.7%

Method II. 5 7.1 12.3%

6 7.2 14.8%

7 6.7 14.0%

8 6.8 11.3%

9 7.0 13.3%

Mean 7.3 11.8%

SE 0.1 0.6%

0 6.0 9.7%

1 6.0 10.8%

2 5.9 8.7%

3 6.0 9.8%

4 5.9 9.7%

Method III. 5 6.0 8.2%

6 5.8 10.2%

7 6.0 9.7%

8 5.8 9.8%

9 5.9 9.8%

Mean 5.9 9.6%

SE 0.0 0.2%

Table 1: Results of ten 10-fold 
ross-validation experi-

ments for the three di�erent ordering methods.
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be the next best performer, but, to our surprise, method

I gave better results. Our astronomer 
ollaborators indi-


ate that there is no relationship between the 
ux mag-

nitude and the lo
ation of the 
ore, so we are unable to

explain this result at present. Sele
ting the 
ore a

ord-

ing to the largest angle, i.e. method II, gave the worst

results. We thought it would be superior to method I,

as there is greater 
onne
tion between the geometry of

the sour
e and bentness, than there is between the 
ux

and bentness. There are many bent-doubles with the

largest angle at the 
ore, so we expe
ted method II to

be 
loser to method III. The latter pi
ks up the two dif-

ferent types of symmetries (
ore is the largest, or 
ore

is the smallest angle), while the former only 
onsiders

one of the symmetries (
ore is the largest angle). We are

exploring these issues in greater detail in order to fully

interpret the results. Note, however, that while the er-

rors are slightly di�erent for the three ordering s
hemes,

they are on the same order. Also, the size of the training

set is relatively small at present.

A typi
al tree 
onstru
ted with ordering method III

is given below.

De
ision tree:

rs3_
ore_angle > 170.4:

:...
e
_ellipti
ity <= 2.116: 1 (13.0)

: 
e
_ellipti
ity > 2.116: 5 (2.0)

rs3_
ore_angle <= 170.4:

:...paira
_rel_dist <= 9.423: 5 (143.0)

paira
_rel_dist > 9.423:

:...pairab_angle_geom <= 58.6: 5 (4.0/1.0)

pairab_angle_geom > 58.6:

:...
e
_rms <= 0.137: 5 (5.0/2.0)


e
_rms > 0.137: 1 (9.0)

Evaluation on training data (176 
ases):

De
ision Tree

----------------

Size Errors

6 3( 1.7%) <<

(a) (b) <-
lassified as

---- ----

22 3 (a): 1 (non-bent)

151 (b): 5 (bent)

Evaluation on test data (19 
ases):

De
ision Tree

----------------

Size Errors

6 2(10.5%) <<

(a) (b) <-
lassified as

---- ----

1 2 (a): 1 (non-bent)

16 (b): 5 (bent)

The de
ision tree output lists the feature sele
ted at ea
h

node, as well as the value it is 
ompared against. The

number after the 
olon indi
ates that the node in ques-

tion is a leaf node, and the number is the 
lass assigned

to the leaf (5 denotes a bent-double, while 1 denotes

a non-bent double). At ea
h leaf node, the numbers

(a/b) indi
ate the (total number of samples/samples of

the 
lass not assigned to leaf node).

For the 3-entry 
ases, the de
ision trees based on this

ordering tend to pi
k 
ombinations of angles and relative

distan
es as the most important features to dis
riminate

bent-doubles. Other features deemed important in
lude

measures of ellipti
ity and symmetry | features that

are all s
ale, rotation, and translation invariant. The

angles are usually either the 
ore angle, or pairwise an-

gles 
al
ulated geometri
ally | angles that are robust

to small 
hanges in the data. The very reason we in-


luded the geometri
al angles, pair angle geom, is ex-

a
tly to avoid the sensitivity of the di�eren
ed angles,

pair angle di�, both explained in Se
tion 3.1.2. The

trees generally ignore features related to the 
uxes and

the areas. Overall, the trees make sense, and they pi
k

the features that we expe
ted in the �rst pla
e to be


losely related to bent-doubleness.

The trees based on the other two ordering s
hemes

were not as 
onsistent as the ones 
orresponding to

the ordering method III. The dis
riminating features se-

le
ted o

asionally in
luded 
ux and area measurements,

and major axes lengths, in 
ombination with distan
e

and angle values. A few trees that we examined se-

le
ted a
tual, rather than relative, distan
e measure-

ments. The a
tual distan
es, and other features su
h

as 
ux, area, and major axis, are poor dis
riminating

features, as they are not stri
tly s
ale invariant. The

brightness, and the size of an entry should not be related

to bent-doubleness. Our experiments thus indi
ate that,

given the 
urrent training set, the ordering methods I

and II are inferior to ordering method III in 
lassify-

ing bent-doubles. They have relatively high a

ura
y,

but, on 
loser examination, they base the 
lassi�
ation

on features that do not make sense from the domain s
i-

en
e point of view, and that keep 
hanging from tree to

tree, depending on the training and validation sample

sele
ted.

To redu
e the number of features, we next repeated

the de
ision-tree building steps, in
luding 
ombinations
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of the single, double, and triple features. The results

for 10 di�erent 10-fold 
ross-validations for ea
h of the

seven 
ombinations, based on the ordering method III

are presented in Table 2. The table reinfor
es our ex-

De
ision Tree

Value Size Errors

Single Mean 11.2 19.7%

SE 0.1 0.5%

Double Mean 8.7 17.4%

SE 0.2 0.4%

Single+double Mean 10.7 19.2%

SE 0.2 0.5%

Triple Mean 6.7 10.7%

SE 0.1 0.3%

Single+triple Mean 6.4 8.5%

SE 0.0 0.4%

Double+triple Mean 7.1 11.6%

SE 0.1 0.5%

Single+double+triple Mean 5.9 9.6%

SE 0.0 0.2%

Table 2: Average of ten 10-fold 
ross-validation experi-

ments for ea
h of the seven 3-entry feature 
ombinations.

pe
tation that the most important features are the triple

ones. Using only the triple features, the mis
lassi�-


ation rate is 10:7%(0:3%), a small in
rease from the

9:6%(0:2%) a
hieved when using all the features. The

single and/or double features by themselves lead to 
lose

to 20% errors. Adding the double features to the triples

slightly degrades the results, while adding the singles to

the triples slightly improves the results. Chara
teristi


features pi
ked by single+triple 
ombinations in
lude el-

lipti
ity, symmetry, relative distan
e, and angle measure-

ments, while features sele
ted by double+triple 
ombi-

nations 
onsist mainly of distan
e, area, 
ux, angle, and

ellipti
ity values. We are not sure what is 
ausing this

behavior | it 
ould be a subtle issue, or just 
han
e.

We are 
urrently investigating it.

An early version of our de
ision tree, when used

for 
lassifying unlabeled data, found several new bent-

doubles, as expe
ted. For example, Figure 6 shows an

example of a new bent-double from the region the as-

tronomers had not looked at manually (left panel). What

is interesting is that the data mining pro
ess also found

a bent-double that the astronomers had missed (right

panel) during the visual inspe
tion that generated the

training set. This illustrates some of the many bene�ts

of data mining te
hniques in the semi-automated explo-

ration of massive data sets.

Figure 6: Examples of new bent-doubles.

5 Summary

In this paper, we des
ribed how data mining te
hniques


an help astronomers dete
t radio galaxies with a bent-

double morphology in a semi-automated manner. Our

experien
es indi
ate that the identi�
ation and extra
-

tion of relevant features plays a very important role

in the a

ura
y of the pattern re
ognition algorithms.

Though mu
h remains to be done, our initial results ap-

pear very promising. Our immediate plans for the bent-

double problem in
lude in
reasing the size of the train-

ing set, revising the 
atalog-based features, and adding

image-based features. Revising the 
atalog-based fea-

tures has been an ongoing pro
ess. For the triple sour
es,

our average mis
lassi�
ation rate of about 10% is half the

rate we initially obtained during the �rst iteration of the

data mining pro
ess. New features, su
h as the angles

ACN and ABM in Figure 5, keep emerging as we dis
uss

our �ndings with our astronomer 
ollaborators. They

expe
t that the smaller these angles, the more likely a

triple sour
e is a bent-double. Another potential way to

improve the features derived from the 
atalog is to re-

move possible redundan
ies among the various angle and

distan
e measurements by 
ombining them into fewer,

more relevant features. In addition, as we write our own

de
ision tree software, we are interested in seeing how

the a

ura
y of the trees generated for the bent-double

problem will 
hange as we 
hange the split 
riteria, or

use oblique de
ision trees indu
ed by hill 
limbing, ran-

domization, or evolutionary algorithms (Cant�u-Paz and

Kamath, 2000). We also plan on using other pattern

re
ognition te
hniques su
h as neural networks to see

how they perform on the bent-double problem.
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