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Abstract. A reasonably good description of the luminositgfiles of galaxies
is needed as it serves as a guide towards undeirsgathe process of galaxy
formation and evolution. To obtain a radial brigtgs profile model of a gal-
axy, the way varies both in terms of the exact ewudtical form of the function
used and in terms of the algorithm used for pararsditting for the function
given. Traditionally, one builds such a model byame of fitting parameters for
a functional form assumed beforehand. As a resutth a model depends cru-
cially on the assumed functional form. In this pape propose an approach
that enables one to build profile models from diitactly without assuming a
functional form in advance by using evolutionarynputation. This evolution-
ary approach consists of two major steps that sveegoals. The first step ap-
plies the technique of genetic programming withdhe of finding a promising
functional form, whereas the second step takesradge of the power of evo-
lutionary programming with the aim of fitting paratars for functional forms
found at the first step. The proposed evolutiorsproach has been applied to
modeling 18 elliptical galaxies profiles and itelminary results are reported
in this paper.

1 Introduction

The basic building block of the universe is theaggl Nevertheless, even though the
physics of the formation and evolution of indivitisars is well understood, how
galaxies form and evolve in various environmentsiés very well understood. In
optical images, galaxies have a wide range of shapd sizes. The appearance of a
galaxy is expected to be related to its formatieol@ionary history, and thus the
morphological classification of galaxies is cons@tketo be an important exercise in
astrophysics (van den Bergh 1998).

Most regular galaxies can be divided into two typesnely, ellipticals and spirals.
Elliptical galaxies appear smooth and structurebass have elliptical isophotes. In
contrast, spiralarms. galaxies comprise of a cknlmdghtness condensation
resembling an elliptical, called the bulge, andhim wisk, which contains obvious
spiral features. To develop a deeper understarafitige evolution of galaxies, it is
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important to quantify the morphological featuresaafirst stage in an attempt to link
them to the physics of their formation .

.

Fig. 1. Monochromatic (negative) images of a typical eildak (left) and spiral (right) galaxy.

For this purpose it is necessary to express thetstal features of a galaxy in
terms of a small set of parameters. One way of gldivis is to obtain a radial
brightness profile of the galaxy, i.e., how theagal surface brightness varies as a
function of radial distance from its center. Substd work has been done towards
finding better analytic fitting functions for radidrightness profilesof galaxies.
These include work by Hubble (1930), de Vaucoulda@48), King (1962), Sersic
(1968) and Kormendy (1977). The most commonly dggdg functions for ellipti-
cal galaxy profiles are the Hubble's law given by

L(r) =lo/(r/a + 1} (1)
and the de Vaucouleur¥‘taw given by
I(r) = 1 exp{=333(r/r)"* 1]} . )

Each function has two parameters, a brightness kgat |.and a size scakorr,. g

is the surface brightnessrat 0, i.e. the central surface brightness. The dealgtha

is the distance at which the surface brightness fala quarter of its central value. In
constrastr. , known as the effective radius, contains half of th&l light of the
galaxy, and. is the brightness at. The two laws give a reasonably good description
of the luminosity profiles of elliptical galaxiem@ the bulges of some types of spiral
galaxies. However, they do not describe well theséiles beyond certain bounds of r
or the bulges of spiral galaxies with pronounceidaspeatures. For the latter, a popu-
lar model is an exponential form

I(r) = 536l _exp[-168(r/r)]. 3)

Neither (2) nor (3) have been formally linked tpteysical model of galaxy formation,

and remain mere empirical fits to observed praofildsbble’s model (1) is not a very

good fit to a wide range of observed ellipticalst Is related to possible density pro-
files of self-gravitating isothermal spheres of.gétswould be desirable to have a sin-
gle model that would describe all elliptical gaksiwith a variation of parameters, in
particular if this model could be linked with thaysics of collapsing gas clouds and
the formation of self-gravitating ellipsoidal syste

1 The radial surface brightness profile will hereafie simply referred to as the “profile”.
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On the other hand, spiral galaxies are domaithal a disk which seems to be rea-
sonably described by a simple exponential briglstipesfile (Freeman 1970)

1(r)=1,exg(-r/h) (4)

wherely is the central surface brightness &amgpresents the scale-length of the disk.

There has been a lot of effort in the literature to find appatgp mathematical
functions to describe a wide range of profiles of various compts of spiral and
elliptical galaxies, and to find plausible values for paramekatswould fit observed
profiles. Both tasks are non-trivial. The usual approach postulate a mathematical
model comprising of common mathematical functions, then tty dipging algorithms
to find suitable parameters for these functions. The paranittiteg &lgorithm usually
adopted is the non-linear reduggdminimization given by

2 _ 1 [ = VoD 5
X UZ o° ' ©)

wherelydi) is the individual observed profile valulg,.ge(i) is the value calculated
from the fitting functionp is the number of degrees of freedom, arisl the standard
deviation of the data. One disadvantage of noralimainimization algorithms is their
sensitivity to the initial values provided. Unreaable initial values could cause the
fitting program to trap in a local minimum. (seedkedakis & Sanders 1994, de Jong
R.S. 1996 and Wadadekar et al 1999).

As more and more galaxy images have becomitable, the popular models seem
to be suitable for an increasingly smaller fractadrobserved galaxies. With the im-
minent prospect of photometry of millions of gaksibecoming publicly available
through the Virtual Observatory projeetviw.ivoa.nej, it is crucial to find reasona-
bly good generic mathematical models that woulccdies a much larger number of
galaxies with variation in model parameters.

In our approach presented here, the technafugenetic programming (GP)
(Koza, 1992) plays the role as the first step mal falternative promising forms. The
second step in our approach aims at fitting pararaé the function thus derived. To
achieve the second goal, we take the evolutionamgramming (EP) (Fogel, 1966;
Fogel, 1991) technique rather than non-linear redy¢ minimization algorithms.
The main reason for this is that EP has succegsfidtked for many numerical and
combinatorial optimization problems in recent ygafao 1996, 1999). With its popu-
lation of solutions, EP makes it easier to escapallminima and is more likely to
find global minima.

The structure of the paper is as follows. Sectiaiegcribes the sample of 18 radial
brightness profiles of elliptical galaxies that wee in this study. Section 3 presents
details of the evolutionary approach that involgenetic programming and evolu-
tionary programming. In Section 4, we present ogregiments on the application of
our evolutionary approach to modeling 18 profiled also report preliminary results.
We draw conclusions and discuss our further wotRention 5.

2 Thedistribution of light in Elliptical Galaxies
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18 profiles of elliptical galaxies
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Fig. 2. The brightness intensity distribution of 18 ellgati galaxies

The data chosen for this study is a set of 18talp galaxies in the Coma cluster
observed in near-infrared band (central wavele@gtum; for further description of
the observations see Khosroshahi et al 2000a)ptiE#ll galaxies are chosen for this
study because of their smooth brightness distobutompared to the more compli-
cated morphologies of spiral galaxies. They are alwsen from the same cluster of
galaxies to enable us to eliminate the signaturdiféérent environments on the sur-
face brightness of the sample galaxies. Elliptgzdbxies historically have been char-
acterized by the de Vaucouleur¥rprofile, which is an empirical fit, not yet shown
to emerge from theoretical or semi-analytic scersanf galaxy formation. Careful
observations reveal a far greater variety of pesfilleading, among others, Khos-
roshahi et al (2000a, 2000b) to advocate the ugeiéralized models that allow for
shallower or steeper profiles to elliptical galax@énd bulges of disk galaxies.

In this exercise, one dimensional radial profilagénbeen extracted from fitting el-
liptical contours of the same brightness (isophoteshe images of the galaxies, and
computing the average brightness as a functioradiis along the major axis of the
ellipse at various values of the radial distancEach profile has 50 data points. The
sky background is highly variable at near-infraveavelengths. Therefore the local
background is highly variable (Fig 2).

3 TheEvolutionary Approach

Our evolutionary approach consists of two majopsteeach step having its distinct
target. First we aim to seek promising mathemafizattions using genetic program-
ming (Koza, 1992). With the function generatedjmapse generalization process for
the functional form is necessary. We generalizeédhm in the way of replacing a few
numerical values by a few parameter variables.
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The second step is aimed at fitting parameterieénfunction formula thus found,
using evolutionary programming techniques. The idetsf both algorithms used in
our approach are described below.

3.1 Genetic Programming

Genetic programming (GP) is a class of evolutionamgnputation inspired by Dar-

win’s evolution theory. It operates iteratively éxving a population of individuals. On

each iteration, all individuals are evaluated im® of the fithess function. A new
population is then generated by probabilisticalyesting the most fit individuals

from the current population. Some members in tive p@pulation are carried forward

from the last generation population intact via ogfuction operation. The rest are
generated by applying genetic operators: crossovenutation. Such a process con-
tinues until sufficiently fit individuals are found

GP has been applied to a variety of fields (Koz84)90ne important application
is symbolic regression (or function identificatio®roblems of symbolic regression
require finding a function, in symbolic form, whidits a given limited sampling of
data points. One individual in GP is an executatde structure/parse tree, which can
be interpreted as a mathematical expression. G&piable of generating mathematical
formulas which approximate many or even whole g¢aimts among a set of data
sample given. In addition, because GP algorithm ssochastic process, it is able to
generate a variety of function forms when modekwvgn on the same data. These
facts make GP a strong candidate for finding adtéve promising forms.

For simplicity, the detail of GP algorithms is resented here. For readers inter-
ested, please refer to the book (Koza 1992). Irctise of GP here, we take a function
set,F = {+, — * /, exp, log, sin, cos} and a termirsdt, T = {r, O} where r is the
variable radius and is a random float-point value between —10.0 an@.1Dheoreti-
cally, all profile models (function 1-4) introduced Section 1 could be potentially
generated by GP. Examples of individual expressamasllustrated in Figure 3.

f, =3.76 + (r+2.66)/r f,= log (4.90) * exp(r/7.89)

Fig. 3. Examples of mathematical formula forms created By G

The fitness function is one of the most importastponents in GP. Here it deter-
mines how well an individual expression fits an exvational galaxy profile. The
overall fithess function used here for GP congistsvo items. We takdits as the
first part of the fitness function. The ‘hits messthere counts the number of fithess
data points for which the numerical value returbgdhe model expression lies within
a small tolerance (the ‘hits criterion’) of the ebged intensity value. For example,
the hits criterion taken in this paper is 0.005@#. Selecting an appropriate value for
the hit criterion seems a bit tricky here. In gahea higher hit criterion could fail to
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guide GP to find good shapes of functions thapfifiles properly. In contrast, a
lower hit criterion does allow GP to find a goodrfmula which could possibly over-fit
a particular profile, but lack generality to matther profiles. This is also known as
the over-fitting problem in machine learning domaiie aim of using GP is to find
promising functional forms that potentially havepahility for describing as many
profiles as possible. Therefore, in our approagking a higher hit criterion for GP is
preferable as long as the maximum number of higs §0 in this study) is achievable
in terms of the results on 18 galaxies profiles.

In addition, we add a second item into the fitfesstion to penalize any complex
mathematical expression because a simple functimmal is almost always prefer-
able. The complexity of an expression is measuyetthd length of the expression, i.e.
the number of nodes within the expression. Thengttewhich an expression should
be penalized is changeable by a weight In summary, the fitness function that we
use is given by

f fitness functior= HIits —w * the length of the expression. (6)

It is worth noting that the second item in thedga function is also essential. With-
out it, our GP tends to generate rather complicatathematical functional forms,
which are difficult to generalize.

The criteria for terminating a GP run are eithex thaximum run time allowed or
the maximum of generation that we set, whichevached first.

3.2 Evolutionary Programming

GP is good at finding a function or a symbolic fotdowever, it lacks mechanism to
tune parameters in the form. This is partly beca&xsgting genetic operations, such as
crossover or mutation, affect only the structur¢heftrees, not the composition of the
nodes. The numeric constants in nodes thus caremetfibmuch from them.

Like GP, evolutionary programming is one class wbletionary computation
(Fogel, 1966). Unlike GP, EP merely uses mutatisrite genetic operator and has
only two major steps: 1) mutate the solutions & tlrrent population; 2) select the
next generation from the mutated and the currdntisas. By means of its population
of solutions, EP makes it easier to escape locainmai and is more likely to find
global minima. The effectiveness of EP has beenodetrated in solving many nu-
merical and combinatorial optimization problemsenent years (Yao 1996).

In this study, the EP algorithm is similar to one used in (Yao, 1999), except that
we do not apply self-adaptive mutation, which asieal EP usually takes. It is simply
because the simple mutation strategy works faigyl wn the problems being solved
here. We use the Cauchy mutation rather than imadit Gaussian mutation as our
previous work has demonstrated that the formeropa$ much better than the latter
(Yao, 1999). The fitness function we take is metblyhits, the first item of the fit-
ness function for GP. The termination criterionetathere is that the maximum gen-
eration has reached.

4 Experimentsand Results

The experiments in this study were carried ou#leiis. We first ran the GP system
on each of 18 galaxy profile datasets. It is commmactice to fit in the logarithmic
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(magnitude) regime when decomposing 1D profiles. alept this approach and let
GP run to fit the model function forms to data peim the logarithmic regime for
each profile. The parameter settings for runninga@Plisted in the Table 1.

Table 1. Parameter settings used in our GP for experiments

To find a regression mathematical function

Target based on the galaxy profile given
Terminals R, 0=[-10, 10]
Non-terminals +, -, *, [, exp, sin, cos, log
Crossover rate 0.9
Mutation rate 0.01
Population size 6,000
Maximum no. of generations 100

Generation limit or Time limit, whichever

Termination criterion reached first

Selection strategy Tournament selection, Size = 6
Max depth of individual expressions 17
Hit criterion 0.005
Fitness criterion Hits — 0.01 * the length of the expression
Max depth of initial individual expressions 6
Maximum run time (hours) 6

One profile model is created after each GP rundifférent profile models with
different mathematical forms are generated in tofddey seem different in their
shapes of tree structure. Therefore, finding siityldbetween those forms generated is
needed in order to find a more generic model form.

We simplify a tree-structured function form in tivay of cutting each possible sub-
tree and replacing it by one single numerical nibdee ultimate return value of the
sub-tree is a numerical value. After the simplifica, the form has to be generalized
in the way of replacing a few numerical values byiables (e.ga, b,andc) respec-
tively.

After the generalization process, there emergavefdems with parameters that are
relatively simple. Among these forms we only selget following two simplest func-
tion formsfy, andfy, for further investigation.

fp=a+b/(c+r) (8)

fo= a +b/(b +c 1) 9)

Each of the two forms involves three parametersaj.b, andc for fy; ; a’, b’ and
¢’ for fg,, and one radius Now, we use EP to seek proper values for threanpeiers
within the both functions respectively to fit eagalaxy profile in the logarithmic re-
gime. The parameter settings for running EP atedis the Table 2.

For brevity, results of fitting parameters found B forfy; and forfy, are both
listed in Table 3.
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Table 2. Parameters used in our EP for experiments

Target To find proper parameters
Mutation rate 0.9
Population size 10,000
Maximum no. of generations 150
Termination criterion Maximum generation reach
Selection strategy Tournament selection, Size = 6
Fitness criterion Hits (maximum hit = 50)
Hit criterion 0.005

Table 3. Fitting parameters found by EP for functidgsandfg, using 0.005 as a hit criterion

Profiles foa fy
a b c a’ b’ c

1 3.7303 0.4272 1.7655 3.7681 0.1427 0.2193
2 3.7444 0.7167 4.8130 3.7886 0.0999 0.1485
3 3.7308 1.1017 6.0725 3.7700 0.1349 0.0943
4 3.6701 1.4376 6.2036 3.7276 0.1579 0.0386
5 3.6741 0.6300 3.0043 3.7073 0.1222 0.1078
6 3.6897 0.6138 2.1494 3.7272 0.1712 0.0872
7 3.6878 0.7763 4.8547 3.7316 0.1125 0.0663
8 3.7217 0.4731 2.3636 3.7547 0.1259 0.1589
9 3.7074 0.6060 2.4258 3.7347 0.1908 0.1721
10 3.6695 0.8550 2.5385 3.7093 0.2387 0.1462
11 3.6893 0.7154 5.7652 3.7253 0.0910 0.0884
12 3.6373 0.8105 3.7815 3.6796 0.1565 0.1438
13 3.6382 0.6320 2.7736 3.6808 0.1408 0.1257
14 3.6987 0.2636 2.1155 3.7096 0.0959 0.1510
15 3.6712 0.6221 2.3377 3.7002 0.1973 0.1582
16 3.6804 0.8437 2.9601 3.6999 0.2267 0.0779
17 3.6960 1.4928 4.4057 3.7479 0.2550 0.0623
18 3.6515 1.4413 4.7698 3.7065 0.2213 0.0741

Several points are worth indicating here. Firsalbf EP algorithms almost always
achieve the maximum hits: 50 (the number of daiatpdor each profile), with the
above EP parameter settings while running baseditber function forms for each
galaxy profile. This is partly attributed to a largopulation of solutions. Secondly,
unlike non-linear fitting algorithms, EP is not s#ive to the initial values provided at
all. Throughout our experiments we keep the initelles for those parameters (ae.
b, andc; a’, b’ andc’), which do not need to be tuned in order to aJaillire of a
run. This is attributed to the mutation in EP. @hir the hit criterion is one of the
most important parameter settings in EP becaudetérmines how well the resulting
models fit the empirical galaxy profile. The smaliiee value of the hit criterion is, the
better fit the resulting model could be. This v further discussed shortly.

To evaluate the accuracy and overall success oba@dehfit, we use statistical
measure, the reduced, given in (5). In general, the resultftabove 2 means that
the model does not seem to describe the empiradakyg profile very well. Otherwise,
the model is a good description for the brightrdistribution of a galaxy. We calcu-
late the reducep for each galaxy based on both functions respdyti@oth results
are shown under the columns with hit criterion 805. in Table 4.
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Table 4. The reducegt? for 18 galaxies models based on two funcfigrandfy, using two hit
criteria

_ X2 for fy X for fy
Profiles Using hit crite- Using hit crite- Using hit cri- Using hit crite-
ria =0.005 ria= 0.002 teria =0.005 ria = 0.002
1 7.4460 7.8961 11.4012 11141
2 9.1809 6.2876 12.8405 1.8633
3 8.7796 5.0199 6.3452 0.7113
4 6.8782 6.8221 2.8035 2.8385
5 4.1948 3.8105 5.7141 0.8685
6 3.1867 2.7282 3.2442 0.7194
7 9.7797 4.8050 17.9798 0.9289
8 6.8756 4.9609 11.0505 0.1353
9 5.8373 5.0018 3.4484 1.0390
10 2.8263 2.8807 1.9078 0.3318
11 34.0802 8.2256 25.2975 7.9733
12 5.8477 5.0861 7.9886 1.5150
13 7.6026 7.6528 10.6681 1.2615
14 9.1534 1.8299 13.8083 1.2896
15 5.9548 5.8170 2.1233 1.2062
16 4.8048 1.98719 3.7705 0.6759
17 2.9778 3.0106 1.3418 0.3138
18 1.2161 1.0233 0.8031 0.0796

According to the value of the reducgl only one model based ép fits the ob-
servational profile very well (i.e. galaxy 18; 8 = 1.2161<2)whereas three models
based orfy, perform well for galaxy 10, galaxy 17 and galaxg/ ds each(® is less
than 2. We may argue thigt is a better model thdg, in terms of the total number of
good model fittings. Apart from this fact, the riésuo not seem promising at all. The
poor performance is partly due to the higher hitedon we set in EP.

As mentioned earlier, the hit criterion in EP deteres how closely a resulting
model fits an empirical galaxy profile. A lower Hititerion potentially guides EP to
find appropriate values of parameters which carcmatmpirical models better. The
poor results here imply that a lower hit criterismecessary to make models better.

We then carry out a set of experiments using aleniait criterion 0.002. All other
parameter settings for EP are the same excephémaximum number of genera-
tions. We double the maximum number of generatioBQ0 as the termination crite-
rion for EP. For simplicity, results of parametedues found by EP fd, (i.e.a, b,
andc) andfy, (i.e.a’, b’ andc’) are not shown in this paper. We only list theulissof
the reduced® based on both function models to see how goodkethesultant models
are. The results are shown under the column wéhhihcriterion = 0.002 in Table 4.

With the smaller hit criterion, only three modetssbd orfy; have been found to be
fairly good because they’s calculated are all less than 2. In contrast, baséy, 16
models among the total 18 are good descriptiondoresponding galaxy profiles
except for two models, i.e. the model 4 for galdxgnd the model 11 for galaxy 11.
TheX?s of model 4 and model 11 are 2.8385 and 7.793%ctigely.

While comparing the results by using 0.005 as ectiierion, we note that more
good fitting models can be found by using 0.002dothfy; andfg, in terms of the
standard of the reduced. The number of good models found increases fraim 3

-9/11 -



for fi; and from 3 to 16 fofy,. In terms of the total number of good fitting gates
found here, we argue again tfigtis a more promising mathematical form compared
with fy; to describe 18 galaxy profiles studied here.

5 Conclusions and Future Work

In the study of galaxy formation and evolutionisiimportant to find functional forms
that best describe the distribution of starlighigalaxy images. Limitations of tradi-
tional approaches are: a) an exact mathematicatifumform must be given before
applying any fitting algorithms; b) the commonledsfitting algorithm like non-linear
reducedy? tends to be sensitive to initial values provided aore likely culminates
in wrong local minima, resulting in unsatisfactditg.

An evolutionary approach has been proposed inpaier. It attempts to overcome
the above weakness of traditional methods. Theoggbr takes two major steps to
achieve distinct goals. The first step uses a gemebgramming technique to find
promising mathematical functional forms based oseobed radial profiles of ellipti-
cal galaxies. The second step applies evolutiopesgramming aimed at finding ap-
propriate values for the parameters within the féoomd. Between the two steps, the
process of generalization is required to make trezall approach succeed. The main
novelty of the approach lies in the fact that thele procedure of modelling profiles
is a data-driven process without assuming a funatiform beforehand. This bottom
up process is particularly useful when one facdarge number of galaxy profiles
without any prior knowledge of them. It allows dodfind a good functional form first
and then to fit parameters for the functions ineortb build reasonably good galaxy
profile models.

The approach has been demonstrated on 18 galafileproiven. Two major dif-
ferent mathematical function forms are found afiitg step. Through a generalization
process, three parameters are introduced into feiackion. Parameter fittings by EP
using two different hit criteria have been carraad at its second step. Experimental
results demonstrate that a good mathematical fdayspa more important part in
finding good descriptions of galaxy profiles. O thther hand, a smaller hit criterion
is preferable to use in order to guide EP to achletter models.

In this paper, we have conducted a preliminaryystacapply our proposed evolu-
tionary approach to modelling a number of galaxyfifgs. Though initial results are
promising, the effectiveness of our approach néedser investigation. In particular,
we would like to test the effectiveness of the atiohary approach to a great extent.
The number of galaxy profile samples would be iasegl in our future study. In the
meantime, other types of galaxies should also Imsidered in our research. As two-
dimensional decomposition techniques are becomioge mromising for modeling
galaxy profiles (Wadadekar et al, 1999; Khosroslelail, 2000b), exploring the pos-
sibility of combining the evolutionary approach lwitvo-dimensional decomposition
techniques certainly merits further investigation.
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