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Abstract

This paper describes the wse of a nulti-objective
evolutionay dgorithm to sdve an ergineering
desgn problem - deermining the geometry ard
opaating setings ©r a cruher n a
comminution circuit for ore proocesang. The
outcome is a tool for conaulting emginees that
can beusel to create and expte cadidate
designs forvarious scerdos. The tool has
proved cgable of deriving desgns tat are
cleaty superior to exsting designs, piomising
significant financial bendits. The aproad is
flexible erough to be apgied to a \ariety d
similar problems.

1 INTRODUCTION

Evolutionary algorithms are hcreaingly finding
applcaions in engheeing design tasks In this pape we
descrbe a aidy, supported by Rio Tinto Ltd, which uses
evolutionay algorithms to optimise the paformance d a
comminution circuit for iron ore piocesgng. In work
reported eatier, (Hingston, 2002, a sinple ewolution
stratey algaithm was sed to sdve this problem. We
haverestted he detils of the problem descrption hee
for completeress. Inthe presenstud/, we eport on a
further developmert - amulti-objective algrithm - ard
conpare thewo approabes

The peformance of a ppcesing plnt has adrge inpact
on the profitahility of a mining operation, ard yet dart
despn deckions are ften quided more by engneerig
intuition ard previous experience ttanby analysis. Tl is
becauseplans are extemely conplex to nodel, ®
enghneersoften must rely on sinulation ools  evalae
and ompare alternaive hard-crafted designs This is a
time-consuning pro@ss and the lack ofn analytical
model mears that there is litle thearetical guidance to
narrow the searchfor better stutions. Ewvolutionary
algorithms can beof great bendit here providing a
means to search larggesgn faces ad preset the
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engneer with superior designs optimised for different
opeating scenarios.

In order to test tle goplicability of evdutionary
algorithms in this settirg, arepresetative problem was
chosen by Rio Tinto. The task was b find conbinations
of despn variables (including geometric shapes ral
machne setting) to meximise the capcity of a sinple
comminution circuit, whilst also minimising te sie of
the praduct. Earlier work in(Hingston, 2002) showed tte
effectiveness of a shgleobjective evdution stratey
algorithm for this task Howewr, the muti-objective
appoachdescibed in this paper offers cear advantges
ove the singleobjective algorithm

We begn the pape with a descrption of the poblem,
including a brief baclkground on cruhes and
comminution drcuits. Secton 3 descibes ar mapping d
the prollem to an ewolutionary algorithm, including the
genetic represetation, genetic operators ad selection
methods Section 4presats sone illustrative results.
Finally, we discuiss future erhancenerts to the systen
and plans b extend the work to include greater
complexity in the sinulation model, including circuits.

2 BACKGROUND

Crushing ard grinding of racks ard other paricles has
many important applicaions including coarse cushing
mined ae ard quary rock, fine grinding of coal for
power statim bdlers, and for production of paint,
ceranics, cenent and other neterials. It has bee
estimated that several billion tons of material is crushed
ard graund anrually (Hiorns, 191). Thus optimisatian of
crushing operations offers large potential ecoromic
benefits. Fa exanple, in the areaof energy sangs,
Napier-Munn et al ((Napier-Munn, 1996), pl) quote a
repat of the U.S. Natioral Materials Adrisary Board in
1981, which estmated that realistic improvemerts in
crushing-relatedactivities coud resut in erergy saungs
of more than 20 hillio n kWh per amum. Other benefits of
optimisation of crushing and grnding in mineral
procesang qoerations include reduced operatingeosts,
increasd throughput and thus value production, and
improved downstrearperformance.
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21 CRUSHERS AND CIRCUITS

In this section we provide a bief backgoundon crushers
and how they are usd in comminution circuits. The
interested reader codd conallt, for exanple, (Naper-
Munn, 199%) for more cktailed irformation.
“Comminution” refers to the cdlection of physical
processes thatan be applietb a strea of ore to change
the size 6 the particles in the stream Examplesinclude
crushing and grinding (which lre&k ore paricles into
smaller particles), aml screenig (Which sgarates ore nto
severalstreans of diferent paticle sizes). The purpose of
comminution is to trarsform raw ore into a mae usable
or more saleale praduct or to prepare t for further
procesang. A “comminuton cicuit” consists of a
collecion of pocesang uwits (cruders, screens etc)
connected togethefby conveyor belts, for exanple),
possibly containing loops (hence he use of the word
“circuit”). Oneor nore stream of ore(the “feed”) enter
the circuit and one or one streams of transforred
material (tke “product”) exit the circtit.

Figure 1 shows tk sinple circut that was sed in this
study. The feal comes in ona conveyor from the top left
and eners te crushe. The crushed ore is then passed
through a screerthat allowsparticles less thn32 mmto
pass throup ard report toproduct. Particles largr than
this (the ‘bversize”) arerecycled back @ the crushe
Thus te inputto the qushe is a mmbination of feed and
recirculating oversize.

The type of cruster usal here is a “cone” crusher. Figure
2 is a schergtic diagram of a typical cone cushe.
Material is irtroduced into the crisher from alove, andis
crushed as t flows downwards through the machine. The
inne crushing surfaceor “mantle”, is mountedon the

conical crushig head ad is driven in an eccentric
motion swielling aound the axis of themachine. The
oute crushing surface, or “bowl”, is Hd stationary.
Material flows into the crusing chanber from above
and is crused betwee the two surface by conpressive
forcesdue b the eccatric motion. After ompression, le
chamber widens and allows material to flow to lower
pars of the aushing chanber, ard evetually to fall
throughard exit the machine.

The gap beteenthe bonvl andthe crushing hed at the

closest pant in the cycle is called the “closedside

settig”. This can be reduced to okain a rarrower

chanber andfiner crusing. The two crubing surfaces
are coverd by replacehble seel liners (haded h Figure
2), which can be manufadured with different cross-

sectional shges. The eccdric angle and pea of

revolution of the heal can al® be aljusted. These
variables cotribute o the peformance chaacteristics of
the cruser.

22 SIMULATI NG CRUSHERS

Fitness $ ewvaluaied using asimulation d a shgle mne
crusher. The inputs to the simulation ae te:

x Physical properties of he feed (omposition,
hardness at);
X Size dstibution of the feed (he proportion of

particles in dfferert sizefractions);
Georretry of the mantle andbowl liners;
Closed-sick settim;

Rotational speed of the heal; ard
Eccentric agle of theheal.

X X X X
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Figure 2 - Schematic diagramof a mnecrusher (after (Napier-Munn, 1996) Figure 6.3)

The final four of thesewere selected sthe degin
variables for the closen problem The atputs d the
simulation arethe:

X  Size dstribution of the produd;
x  Power neededto crush the feed and

X Maximum amount of material that canflow through
the crusker without overloadng the crwsher (its
“capacity”).

From theseoutputs it is possille to calcuate the steag-
state sze dstributon o the product ard capady of a
circuit that includes the crba. These dat are used to
evaluate the fitness of propsed desgns Each evaliaion
takes aprox 300 ms on a 700MH: Pertium I11.

3 ALGORITHM

The poblem descrbed &ove is wel suied to an
evolutionay dgorithm appoach The problem canrot
easly be degribed analyticaly, but a simulation is
available that canbe usedto evaluate camlidate stutions.

The sear space is large - too large for an exhassti

search -and trere is litte to guide an ergineer in
determining good desgns for a given sceario. We chose
an ewlution strategy (ES) aproach to tacKe this
problem, asit has smilarities with other problems that
have previoudy beensuccasfuly hardled by ES In
paricular, cardidate desgns can be desived usng a
vecor of real values, and the problem involves
deermining geonefic shapes. 1Rviousdy repated
succesiul gpplications of thigype includette desgn of a
jet nozzle (Klockgethe 1970) and a flywheel (Eby,
1999.

The bast ewlution strategy algorithm has he following
steps:

1. Create annitial popuation of desigrs.
2. Evaluak the fitnessof thesedesigns

3. Creak a poplaton d chidren by mutatng the
members d the curent population.

4. Evaluate thefitnessof these ciidren

5. Select tle fittest dsigrs from the parents and
children togeher.

6. Repeat step 3to 5 urtil done.

To implemert a specific instartiation of the algprithm, we
must specify the represetation scheme to be used the
method d fitness evalaion, the natire of the mutation
operators, he selectim mecharism, ard the termiration
condition. It may ke possilde for infeasille designs tobe
genegated by mutation, in which case w must also
specifyhow o deal with thesénfeasble designs

Thesespecifications aredetailed in the renainder of this
secton.

3.1 FITNESS

The principal objective that we are tryingto maximise is
the capady of a crcuit conaining agiven cruser. The

placenent of the crushein acircuit isimportant because
a crushe that itself hasa high caacity may not be

sutable if it generates a lot b oversize material: tke

presace of this reciralating material redues therate at
which feed canbe introduced into the circut. We define

“capacity ratio” tobe theratio of the anount of naterial

enkring the ausher to the anount of feed enering the

circuit (at steady-state opei@t). A higher cagmcity ratio

correponds tamore recirculaing meterial.

The camcity of a circit may be limited by one of three
factors.

1. The cpacity of thecrusher. If a cushe hascapacity
CAP tons’hour andcaacity ratioCR, the cgacity of
the circdt will be limited by

CAP/CR

2. The power requirements of the cushe. A high
rotatioral speed in particular ddivers a la of
crushing but requires a 6t of power. If a cusherwith
maximum power output MP kWh requires P kWh to
process aircuit feedof F tons/hour, the gaacity of
the circdt will be limited by

F «(MP/P)



3. The capacity of the recirculaion @nveyor in the
circuit. If a crusher has pacity ratioCR and he
conveyor has a capacity of MR tonshour, the
capacity d the circuit will be limited by

MR/ (CR-1)

Eachof these factos pdertially limits the cagcity o the
circuit, therefore tle acta capacity will be the mnimum
of thesevalues.

Notice the mtertial trade-offs fa the various design
variables. Fo exanple, a larg cbsedside settig will

increasehte cagmcity d the cusher,but will also increase
the anount of recirculating material, raising the capady

ratio. Similarly, a high raational speedwill lead to more
crushing in eachpass though the chanber, but will also
increaselie powe requirementsof the cusker, possbly

reducing he overall cgacity.

Alongside maximising the capacity of thercuit, we also
wantto minimise he sike ofthe product. Specifically, we
define P80 to be ameasure of the size of the ‘80
percertile in the product (i.e. the sizek mm auch tat 80%
of the product is analer than k mm). For technical
reasonsa highervalue of P80 correspnds toa snaller
product, sowewantto maximiseP80.

For the purpos of he experiments reprted in this pape,
we rormalise both capady and ske figures by dividing
by the figures for a sardard design ard setings

In an earlier stay, (Hingston, 2002, we combined the
two dbjecives by defining the fitnessof a desjn as a
linear canbination of them The fitness fumtion used in
the ealier study ves:

0.05 «CAP + 0.95 P80

where CAP is the crcuit capacity, P80 is the size
measure, rd the constantsare chose to equalise the
variability of the two cmmponents Thus he fithessof the
standad design is 1.0, ard highe fitness § beter.

In the present study, we use bah dbjectives to define he

Pareto raning of adesign relative to a set d paertial

despgns. We ug the rankhg chene proposed by Fonseca
and Flenng (Fonseca, 1998), as describd in

(Veldhuizen 2000). We ddine Pared dominance for
desigrs as ftlows:

A desiq u is saidto dominate a designv iff
CAP(u)> CAP(\) andP80(u) > P80(v)

A design x is Pareto optimal with respect toa set
of desgns : iff there is o desig in that
dominatesx. Thus adesignthat is Paretoptimal

camat be improved in ary objective without

degading other ohjectives.

Finaly, the Pareb rank of a degyn x, with
respect to &4 of designs : , is the number o
designsm : which dominate x.

Thusx is Paretooptimal iff x hasa Pareb rank of 0. In
this multi-objective appoach, Paret rank rather than a
combinedfitness aue, is sed asthebasisfor selection.

3.2 INITIALISATION

The population is initialised with copies of the exsting
stardard design and settirgs. These copes are qickly
eliminated in the first few gneratiors of a typcal
execution.

3.3 REPRESENTATION

The represetation of the mechine setting - closed-side
setting, eccetric angle ad rotational speel - is

straightforward, these being real values within given

ranges. Thdest way to reresent thegeometric shapesof

the two linersis less tear. The shae of each liner is
defined by its verical crosssecton. The shape d the

machine structre dictates thshape of theBack” of ead

liner, 9 it is only the front” of eat liner (he actual
crushing surfa®@) that isrepreented.

We doseto descrbe eabh sha@e as aseries of line
segnents, usig a variable-length list of points, each
represented by a pair of coordinakes. The fist coordinae
pair for the first segnen and tte last coadinate pair for
the last sggment are fixed but ead othe coadinat is
anoher realvalued olject variable. Thus, if there aren
line segrents on he mantle and m line segnens onthe
bowl liner, then the genotype corsists of avector of

32n1 2m 1
real-valied objectvariables.

Figure 3 shows a sdes of liner pairs evolved during a
typical run.

34 MUTATION

When a paret is mutated toproduce a child, each object
variable is mutated independently using sef-adeptive
mutation ratesas ascribed in (Back 1997). Specifically,
eachobjectvariable is matated using he fornmula

Xi X; W™N;0)

where N; 01 is a nornally distributed random value
with mean 0 and stalad deviation 1,and eachstrategy
paraneter |, is muatedusing the formula

¥ K exp WN(OL) UN,(0))

whee | and Ware caosents set to 0.5 and 0.1
respectively, andN 01 is sampledonce for ead
individual

In addition, we provided mutation operabrs © increaseor

reduce the nuber of sgments in aliner. Whethe to

apply these operats isdetermired rancbmly with afixed

probahlity. The mutation to redwce tre rumber of

segnens rancdbmly sekck two adacent segnens to

merge and dards he comnon end pointThe opeator

to increase th rumber of segnerts randmly selects a
segnent to split into twousing the sgment midpoint as
the common end point. This was dme to allow the

algorithm to generate nmore camplex or simpler liner

shaes agequired.



Best P80 Best single-objective fitness Best Capacity
Gen 0 csSs:15.7 Ccss:17.5 CSS: 235
Angle: 2.35 Angle: 0.89 Angle: 1.74
RPM: 397 RPM: 466 RPM: 321
Normalised Capacity: 0.37 Normalised Capacity: 0.70 Normalised Capacity: 0.88
Normalised P80: 1.09 Normalised P80: 1.08 Normalised P80: 1.00
Gen 20 css:15.7 CsS:15.4 ©SS:19.7
Angle: 1.53 Angle: 1.45 Angle: 1.35
RPM: 354 RPM: 213 RPM: 161
Normalised Capacity: 0.83 Normalised Capacity: 1.50 Normalised Capacity: 2.21
Normalised P80: 1.12 Normalised P80: 1.10 Normalised P80: 1.03
Gen CSS: 15.0 CSS: 15.0 Css: 15.1
100 Angle: 1.56 Angle: 1.48 Angle: 1.16
RPM: 498 RPM: 173 RPM: 102
Normalised Capacity: 0.66 Normalised Capacity: 2.92 Normalised Capacity: 2.97
Normalised P80: 1.12 Normalised P80: 1.07 Normalised P80: 0.99
Gen €sS:15.0 CsS: 150 CSS:16.9
200 Angle: 1.31 Angle: 1.48 Angle: 1.24
RPM: 217 RPM: 173 RPM: 105
Normalised Capacity: 1.09 Normalised Capacity: 2.92 Normalised Capacity: 3.24
Normalised P80: 1.12 Normalised P80: 1.07 Normalised P80: 0.99

Figure 3 - A sample of ewlved liner pairs

35 CONSTRAINTS

There are a aiety o feasiblity constraints upon
potential desgns. These can be categoriseds follows:

Phystal constaints The squencesof coordinake pars
must descrbe shges hat make senseoperatonally. In
particular, the liners must have at least a certaithickness
to be practical. W& foundthat this constaint wasviolated
sorarely that it is not worth the canputatioral expense to
do the crecking. If the final sdution returnedviolates tlis
constraint, lte algorithmcan sinply be rerun.

Seting ®nstraints Each machne settig must ke
corfined to a given range. This is doneby repar — any
value that is toolow is set tathe minimum value for that
setting, ard any that is t@ high is set tothe maximum
value.

Modeling @nstraints The cruder smulation is very
complex ard assumes (sanetimes implicitly) that liners
have “sensibe” shges. 1o keep our designsn the
“sensble” region, we imposeal a haristic constaint that
the segence of x-coordinaes ard the sequence of y-
coordinategor each liner alays chagemonobnically.
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This constaint is enfaced by reparing any coordinaie
that violates e constraintat the tine of creationEven
so, he simulation occasbnaly fails. In these cases,he
desgn is assuned to be ronsensical and both capadiy
andP80 are asigned an abysmal value of 0.

36 SELECTION

Sekcion is done using the standad (O+ B-selection
mechansm of evoltion strategies, wth O= P= 1. Each
member of he curent generation beomes te parat of
one child, and tlose with lowest rank areselected from
the paens and dildren @mbined becane the nex
geneation. That is, each member of the current
geneation beomes the parentof one chid, ard the bes
individuak sdeced from the ©mbined parents ad
children becme the next generaton.

4 RESULTS AND DISCUSSION

In this secton, we describe an exanple setof runs of the
systen that is indicative of the peformance on test
problems. We ranthe systenfive times witha pgulation
size of 50for 200 gamerationson each run.

Figure 4shaows the final Pareb fronts for the sample runs.
In all cases gyood range of desigrs is found, showing
different tradeoffs of the wo objectives

Figure 5 shows the noverrent of the Paeto front during
Run 5 from Figure 4. Nde that whle the frorts for
Generations 100 and 200appear to cross, no dsign in
Geneaton 200 is acualy donminated by one n

Gergeration 100 Same designs in Gereration 100 are still
preset in Generaton 200 (indeed one desgn in
Gereration 20 is stil presen), ard the use é lines to
interpolate ketween tle poplation members creates th
illusion of a cross-ove The situation is gacerbatedy
the dfficulty in improving P80 values beyond a c&in
level: this has been onfirmed by expeliments where
maximising P80was he sde objective.

Figue 3 shows a sanple of evolved liner pairs ad
setingsfrom anoherrun. The firstrow shows liners from
Geneation O, a sekcion d random mutations on the
standad desgn. The middle rovs sow liners from part
way through the run, and tke final row shows liners from
the final Paretofront. The first cdumn shows tle design
with the best P80, while the last cdumn shows the design
with the best capacity. Thesecond oclumn shows he
designwith the highest fitressaccording tohie conposite
measure uskin (Hingsbn, 2002).

Figure 6 shows the user intgce during theexecution of
a typical run. The op right corner rows ascater plot of
the curret generation inobjective-pace The user ca
select a prticular design in the dot to view its cktails
elsewhee on the scree Thetop left corne depicts the
selectedcrusher ina circdt: it shows tre liner shape and
the material flows through eaclpart of the circuit. The
usercanclick on one of thes flows © view a grgph of
the size dstribution of the crregponding ore streanThe
bottom left correr slows e settigs andfithess fo the
selected design. He bottom right corne has vaious
contolsfor the paameters ofthe sytem
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The true multi-objective appoach used in this stud/
offers clear bnefits in this agplication over the sinpler
approach of usinga conbined fitness function as in
(Hingston, 20(2). It removes the reed for aritrary
weightings, which engneers lave troulde specifying in
advance. There is no need to sapely pply capacity
constrairts, asnon-daminated sdutions inevitally satisfy
the constraints anyway. The wser interface povides an
intuitive visualisation for engireers, ealing themto see
the effectsof tradng off the dfferent oljectives onthe
evolved designs.

5 FUTURE WORK

The work repated here is still in the eary stags of its
developmert. While the reslts olktained so far are
excellent, many enhacememts ard extensions ae
envisaged.

Plannal enhancenens to the crisher Smulation are
likely to make it run an order of magnitude slower. We
may then neito develop pecial strategies topsedup
the evdutionary algorithm. Onre possibility is to use
faster, nore approxinate models early in the saah,
using a scheme smilar to the injection islaml genetic
algorithm descrbed in (Eby, 1999).

Another aim is to include, agpart of the task, the desgn
of the circuit itself - that is, to co-evive cruslers, screes
and other processing units and heir setings, as wélas
the pettern of conveyors canecting them together. Ths

brings n element of nework desgn, arother gplicaion
area n which evolutionay algorithms have been
succeshul (seee.g. (Gross1996)). Theconcurrentlesgn
of this network and the machnes wihin it will be
challenging, but the potertial reward arehuge.

6 CONCLUSIONS

In this pgper we have @scribed a stidy in the applicaion
of multi-objective ewlutionary algrithms to a dfficult
pracical engneerng desgn problem. Our system
determines tre liner profiles and operating settirgs for a
crusher in a comminition circut. Initial resuts promise
significant financial benefits.

In many ways, tlis prodem is an i@al application for

evolutionay algorithms - the payoff is high; the poblem

is too complex to sdve aralytically; the searctspaceis

too large b explore waided; we hae a wel defined

evalaton function and a staightforward represatation

schene, sutable for manipulation by geneic opeators.

Many challenges rerin in incorporating more realismin

the poblem definition (for exanple, including vaiety in

feed properties, interactiors with other plant etc) and
validating the predcted performance withfield trials.



Figure 6 -The uselinterface othesystem
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Abstract

In this paper, v learn to discover conposte
operatorsarnd featues that are ewlved from
combinations of primitive image processiiy
operations to extract regons-of-interest(ROIs)in
images Our approachis bagd on genetic
programming (GP). The motivation for using GP
is that thereare a geat nany ways of conbining
theseprimitive operations ard the human expert,
limited by experierce, knowledge ard time, can
only try a very small number of conventional
ways of combination. Geretic programming, on
the other hand, attempts many unmnventiond
ways of combination that nmay never be imagned
by human experts In some cags thee
unconventional combinations yield excegionally
good resits. Our experimental results show that
GP can find good conposte operatrs, that
consist of primitive qoeratars designed in this
paper, to dectiely exract the regons of
interest inimages anl the learred composite
operatars canbe applied to exract ROIsin other
similar images.

1 INTRODUCTION

Olect detection is an importart intermedate stepto
object recgnition. The task of object cetection is to
locate ad exract regons from animage that may cortain
potertial objects Thee redons are called reigns of
interest (ROIs) or object chips. The quality of object
detection is dependert on the kind ard quality of featues
extracted from an image. There are rany kinds of
featues that can be exracted. he qguedion is what are
the appropriatefeatues or how to g/nthesize featues
particularly useful for detection, from the pimitive
featues extracted fom an image. The arswer to thee
questians is largely dependert on the intuitive instinct,
knowledge, prevous experierce aml ewen the bias of
humanimage experts

In this paper, we usegenetic programming (GP) to syn-
thedze conpodte featues which are tle ouput of com

poste operabrs, to periorm objectdetecion. A conposte
operatar consists d primitive qoeratas ard it can be
viewed as a cobination of primitive operations on im-
ages The basc approachs to applyaconposte operator
on the aiginal image a primitive featue images gener-
ated fom the orignal ore, then the output image of the
composite ogperatar (called composite featue) is seg
mentedto obtaina binary image or nask to exract tte re-
gion cortaining the obgct fom the original image. The
individuals in or GP ba®d learning are corposte opera-
tors repreented by binary trees whose internal nodes
represen the presspecified primitive qeratas arm the
leaf nodes repesen the aiginal image or the primitive
featue images. The pimitive featue images are pre-
deternined, ard they are mt the ouput of the pre-
specified primitive geratars.

2 MOTIVATION AND RELATED
RESEARCH

21 MOTIVATION

In most imagng applicatiors, an expert desgns an ap-
proachto exract ROIs from images The approacleanof-
ten be dissectedinto same primitive qoerations on the
original image or a %t of related éatue images obtaired
from the aiginal one. It is thke expert who, relying on
his’her rich experierce, figures out a gnart way to com
bine thes prinitive operatios to acheve good reallts.
The task of finding a gpod approachs equvalent to find-
ing a good poin in the sarchgpace ofconposdte opela-
tors formed by the canbination of primitive geratars.

The number of ways of combining primitive geratas
is almost infinite. The human expert canonly try a \ery
limited number of combinations ard typically only the
conventional ways of combination are tried. However, a
GP may try many unmnventiond ways of combining
primitive operations that may never be imagned by hu-
man experts. In same cases, its the unconventional ways
of combination that yield exceptonally good resits. The
inherent parallelisn of GP ard the peed ofconputersal-
low the portionof the sarchspace eploredby GPto be
much larger than that by humen experts. Although only a
very small portion of the gace istried by GP, the sarch
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performed by GP is not a ramlom search It is guided by
the goodress of conposte operatrs in the popdation.
As the searchgoeson, GPwill gradwelly shift the popla-
tion to the portionof the gace cotaining good operators

22 RELATED RESEARCH AND OUR
CONTRIBUTION

Gendiic programming, an extension o gendic
algorithm, was first propoed byKoza n [1]. In GP, the
individuals can be binary trees grapls or ome other
conplicated structures of dynamically varying sze. Rli
[2] used GP to develop effective image filters to erhance
ard detct featres of interes or to buld pixel-
classifcation-based segnertation algorithms. Starhope
ard Daida [3] wed GPparadigns for the generation of
rules for target/cluter classifcation ard rules for the
idertification of objects. T perform these tas,
previously defined feature sds are generated on various
images ard GP is used to slect relewant featues ard
methods for aralyzing these featues Howard et al. [4]
applied GP to auomatic detection of ships in low-
resolution SAR imagery using an approachthat ewvolves
detecbrs Robers ard Howard [5] used GP to dewlop
auomatic object detectorfn infrared inages

Unlik e the work of Starhope an Daida [3], Hovard et
al. [4] ard Robers ard Howard [5], the input ard ouput
of eachnode ofthe tree inour systemareimages not real
numbers. Also, the primitive featues afined in this paper
are nore ¢eneral ard eager to conpute thanthose usedin
[5]. In summary, the primitive qoeratars and primitive
featues desgned by us are \ery basc ard donain
indepenlert, not specific to a knd of imagery. Thus, our
systemcanbe applied to a we \eriety of images

3 TECHNICAL APPROACH

In o GP basd approachindividuals are conposte
operators which are represrted by binary trees The
searchgpace of GP is the pace ofall posible conposte
operatars. The smce is ery large. In order to illustrate
this, corsider oy a gecial knd of binary tree, where
eachtree las exactly 30 irterral nodesard ore leaf node
ard eachinterral node has orly ore child. For 17 prini-
tive operatas ard only one pimitive featue image, the
total number of swch trees is I, It is extrenely difficuit
to find good operatorérom this vast space uless ore has
a snart ®archdrategy.

3.1 DESIGN CONSIDERATIONS

There are five maor desgn corsideratiors, which
involve determning the set d ternminals, tre set 6
primitive geratars, the fitness neasue, the parameters
for controlling the run, ard the criterian for terminating a
run.

The Set of erminals: The setof terninals wsed in
this paper are seen primitive featue images gnerated

from the aiginal image: the first e is the original
image; the otters are neanard gandarddeviationimages
obtained by appling templates of sizes3 3,5 5ard 7 7.
These imagesare tle input to the conposte operatorsGP
determines vhich operations are aplied on themard how
to combine the resuts. To get the mean image, we
trarslate tte tenplate acros the orignal image and use
the awrag pixel value of the pixels cowered by the
tenplateto replace th pixel value ofthe pixel covered by
the cerral cell d the tenplate. To get the stardard
dewvation image, we just conpute the gjuare root ofthe
pixel value dffererce tetweenthe pxel in the aiginal
image ard its correpording pixel in the meanimage.

The Set of Primtive Operators: A primitive
operabr takes one or to input images performs a
primitive qperation on them ard staes tlke resit in a
resdtant image. Curertly, 17 primitive @eratas are
used byGP to conpos conposte operabrs.

In the following, A ard B are images of the same size
ard c is a corstart. For operatorssuch as ADD_OP,
SUB _OP, MUL_OP, etc ttat tale two images as input,
the operabns are perdrmed onthe pixel-by-pixel bass.

1. ADD_OP: A + B. Add two imagespixel by pixel.

2. SUB OP. A-—B. Subtract image Bfromimage A

3. MUL_OP. A* B. Multiply images Aard B.

4. DIV_OP. A/ B. Divideimage A by image B (If the

pixel in B has value Q the correspnding pixel in the
resutant image tales the maximum pixel value in A).

5. MAX2 OP. A max B. The pxel in the resutant
image tales the larger pixel value ofimagesA ard B.

6. MIN2_OP: A min B. The gxel in the resiltant image
takes the snaller value d pixels inimages Aard B.

ADD_CONST OP. A +c. Ircreag pixel value byc.

SUB CONST OP:. A -c. Decreas pixel value byc.
MUL_CONST OP. A * c. Multiply pixel value by c.
0. DIV_CONST OP: A/ c. Divide pixel value by c.

11. SQRT_OP gyrt(A). For eactpixel p with value v, if
v 0, charge its value to./v. Otherwise, to
V.

12. LOG_OR log(A). For eaclpixel p with value v, if v
0, change its value tolog(v). Otherwise, to-og(-v).

13. MAX_OP. max(A). Replace tle pixel value by the
maximum pixel valueina3 3,5 5 or 7 7 neighbor-
hood.

14. MIN_OPR min(A). Replace te pixel value by the
minimum pixel valueina3 3,5 5 or 7 7 neighbor-
hood.

15. MED_OP. med(A). Replace tke pixel value by the
median pixel value ina3 3, 55 or 7 7 neighbor-
hood.

16. REVERSE OP: rev(A). Reverse the pixel vaue.
Suppog the meximum ard minimum pixel values of

B o ®



image A are Vmax and Vmin respectively. If a pixel representing this operator is randomly selected, then the
has value v, change its value to Vmax —v + Vmin.  subtree rooted at this node is deleted, including the node

17. STDV_OP: stdv(A). Obtain standard deviation imageselected. Another binary tree is randomly generated and
of image A by applying a template of siz8,35 5 this tree replaces the previously deleted subtree. The re-
or77. sulting new binary tree represents a new composite opera-

tor. This new composite operator replaces the old one in

The Fitness Measure: The fitness value of a the population.

composite operator is computed in the following way.

SupposeG and G’ are foregrounds in the ground truth 3.3~ STEADY_STATE AND GENERATIONAL

image and the resultant image of the composite operator ~ GENETIC PROGRAMMING

respectively. Len(X) denote the number of pixels within |n steady-state GPtwo parental composite operators are
region X, then Fitness = n(®&’) / n(G ~ G’). The  selected on the basis of their fitness for crossover. The
fitness value is between 0 and 1. & and G’ are  children of this crossover, perhaps mutated, replace a pair
completely separated, the value is 0;Gfand G’are  of composite operators with the smallest fitness values.

completely overlapped, the value is 1. The two children are executed immediately and their fit-
o ness values are recorded. Then another two parental com-
Parameters andTermination: The key parameters nosite operators are selected for crossover. This process is

are the population size M, the number of generations Nepeated until crossover rate is satisfiedgémerational

the crossover rate and the mutation rate. GP, two composite operators are selected on the basis of
The GP stops whenever it finishes the pre-specifietheir fitness values for crossover. Then, two composite
number of generations or whenever the best operator @perators with the smallest fithess values, among those
the population has fitness value greater than the fitnegbat have not been selected for replacement, are selected.

threshold. They will be replaced by the children of the crossover. At
this time, the replacement has not occurred. The above

3.2 REPRODUCTION, CROSSOVER AND process is repeated until crossover rate is satisfied. A
MUTATION composite operator may be repeatedly selected for cross-

) over, but it cannot be repeatedly selected for replacement.

The GP searches throutite space of composite opera- after crossover operations are finished, all the children
tors to generate new operators, which may be better thagsyited from the crossover operations replace all the
the previous ones. By searching through the compositgomposite operators selected for replacement at once. In
operator space, GP gradually adapts the population @fqdition, we adopt an elitism replacement method that
composite operators from generation to generation angppjes the best composite operator from generation to
improves the overall fithess of the whole POpU|a“°n-generation. The steady state and generational genetic

More importantly, GP may find an exceptionally good programming algorithms are given in the following.
operator during the search. The search is done by per-

forming reproduction, crossover and mutation operations. Steady-state Genetic Programming:

The initial population is randomly generated and the fit- _
ness of each individual is evaluated. 0. randomly generate population P and evaluate each

composite operator in P.

for gen = 1 to generation_num do
keep the best composite operator in P.
perform reproduction to generate population P’
from P.
number_of crossover = population_size * cross
over_rate / 2.

The reproduction operation involves selecting a comy
posite operator from the current population. In this re-’
search, we use tournament selection, where a number g'f
individuals are randomly selected from the current popu-"
lation and the one with the highest fitness value is copieg
into the new population. '

To perform crossover, two composite operators are s&- fori =1 to number_of_crossover do
lected on the basis of their fitness values. These two con- select 2 composite operators from P’ based on
posite operators are called parents. One internal node in their fithess values for crossover.
each of these two parents is randomly selected, and tie select 2 composite operators with the lowest
two subtrees with these two nodes as root are exchanged fitness values in P’ for replacement.
between the parents. In this way, two new composite of8. perform crossover operation and let the 2
erators, called offspring, are created. offspring composite operators replace the 2

. o composite operators selected for replacement.
In order to avoid premature convergence, mutation i P P P

introduced to randomly change the structure of some of i rgugg?grs'?rofne:g@sgsgcerthtﬁer?omposne
the individuals to help maintain the diversity of the popu- 0 er:form mutation on the 2  offsorin
lation. Once a composite operator is selected to perforr}l ' P pring

mutation operation; an internal node of the binary tree end operators with probability mutation_rate.
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4 EXPERIMENTS
Various experiments were performed to test the effidepth is 21. It has eight leaf nodes, two contains the origi-

randomly generate population P and evaluate eac

for gen = 1 to generation_num do

execute the 2 offspring composite operators anérest from real SAR (synthetic aperture radar) images
evaluate their fitness values. and color images. In this paper, we show some selected
end // loop 5 examples. It is to be noted that the training and testing
if  mutation is performed on the compositeimages are different and the ground truth is used only dur-
operators from the whole population P’ ing training. In all the experiments, the maximum size of
then composite operator is 30 and the threshold value used in
perform mutation on each composite operatosegmentation is 0.
with probability mutation_rate.
execute and evaluate mutated composit&l REAL SAR IMAGES

operators.

end In the four experiments with real SAR images, the
let the best composite operator from population FPOpulation size is 100, the number of generations is 100,
replace the worst composite operator in P'. the crossover rate is 0.6, the mutation rate is 0.1 and the
let P =P’ selection type is tournament selection. In each experi-
if the fitness value of the best composite operatdhent, GP is invoked ten times with the same parameters
in P is above fitness threshold value then and the experimental results from one run and the average
stop. performance of ten runs are reported in Table 1. We select

end the run in which GP finds the best composite operator
end //loop 1 among the composite operators found in all ten runs to re-
port. The first two rows show the fitness value of the best
Generational Genetic Programming: composite operator and population fitness value (average

p;itness value of all composite operators in the population)

in the initial and final generations in the selected run. The

numbers in the parenthesis in the “Best fithess” columns

are the fitness values of the best composite operators on
the testing SAR images. The last two rows show the aver-
age values of the above fithess values over all ten runs.
“rhe regions extracted during the training and testing by

Lthe best composite operator from the selected run are
shown in the following examples.

composite operator in P.

keep the best composite operator in P.

perform reproduction to generate population P’
from P. (crossover and mutation are performed o
population P’)

number_of crossover = population_size
crossover_rate / 2.

perform crossover number_of_crossover times and

record 2 * number_of crossover composite . d. The i ins hori | q d and
operators to be replaced. tain road. The first one contains horizontal paved road an

perform mutation on the composite operatorsﬁeld; the second one contains vertical paved road and
generated from crossover or on the compositegraSS; the third one contains unpaved road and field.
operators from the whole population. If a Training is done using the image shown in Figure 1(a)

composite operator is mutated, recorded it for later®"d t€sting is performed on images shown in Figure 3(a)
exec?.ltion. P and 3(c). Figure 1(b) show the ground truth provided by

execute offspring composite operators from crosdhe user, and the white region corresponds to the road.

over and the mutated composite operators and The generational GP was used to generate a composite
evaluate their fitness values. operator to extract the road. The fithess threshold value is
put offspring composite operators from crossove0.90. Figure 1(c) shows the output image (corresponding
in P and remove the composite operators selectedo training image 1(a)) of the best composite operator in

Example 1. Road Extraction: Three images con-

for replacement from P’. the initial population, and Figure 1(d) shows the binary
let the best composite operator from population  image after segmentation. The output image has both
replace the worst composite operator in P’. positive pixels in lighter shade and negative pixels in
letP =P darker shade. Positive pixels belong to the region to be
if the fitness value of the best composite operataxtracted. The fitness value of the best composite operator
in P is above fitness threshold value then in the initial population is 0.47 and the population fitness
stop. value is 0.19. Figure 1(e) shows the output image of the
end best composite operator after 100 generations and Figure
end //loop 1 1(f) shows the binary image after segmentation. The fit-

ness value of the best composite operator in the final
population is 0.92 and the population fitness value is 0.89.
The best composite operator has 30 internal nodes and its

cacy of genetic programming in extracting regions of inal image and the other six contaif fnean images,



Table 1. The Performance of Genetic Programming on Vari ous Examplesof SAR Images

Road Lake River Field
Best fitness | Population Best Population Best Population Best Population
fitness fitness fitness fitness fitness fitness fitness

Initial 0.47 0.19 0.65 0.42 0.43 0.21 0.62 0.44
fitness
Final 0.92 0.89 0.93 0.92 0.74 0.68 0.87 0.86
fitness (0.92, 0.89) (0.92) (0.84) (0.68)

Ave. Intal 0.47 0.18 0.73 0.39 0.37 0.11 0.65 0.41
fitness

Ave. Fina 0.81 0.76 0.92 0.87 0.68 0.58 0.84 0.77
fitness

which ae very usdul in the noise reduction. It is shavn
in Figure 2, vwhere AM_IMO is original image ard
PF_IM3is5 5 meanimage. It isposible to fave a nore
compact tree repesetation of this canposite operatar.
We appled the conposte operabr obtained in the
abo\e training to the otler two real SAR imagesshown in
Figure 3(a) and 3(c). Fgure 3(b) $ows the redgon ex
(a) pavedroad vs field (b) ground truth tractedby the conposte operator fom Figure 3(a) ad
the fitnessvalue of the regon, which is 0.92. Figure Jd)
shows the regon extracted bythe conposte operator
from Figure 3(c) ad the fithes value of the regon,

which is 0.89.
(c) best initial image (d) segnented image
(a) pavedroad vs. (b) road detection
grass (fitness 0.92)
(e) best final image (f) segmented image
Figure 1. Training real SAR image comnaining road.
(LOG_OP(MIN2_OP (MED_OP(MAX_OP(MAX_OP
EI\DAQ/X(_:(())T\IST . ID(MAX_%I\D/IAX oéMUL_C?MNAS)I_gg () unpa:c\_/eltjj road vs. (d) road detection
_ _ _ _ ie fitnes 0.8
(DIV_CONST_OP (MAX_OP (MAX_OP . . : ( 9 .
(MUL_CONST OP (MAX_OP (MUL_CONST OP Figure 3. Testing real SAR |_magesand corregponding
(ADD_OP (SUB CONST OP (MAX2 OP PF IM3 road detection resilts.

PF_IM3)) (LOG_OP (MIN2_OP PF_IM3 (STDV_OP

PEIMODMN))) (DIV_CONST OP (ADD_OP Example 2. Lake Extraction. Two SAR images

cortain lake. The first one conains a lake ard field, ar
Efgz_g%NST_(SATNZ(N(IDAI\DXZ_OF; “I\D/II:—;TIMB (sl?r%\l/Mg)% the £cord ore conains a lale and gass. Figure 4(a)
PE IM_O))))))) - - - shows the orignal image conaining lake ard field. Figure

- 4(b) shows the ground truth provided bythe wser, am the

white regon carresmnds to the lake to be extracted Fig-

Figure 2. Learned conposte operator tree in ure 5(a) Hows the image cortaining lake and gass.

LISP notation.



We used the SAR image coraining the lake ard field
asthe training image ard applied tle conposte operator
generated by GP to the SAR image containing the lake
ard gass. The deadystate GPwas used to generate the
comnposte operabr ard the fitness threshold value is 0.95.
Figure 4(c) shows the regon exracted bythe bes com
poste operatorin the intial popuation after ssgmena-
tion. The fitness due d the best canposite operatar in
the initial popuation is 0.65 ad the popuation fitnes
value is 0.42. kgure 4(d) dows the regon extracied by
the bes conrposte operatr in the final popuation (it is
found after 65 generations) after segnertation. The fit-
ness value of the best camposite operatar in the final
popuation is 0.93 anl the popuation fitness value is 0.92.

We then aplied the camposite operatar to the image
containing a lake and grass. Figure 5(b) shavs region ex-
tractedard its fithess \aue 092.

(a) lake vs. field (b) ground truth

(d) final segmented
image

(c) initial segnented
image

Figure 4. Real SAR image comnaining lake and field.

(a) lake vs. grass (b) segmented image

(fitness 0.92

Figure 5. Testing Real SAR image cotaining lake and
grass.

Example 3. River Extraction: We have two SAR
images cortaining river ard field. Figure 6(a)ard 7(a)
show the original images ard FHgure 6(b)ard 7(b) show
the ground truth provided by the use. The white region in
Figure 6(b) ad 7(b) correpords to the river to be ex
tracted.The SAR image shown in Figure 6(a) vas used as
the training image by GP. GP generated a cormposte op-
eratorto extract tre river in the image. Thenthe conpos

ite operatar was applied to the SAR image stown in Fig-
ure 7(a) to tesits efficacyin extracting the river.

(a) river vs. field (b) ground truth

(c) best initial (d) best final
segmentation segmentation
Figure 6. Training real SAR imagescontaining

river.

(a) river vs. field (b) ground truth

(c) conposte
operator output

(d) segmented image
(fitnesss (B4)

Figure 7. Testing real SAR imagescontaining river.

The steadystate GP was used to generate the conpos
ite operatar ard the fitness tinestold value is Q85. Figure
6(c) $ows the regon extraced bythe bes conposte op-
erator inthe intial popuation after ssgmentation The fit-
ness dlue d the kest canposite operatar in the initial
popuation is 0.43 aul the popuiation fitness value is 0.21.
Figure 6(d) sows the regon extracted bythe bes com
poste operabr in the final popuation (it was found after
40 generations) after segnertation. The fitnessvalue of
the bes conposdte operabr in the final popuation is0.74
ard the popuation fitness value is 0.68. The fithess value
of the bed conposte operatr in the final popuation is
not very good. Two reasns accout for this. First, the
river in Figure 6(a) accouts for only a snall percemage
of the total area irthe image. Secod, there are some is-
lands in the river. These islads are siriar to the field,



i.e., pixels belong to the islards have similar pixel values
to those belogy to the field, bu they are mt excluded
from the ground truth.

We applied the canposite gperatar to the image shown
in Figure 7(a). Figre 7(c) ows the ouput image of the
conposte operaor. Fgure 7(d) siows the redgon ex
tractedafter segnerntation ard its fitness @ue 084. This
number is larger thanthe fithess aue in the trairing. The
main rea®n is that the river in Figure 7(a) accounts for a
much larger percemtage of the total area ofhe image than
that in Figure 6(a).

Example 4. Feld Extraction: Two SAR images
contain field ard gas. Figure 8(a) ard 9(a) $ow the
original imagesard FHgure 8(b) ad 9(b) $iow the ground
truth. The white regon in Figure 8(b) ad 9(b) corre-
spordsto the field to beextracted. VW corsider exractirg
field from a SAR image conaining field ard gas asthe
most dfficult task anong the four experiments with the
SAR images dnce tte gas ard field aresimilar to each
other. We used the SAR image in Figure 8(a) aghe train
ing image and applied the canposite operatar generated
by GPto the SAR image inFigure 9(a).

(a) field vs grass (b) ground truth

(c) conposte operator (d) best initial

output (initial) segmentation
(e) conposte operator (f) best final
output (final) segmentation

Figure 8. Training real SAR image containing field
and grass.

The generationd gendic programming wes usel to
generate tle canposite operatar ard the fitness tihestold
value is 0.85. Figire 8(c) sows the ouput image of the
beg conposte operator inthe intial popuation. The fit-

ness dlue d the kest canposite operatar in the initial
popuation is 0.62 aul the popuiation fitness value is 0.44.
Figure 8(d) siows the regon extractedafter ssgmertation
Figure 8(e) $1ows the ouput image of the beg conposte
operabr in the final popuation ard Fgure 8(f) shows the
regon extractedafter segmertation The fithess value of
the bes conpodte operabr in the final popuation is 0.87
ard the populiation fitness value is 0.86. Fgure 8(c)is
very dark. One may not see anything meaningful in this
image. The reasa is that alnost all the pixels in this im-
ace have very low pixel values. Sone pixels have positive
pixel values bu the pixel valuesare closg to 0.

We applied the canposite operatar to the image inFig-
ure 9(a). Figre 9(c) sows the ouput image of the com
poste operabr. Fgure 9(d) fiows the regon extracied af-
ter segnertation ard its fitness aue 068.

(a) field vs. grass (b) ground truth

(c) conposte operator
output

(d) final segmentation
(fitn ess 0.68)

Figure 9. Testing real SAR image cotaining field and
grass.

42 COLOR IMAGES

In this sibsection, we attenpt to generate a coposite
operabr to extract the dradowof a persn from an RGB
color image. The generated composite operatar was then
testedon two other similar images.

Figure 10 shows the image used for training ard the
ground truth provided bythe wser. We doft show a color
image, ratler the RED, GREEN ard BLUE plaresof the
color image in Figure 10(a),10(b), 10(c) regectively.
The RED, GREEN and BLUE plares of the color inage
are gay scale inensity imagesand they are sed asprimi-
tive featue imagesin this experinment.

The generationd gendic programming wes usel to
generate the conposte operabr. The popuation size is
200, te rumber ofgeneration is 200,the fitness threshold
vaue is 080, the cresswver rate is OL ard the mutation
rate is 0.05.

Figure 10(e) bBows the regon exracted bythe bes



(a) RED plane (b) GREEN plane

(c) BLUE plane (d) ground truth

(e) initia| segmentation (f) final segmentation

Figure 10. RED, GREEN and BLUE planesof RGB
color image u®d in training.

(a) teging image 1 (b) teging image 2

(c) extracted region (d) extracted region

Figure 11. GREEN planesof teging RGB color images

composte operator irthe intial popuation after segmen
tation. The fitnessvalue d the best canposite gperatar in
the initial popuation is 0.28 ad the popuation fitnes
value is 0.16. Fgure 10() shows the regon extracied by

the be$ conposte operatr in the final popuation after
segnertation. The fitness aue d the best canposite op-
erabr in the fina popdation is 0.80 al the popuation
fitnesvalueis 0.76. @ found a good conposte operadr
to exract the dradow

The conposte operabr generated by GP was then ap-
plied to arother two similar cdor images totest its effi-
cacy in exracting the dradow The GREEN plares of
these two color images are $iown in Figures 11(a) ad
11(b). When the composite operatar is aplied to extract
shadow regons in these two color inmages the RED,
GREEN and BLUE plares of the color images are tle
primitive featue images wed by the composite operatar.
The tesing resilts are $iown in Figure 11(c) and Figure
11(d). The fitness @ues br these two resuts were 0.76
ard 0.54 repectively. It can be ®enfrom thee images
that the canposite operatar generatedby GPis cambe of
extracting shadows in the cdor images sinilar to the
color image wsed intraining.

5 CONCLUSIONS

Our experimental resuts stow that the grimitive qpera-
tors seleced byus are efecive. GP canfind good com
posite gperatars to extract the regons d interestin anim-
ace ard the conpodte operatorsanbe appliedto extract
ROIs in other smilar images In ou experinents, we did
not find ary sgnificart difference betveen the geady
state and generationd genetic programming dgorithms.
In the future, we plan to exend this work by designing
smart crossover ard mutation operatrs ard discovering
new featueswithin the regons d interest ér auomated
object recgnition.
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U. S.government.
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Abstract defects, leading to poor decisions, leading to Pnancial dete-

rioration and Pnally resulting in corporate collapse [3] [20].
Most attempts to predict corporate failure implicitly assume
that management decisions critically impact on Prm perfor-
mance [5] [20]. The premise of this paper is that a series of
formation drawn from Pnancial statements. A sam- poor decisions lead to a deteripration inthe Dnancia_l health of
ple of 178 publically quoted, failed and non-failed the D'rm and pnally to its demse. Although the decisions are
US brms, drawn from the period 1991 to 2000 are npt directly observable, their consequent affect on the pnan-
cial health of the Prm can be observed.

This study examines the potential of Grammatical
Evolution to uncover a series of useful rules which
can assist in predicting corporate failure using in-

used to train and test the model. The preliminary
Pndings indicate that the methodology has much  Previous studies have utilised a wide variety of explanatory
potential. variables in the construction of corporate distress mddels
including variables drawn from the Pnancial statements of
bPrms, from Pnancial markets, general macro-economic vari-
1 Introduction ables [29], and non-Pnancial, Prm-specibc information, in-
cluding director turnover [27]. In this study, we limit our at-
The objective of this study is to determine whether an evolutention to information drawn from the Pnancial statements of
tionary automatic programming methodology, GrammaticalPrms.
Evolution, is capable of uncovering useful structure in Pnan-
cigl ratio information which can be used to predict corporate; 1 potential for application of evolutionary automatic
failure. programming
Corporate failure is an essential component of an efbcient
market economy, allowing the recycling of bnancial, humanT here are a number of reasons to suppose that the use of an
and physical resources into more productive organisation§volutionary automatic programming (EAP) approach such as
[10] [32]. However, many parties including shareholders,Genetic Programming (GP) or GE can prove fruitful in the
providers of debt Pnance, employees, suppliers, customergrediction of corporate failure. The problem domain is char-
managers and auditors have an interest in the Pnancial heafi§terised by a lack of a strong theoretical framework, with
of organisations as corporate failure can impose signipcarfiany plausible, competing explanatory variables. The selec-
privatecosts on all these groups. Even where total failure cartion of quality explanatory variables and model form repre-
be averted by brm reorganization, the costs of major restrucsents a high-dimensional combinatorial problem, giving rise
turing can be as high as 12% to 19% of brm value [41]. If at0 Potential for an EAP methodology. Use of EAP also facil-
trajectory leading to corporate failure can be identiped sufpifates the development of complex btness functions including
ciently early to allow successful intervention, these costs caffiscontinuous, non-differentiable functions. This is of partic-
be reduced. [14] suggest that indicators of corporate failuré!lar importance in a prediction domain as btness criteria may
can be present up to ten years prior to bnal fa"ure, providbe Comp|eX. Genel’a”y, the cost of misclassibcations of fail-

ing an opportunity for construction of models which predict ing / non-failing brms will be asymmetric. Another useful
corporate failure. feature of an EAP approach is that it can produce human-

) ) readable rules that have the potential to enhance understand-
Corporate failure can arise for many reasons. It may occUjng of the problem domain.

due to a single catastrophic event or it may be the end result

of alengthy process of decline. Under the second perspective, 1[3] and [22] provide good reviews of the development of empir-
corporate failure is a process which starts with managemerital research in bankruptcy prediction.



1.2 Motivation for study have included neural networks [34] [33] [40], genetic algo-

rithms [39] [19] and hybrid neural network / genetic algorithm
This study was motivated by a number of factors. Although amodels [6].

substantial volume of research utilising traditional statistical

modelling techniques has been undertaken in the corporat® { pe nition of Corporate Failure

failure domain, to date only a limited number of studies have

applied GA / GP methodologies [39] [19] [6]. This study No unique dePnition of corporate failure exists [3]. Possi-
builds on these initial studies and adopts a novel evolutionaryle debnitions range from failure to earn an economic rate of

automatic programming approach. return on invested capital given the risk of the business, to
legal bankruptcy followed by liquidation of the brmOs assets.
1.3 Structure of paper Any attempt to uniquely debne corporate failure is likely to

prove problematic. While few publicly quoted companies fail
This contribution is organised as follows. Section 2 provides dn any given yedt, poorer performers are liable to acquisition
short discussion of prior literature in the corporate failure do-by more successful prms. Thus, two Prms may show a sim-
main and outlines the depnition of corporate failure employedlar Pnancial trajectory towards failure, but one Prm may be
in this study. Section 3 provides an introduction to Grammatacquired and Oturned-aroundO whilst the other may fail.

ical Evolution. Section 4 describes both the data utilised, ang,o qepnition of corporate failure adopted in this study is
the mo_del development process adopted in this paper. Sectiqﬂe entry of a brm into Chapter 7 or Chapter 11 of the US
5 provides the results of the constructed model. Finally, ConBankruptcy code. The selection of this debnition provides
clusions and a discussion of the limitations of the contributionan objective benchmark as the occurrence, and date of oc-
are provided in Section 6. currence, of either of these events can be determined through
examination of regulatory blings. Chapter 7 covers corpo-
2 Background rate quuidat.ions and Chapter 11 covers corporate rgorgani—
zations, which usually follow a period of Pnancial distress.

Formal research into the prediction of corporate failure hasl;aner CTapt_er;l, Iinanagement IS :jeqwrid to Ple a;;eoragn-
a long history [12] [35] [16]. Early statistical studies such Isation plan in bankruptcy court and seek approval for this

as [7], adopted a univariate methodology, identifying whichPlan. When the court grants approval for the plan the brm is

accounting ratios had greatest classibcation accuracy Wh%ﬁleasetd . Cgr?ptfr 1111bankrupt.cy ?nd c'ontllnues. to _tgadei
identifying failing and non-failing Prms. Although this ap- h most cases, Lhapter 1. reorganisations nvolve signibcan

proach did demonstrate classipcation power, it suffers fron nancial losses for both shareholders [30] and creditors [11]
: of the distressed brm. [23], in a study of the outcomes of

the shortcoming that a single weak Pnancial ratio may be off= hapter 11 bli tound that Oth ¢ ol

set (or exacerbated) by the strength (or weakness) of oth apter (Nljngs, 13%” d at Dthere were eV\; sucesstul re-

Pnancial ratios. [1] addressed this issue by employing a linorganisations (p. )’_ espite a percep_tlon that Some man-
agement teams were using Chapter 11 blings as a deliberate

ear discriminant analysis (LDA) model, which utilised both trateqy for deali ith certain b ib i h
Pnancial and market data concerning a brm, and this wad ! Ategy for dealing with certain brm Specibe events such as

found to improve the classibcation accuracy of the developeanerous labor contracts or produce liability claims
models. The discriminant function which produced the best ) - S

Five groupings of explanatory variables, drawn from Pnancial
statements, are given prominence in prior literature [4]:

where: i. Liquidity

working capital to total assets

retained earnings to total assets ii. Debt

earnings before interest and taxes to total assets -

g . iii. Probtability

market value of equity to book value of total debt

sales to total assets iv. Activity / Efbciency
Size

v
LDA assumes both multi-variate normality and the equality _ _ _
of the covariance matrices of each classibcation group. Gen- °[42] reports that this rate is '093$ than 0.75% in the US and [22]
erally, these assumptions do not hold for Pnancial ratio data/99€sts that the rate is below 2% in the UK.

3 .
L. . . oo [23] report that out of a sample of 73 bPrms entering Chapter 11
Other statistical methodologies which have been applied Npetween 1980 and 1986, only 44 were sucessfully reorganized with

clude logit and probit regression models [13] [42] [24]. In only 15 of these Prms emerging from Chapter 11 with more than
recent times, methodologies applied to this problem domais0% of their prebankruptcy assets.



Liquidity refers to the availability of cash resources to meet3 Grammatical Evolution

short-term cash requirements. Debt measures focus on the

relative mix of funding provided by shareholders and lendersGrammatical Evolution (GE) is an evolutionary algorithm
Probtability considers the rate of return generated by a brm, ithat can evolve computer programs in any language. Rather
relation to its size, as measured by sales revenue and/or asgiean representing the programs as syntax trees, as in tradi-
base. Activity measures consider the operational efpciency afonal GP [18], a linear genome representation is adopted. A
the Prm in collecting cash, managing stocks and controllingyenotype-phenotype mapping process is used to generate the
its production or service process. Firm size provides infor-output program for each individual in the population. Each in-
mation on both the sales revenue and asset scale of the Pufividual, a variable length binary string, contains in its codons
and also provides a proxy metric on brm history. The group{groups of n-bits, where n equals 8 here) the information to se-
ings of potential explanatory variables can be represented bigct production rules from a Backus Naur Form (BNF) gram-

a wide range of individual Pnancial ratios, each with slightly mar. The BNF is a plug-in component to the mapping process,
differing information content. The groupings themselves arethat represents the output language in the form of production
interconnected, as weak (or strong) Pnancial performance irules. It is comprised of a set of non-terminals that can be
one area will impact on another. For example, a brm with anapped to elements of the set of terminals, according to the
high level of debt, may have lower proptability due to high in- production rules.

terest costs. Whatever modelling methodology is applied, th
initial problem is to select a quality set of model inputs from
a wide array of possible Pnancial ratios, and then to combin
these ratios using suitable weightings in order to construct

EAn example excerpt from a BNF grammar is given below.
‘e(hese productions state that S can be replaced with either one
gf the non-terminalexpr , if-stmt , orloop .

high quality classiber. Given the large search space, an evo- S == expr (0)
lutionary automatic programming methodology has promise. | if-stmt (1)
| loop &)

The grammar is used in a generative process to construct
a program by applying production rules, selected by the
2.3 Results of Prior Literature genome, beginning from the start symbol of the grammar.

In order to select a rule in GE, the next codon value on the

genome is read and placed in the following formula:
Earlier studies [1] [2] [3] [4] [9] [6] have suggested that the

classibcation accuracy of failure models increases rapidly as

the date of Pnal failure approaches. Generally, results indi- ) )

cate that the most signibcant deterioration in Pnancial ratio the next codon integer value was 4, given that we have
occurs in the third year prior to eventual failure. Although 3 "Ules to select from as in the above example, we get
sample sizes, dates and methodologies differ between studies, _ - S will therefore be replaced with the
these bndings have been replicated in a broad series of stu@on-terminaif-stmt

ies. In AltmanOs 1968 study [1], the developed LDA modeBeginning from the left hand side of the genome codon in-
correctly identiPed (in-sample) 95% of failing Prms one yearteger values are generated and used to select rules from the
prior to failure. The classibcation accuracy fell to 72% andBNF grammar, until one of the fo”owing situations arise:

48% in the second and third year prior to failure. [2] demon-

strated a classiPcation accuracy (in-sample) of approximately ; A complete program is generated. This occurs when all
93% in the year prior to failure declining to 68% four years the non-terminals in the expression being mapped, are

for a neural network model, one-year prior to failure, and 95%  BNF grammar.

for a logit model on the same data. [39] reports in-sample

classibcation accuracy for a GA based model of approxi- ii. The end of the genome is reached, in which case the
mately 97%, one year prior to failure. In-sample classibcation ~ Wrapping operator is invoked. This results in the re-
accuracies provide a limited assessment of model generalis-  turn of the genome reading frame to the left hand side
ability. Enhanced in-sample classibcation accuracies could of the genome once again. The reading of codons will
result from data-mining. Hence, in this study, developed mod-  then continue unless an upper threshold representing the
els are solely assessed based on classibcation performance on maximum number~of wrapping events has occurred dur-
out-of-sample data. ing this individualOs mapping process. This threshold is

. . _ . currently set to ten events.
A description of the evolutionary automatic programming

system used to evolve rules for prediction of corporate fail- iii. In the event that a threshold on the number of wrap-
ure is provided in the next section. ping events is exceeded and the individual is still incom-



pletely mapped, the mapping process is halted, and th&he choice of explanatory variables is hindered by the lack of
individual assigned the lowest possible btness value. a clear theoretical framework which explains corporate fail-
ure [5] [38] [40]. Most empirical work on corporate failure
GE uses a steady state replacement mechanism, such thatiopts an ad-hoc approach to variable selection. Prior to the
two parents produce two children the best child replacing theelection of the potential explanatory variables for inclusion
worst individual in the current population if the child has a in this study, a total of ten previous studies were examined
greater btness. In the case where both children have the sarf¥@ [1] [2] [9] [24] [33] [17] [6] [37] [21]. These studies em-
btness and are better than the current population worst, a chifeloyed a total of 58 distinct ratios divided amongst the bve
is chosen at random. The standard genetic operators of poistassiPcations noted by [4]. A subset of 22 of the most com-
mutation, and crossover (one point) are adopted. It also enmmonly used Pnancial ratios was selected for this study. The
ploys a duplication operator that duplicates a random numbeselected ratios were:
of codons and inserts these into the penultimate codon posi-
tion on the genome. A full description of GE can be found in i EBIT/Sales
[26] [25] [31]. i

iii. EBIT/ Total Assets

EBITDA/ Sales

4 Problem Domain & Experimental Approach

iv. Gross Probt/ Sales

This section describes both the data utilised by, and the model V- et Income/Total Assets

development process adopted in, this study. vi. NetIncome / Sales

vii. Return on Assets

4.1 Sample De nition and Model Data .
viii. Return on Equity

A total of 178 brms were selected judgementally (89 failed, ix. Retum on Investment
89 non-failed), from the Compustat Database'[S]he crite-

ria for selection of the failed brms were:

x. Cash/ Sales
xi. Sales/ Total Assets

i. Inclusion in the Compustat database in the period 1991- xii. Inventory / Cost of Goods Sold

2000 xiii. Inventory / Working Capital

ii. Existence of required data for a period of three years xv. Fixed Assets/Total Assets

prior to entry into Chapter 7 or Chapter 11 xv. Retained Eamnings / Total Assets

iii. Sales revenues must exceed $1M xvi. Cash from Operators / Sales

xvii. Cash from Operations / Total Liabilities
The Prst criterion limits the study to publicly quoted, US cor-_ ..
porations. The second criterion injects an element of bias into

the sample in that companies without a three year bnancial™

Working Capital / Total Assets

Quick Assets / Total Assets

history prior to entering Chapter 7 or Chapter 11 are omitted. xx.
Twenty-two potential explanatory variables, are collected for .,

each brm for the three years prior to entry into Chapter 7 or
Chapter 13. For every failing brm, a matched non-failing "
Prm is selected. They are matched both by industry sector

and size (sales revenue three years prior to faifur€he set 5

of 178 matched bPrms are randomly divided into model build-
ing (128 bPrms) and out-of-sample (50 brms) datasets. Th
dependant variable is binary (0,1), representing either a non-
failed or a failed brm.

Total Liabilities / Total Assets
Leverage

EBIT / Interest

Results

s\ccuracy of the developed models is assessed based on the
overall classibcation accuracy arising in both the model-

building and out-of-sample datasets. For simplicity, the cost
*Firms from the Pnancial sector were excluded on grounds of each type of classiPcation error is assumed to be symmet-
lack of comparability of their Pnancial ratios with other Prms in thei. i this study. The btness function could be easily altered

sample.
The date of entry into Chapter 7 or Chapter 11 was determine
by examining regulatory blings for each brm.

50 bias the model development process to minimise a specibc
type of classibcation error if required, and later studies will

8t is recognised that the use of an equalised, matched sampddress this issue.

entails sampling bias and eliminates brm size and industry nature
potential explanatory variables (see [22] for a detailed discussion

oﬁwe classibcation problem which plays an important role in

these points). Itis noted that utilising an unmatched sample imposélecision-making, consists of assigning observations to dis-

its own bias.

joint groups [28]. The decision scenario faced in this study



comprises a binary classibcation. In general, the construenodels generated falls off gracefully as we move out each
tion of classiber systems such as linear discriminant analysigear. It is interesting to note that out-of-sample there is no
logit or ANN models consists of two components, the deterperformance difference between the evolved models in peri-
mination of a valuation rule which is applied to each observa-ods T1 and T2, both giving 80% correct classibcations.

tion, and the determination of a Ocut-offO value. The gramma
adopted in this study is given below and its output is inter-
preted using a bxed 0.5 cut-off value to produce a classibca-
tion.

he best classibers evolved for each period are given in Table

5.1 Discussion
Ic : output = expr ;

expr :l(c‘;gfpf’ ) Leer) The classibcation results of the evolved models show
var : varifindex] | var2findex] | var3[index] promise. Despite drawing a sample from a wide variety of
| vardlindex] | varSfindex] | var6findex] industrial sectors, the models demonstrate a high classibca-
| var7[index] | var8[index] | var9[index] . . .
| variOfindex] | varlifindex] | varl2[index] tion accuracy in and out-of-sample, which degrades grace-
| varl3[index] | varl4[index] | varl5[index] H i H H
| vari6findex] | vari7findex] | varigfindex] fully rather than suddenly in the third year prior to failure.
| vari9findex] | var20[index] | var21[index] Although the evolved models were free to select from twenty-
| var22findex] two potential explanatory variables, it is notable that each
coeff : ( coeff ) op ( coeff ) .
| float model only employed a small subset of these. This lends sup-
op : + | - | * .y . . . .
float - 20 | 20 [ 10 | 10 | 5 | - 5044 port to tk_le proposition that many I?nanglal ratios haye similar
332|211 ]-1].1]-1 information content and that classibcation accuracy is not en-

hanced through the construction of models with a large num-
ber of these ratios. It is also notable that each model has (ap-
proximately) included one variable drawn from the four main
categories of explanatory variables suggested in the corpo-
rate failure literature (Liquidity, Debt, Probtability, and Ac-
tivity/Efbciency), lending empirical support to earlier wérk

The above grammar generates classibers of the form:

The risk factors suggested by each model differ somewhat and
Any combination of the twenty two explanatory variables cancontain some less-intuitive but nonetheless plausible bndings.

be exploited by an evolved classiber, including zero or mor(?Examining the best classifer evolved for T1 suggests that risk

occurrences of any one variable. This is in contrast to an LD . : .
y ﬁactors include low return on assets, low retained earnings

approach wh(_are classllb.ers would gene rally utilise all the exénd a high ratio of total liabilities to total assets, which con-
planatory variables within the expression. In the LDA case,

of course some of those variables coulddvgatched offby co_rds with Dnancgl 'T““'“O”- L_ess obwously,_ a high ratio
s . of inventory to net liquid assets (inventory+receivables+cash-
multiplying their value by zero.

payables) is also a risk factor, possibly resulting from deple-
Three series of models were constructed using explanatoryon of cash or build-up of inventories as failure approaches.

variables drawn from one, two and three years (T1, T2 anch .
: ! isk factors for Prms at T2 include low return on assets and
T3) prior to failure. For each set of models, 30 runs were

. . . ' a low ratio of earnings to interest costs. Less intuitive risk
conducted using population sizes of 500, running for 100 gen: L .

: ) . o factors indicated are a low ratio of bxed assets to total assets
erations, adopting one-point crossover at a probability of 0.9

and bit mutation at 0.01, along with a steady state replaceme%nd a high ratl.o of sales to total assgts. The former could in-
strategy. |c§1te Prms with a lower safety cushion of saleable resources
which could be sold to stave-off collapse, the latter could be
A plot of the mean average and mean best bPtness values ov&grving as a proxy variable for Prms with rapid sales growth.
the 30 runs for each time period can be seen in Figure 1.  Over-rapid sales growth can be a danger signal, indicating that

. _ management resources are being spread too-thinly.
Years Prior to Failure  In Sample  Out Of Sample

1 85.9% 80% Finally, risk factors indicated for bPrms at T3 include low re-
2 82.8% 80% turn on assets, a low ratio of probt to interest charge, a low
3 75.8% 70% level of cash generated from operations and as for T2, a high

ratio of sales to total assets.

Table 1: The best cl_assibcgtion accuracies reported for ea%]though each model is evolved seperately, the general form
of the three years prior to failure. of each model appears consistent with the hypothesis that

The best individuals evolved for each period are reported irf!S rejects a null hypothesis, at the 5% level, that the out-of-sample

) . lassibcation accuracies are not signibcantly better than chance.
Table'L. In sample it can be seen that the performance of thé 8Size, the bfth category, is not considered in this study due to the

"Calculation of PressOs Q statistic [15] for each of these modratching process utilized.
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Figure 1: A comparison of the mean best btness between T1, T2, and T3 (left), and of the mean average btness values (right)
for the same time periods.

Years Prior to Failure Best Classi er
1 output = -3*var7-5*var8+3*varl7-20*var19+4*var24
2 output = -2*var8+10*var15-10*var18-2*var25
3 output = -4*var8+20*varl5-72.9*var20-10*var25

Table 2: The best classibers evolved for each of the years analysed.

there is a bnancial trajectory towards failure. Low probtsformance could further improve classibcation accuracy. An-
and high interest payments as a percentage of probts in pether limitation of all models of corporate distress is that the
riods T3 and T2 indicate a Prm in Pnancial difbculties, withunderlying relationships may not be stationary [4] [17]. Ac-
an erosion of the safety cushion provided by high levels ofcounting standards and economic environment faced by brms
(saleable) bxed assets indicated in the risk factors at T2. Theill vary over time. Finally, the Prms sampled in this study
Pnal year prior to failure sees additional risk factors indicatedare relatively large and are publically quoted. Thus, the bnd-
by high levels of debt and reducing cash balances / inventorings of this study may not extend to small businesses.

build-up. Despite these limitations, the high economic and social costs

) of corporate failure imply that models which can indicate de-

6 Conclusions & Future Work clining Pnancial health will have utility. Given the lack of a
clear theory underlying corporate failure, empirical modelling

GE was shown to successfully evolve useful rules for preusually adopts a combinatorial approach, a task for which GE
diction of corporate failure with a performance equivalent tois well suited. The results of this preliminary study indicate
that reported in prior studies. In assessing the performance @hat GE has useful potential for the construction of corporate
the developed models, a number of caveats must be borne failure models.
mind. The premise underlying this paper (and all empirical
work on corporate failure prediction) is that corporate failure
is a process, commencing with poor management decisiong,aeferenceS
and that the trajectory of this process can be tracked using ac-
counting ratios. This approach does have inherent limitations.
It will not forecast corporate failure which results from a sud-
den environmental event. It is also likely that the explanatory
variables utilised contain noise. Commentators [5] [36] have 2] Altman, E., Haldeman, R. and Narayanan, P. (1977).
noted that managers may attempt to utilise creative account- ~ 5zgTA Analysis: A new model to identify bankruptcy

ing practices to manage earnings and / or disguise signs of  isk of corporations@purnal of Banking and Finance
distress. Additionally, Pnancial data is produced on a time- 29-54.

lagged basis. Although not undertaken in this preliminary
study, the incorporation of hon-bPnancial quqlitative explana- [3] Altman, E. (1993).Corporate Financial Distress and
tory variables or variables related to the PrmQOs share price per-  Bankruptcy New York: John Wiley and Sons Inc.
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Abstract

The FIRST survey (Faint Imagesof the Ra-
dio Sky at Twenty-cm) is scheduledto cover
10,000 square degreesof the northern and
southern galactic caps. Until recertly, as-
tronomers classi ed radio-emitting galaxies
through a visual inspection of FIRST im-

ages. Besidesbeing subjective, prone to er-
ror and tedious, this manual approad is be-
coming infeasible: upon completion, FIRST

will include almost a million galaxies. This

paper describesthe application of six meth-
ods of ewlving neural networks (NNs) with

genetic algorithms (GAs) to identify bent-

double galaxies. The objective is to demon-
strate that GAs can successfully address
somecommon problemsin the application of
NNs to classi cation problems, suc astrain-

ing the networks, choosing appropriate net-
work topologies, and selecting relevant fea-
tures. The results indicate that most of the
methods we tried performed equally well on
our data, but using a GA to selectfeatures
produced the best results.

1 INTR ODUCTION

The Faint Images of the Radio Sky at Twenty-cm
(FIRST) survey (Becker et al., 1995) started in 1993
with the goal of producing the radio equivalernt of the
Palomar Obsenatory Sky Survey. Using the Very
Large Array at the National Radio Astronomy Ob-
senatory, FIRST is scheduled to cover more than
10,000 square degreesof the northern and southern
galactic caps. At preser, FIRST has covered about
8,000squaredegreesproducing more than 32,000two-
million pixel images. At a threshold of 1 mJy, there

are approximately 90 radio-emitting galaxies,or radio
sources,in a typical squaredegree.

Radio sourcesexhibit a wide range of morphological
types that provide cluesto the source's class, emis-
sion medhanism, and properties of the surrounding
medium. Sourceswith a bent-double morphology are
of particular interest as they indicate the presenceof
clusters of galaxies, a key project within the FIRST
survey. FIRST sciertists currently identify the bert-
double galaxies by visual inspection, which|b esides
being subjective, prone to error and tedious|is be-
coming increasingly infeasible as the survey grows.

Our goal is to bring automation to the classi cation
of galaxiesusing techniquesfrom data mining, such as
neural networks. Neural networks (NNs) have been
used successfullyto classify objects in many astro-
nomical applications (Odewahn et al., 1992; Storrie-
Lombardi et al., 1992; Adams & Woolley, 1994). How-
ever, the successof NNs largely depends on their ar-
chitecture, their training algorithm, and the choice of
featuresusedin training. Unfortunately, determining
the architecture of a neural network is a trial-and-
error process;the learning algorithms must be care-
fully tuned to the data; and the relevance of features
to the classi cation problem may not be known a pri-
ori. Our objective is to demonstrate that genetic al-
gorithms (GAs) can successfullyaddressthe topology
selection, training, and feature selection problems, re-
sulting in accurate networks with good generalization
abilities. This paper describes the application of six
combinations of genetic algorithms and neural net-
works to the identi cation of bent-double galaxies.

This study is one of a handful that comparesdi®erert
methods to ewolve neural nets on the same domain
(Roberts & Turenga, 1995; Siddigi & Lucas, 1998;
GrAnross, 1998). In cortrast with other studies that
limit their scope to two or three methods, we com-
pare six combinations of GAs and NNs against hand-



designednetworks. Most of the methods we tried per-
formed equally well on our data, but usinga GA to se-
lect featuresyielded the bestresults. The experiments
also show that most of the GA and NN combinations
produced signi cantly more accurate classi ers than
we could obtain by designingthe networks by hand.

The next section outlines the problem of detecting
bent-double galaxiesin the FIRST data. Section3 de-
scribesseweral existing combinations of GAs and NNs.
Section4 preseris our experimerts and reports the re-
sults. The paper concludeswith our obsenations and
plans for future work.

2 FIRST SURVEY DATA

Figure 1 has sewral examples of radio sourcesfrom
the FIRST survey. While somebent-double galaxies
are relatively simple in shape (examples(a) and (b)),
others, such asthe onesin examples(e) and (f), can
be rather complex. Note the similarity between the
bent-double in example (a) and the non-bent-double
in example (c).

Data from FIRST are available on the FIRST web site

(sundog.stsci.edu). There are two forms of data avail-

able: imagemapsand a catalog. The imagesin gure 1

are close-upsof galaxies. The catalog (White et al.,

1997)is obtained by tting two-dimensionalGaussians
to eadh radio sourceon an image map. Each ertry in

the catalog correspondsto a single Gaussian.

We decidedthat, initially , we would identify the radio
sourcesand extract the features using only the cata-
log. The astronomers expected that the catalog was
a good approximation to all but the most complex of
radio sources,and several of the featuresthey thought
wereimportant in identifying bert-doubles were easily
calculated from the catalog.

We identi ed the features for the bent-double prob-
lem through extensive corversations with FIRST as-
tronomers. When they justi ed their decisionsof iden-
tifying a radio source as a bent-double, they placed
great importance on spatial features such asdistances
and angles. Frequertly, the astronomerswould char-
acterize a bent-double as a radio-emitting \core" with
one or more additional componerts at various angles.

In the past, we have concerrated our work on in-
stancesdescribed by three catalog ertries, becausewe
have more labeled examplesof this type. Our previous
experiencewith this data suggestedthat the best ac-
curaciesare usually achieved using features extracted
considering triplets of catalog entries (as opposedto
pairs or single ertries). Therefore, in the remainder

of this paper we focus on the 20 triplet features that
we extracted. A full list of featuresis described else-
where (Fodor et al., 2000).

Unfortunately, our training set is relatively small,
containing 195 examplesfor the three-catalog entry
sources. Since the bent- and non-bent-doubles must
be manually labeled by FIRST sciertists, putting to-
gether an adequate training setis non-trivial. More-
over, scientists are usually subjective in their labeling
of galaxies,and the astronomersoften disagreein the
hard-to-classify cases. There is also no ground truth
we can use to verify our results. These issuesimply
that the training set itself is not very accurate, and
there is a limit to the accuracywe can obtain.

Among the 195labeled examplesof 3-ertry sources,28
are non-bent and 167 are bent-double galaxies. This
unbalanced distribution in the training set preseris
problemsin estimating the accuracyof the NNs, which
are discussedin section 4.

3 GENETIC NEURAL NETW ORKS

Genetic algorithms and neural networks have been
usedtogether in seweral ways, and this sectionpreseris
a brief review of previous work. In particular, GAs
have beenusedto seart for the weights of the network
and to selectthe most relevant featuresof the training
data. GAs have alsobeenusedto designthe structure
of the network. It is well known that to solve non-
linearly separable problems, the network must have
at least one hidden layer betweenthe inputs and out-
puts; but determining the number and the size of the
hidden layers is mostly a matter of trial and error.
GAs have beenusedto searth for these parameters,
as well as for the pattern of connectionsand for de-
velopmenal instructions to generatea network. The
interested reader may consult the reviews by Branke
(1995), Scha®er(1994) and Yao (1999).

3.1 TRAINING NETW ORKS WITH GAs

Training a NN is an optimization task with the goal of
‘nding a set of weights that minimizes an error mea-
sure. The seard spaceis high dimensional and, de-
pending on the error measure,it may cortain numer-
ous local optima. Somenetwork training algorithms,
such as badkpropagation (BP), use someform of gra-
dient seard, and may get trapped in local optima.

A straightforward combination of genetic algorithms
and neural networks is to use the GA to seard for
weights that make the network perform as desired.
The architecture of the network is "xed by the user
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Figure 1: Example radio sources:(a)-(b) Bent-doubles, (c)-(d) Non-bernt doubles, (e)-(f) Complex Sources

prior to the experiment. In this method, ead individ-
ual in the GA represens a vector with all the weights
of the network. There are two popular variations:

2 Usethe weights found by the GA without any fur-
ther re nement (Caudell & Dolan, 1989;Montana
& Davis, 1988; Whitley & Hanson, 1989).

Usethe GA to nd apromising setof weights from
which a gradient-based method can quickly reach
an optimum (Skinner & Broughton, 1995). The
motivation is that GAs quickly identify promising
regionsof the seard space,but they may not ne-
tune parametersvery fast.

These approades are straightforward and numerous
studies report good results. Howewer, since adjacert
layersin a network are usually fully connected,the to-
tal number of weights is O(n?), wheren is the number
of units. Longerindividuals usually require larger pop-
ulations, which in turn result in higher computational
costs. Therefore,the GA may be e+cient for small net-
works, but this method may not scaleup well. Another
drawbadk is the so-calledpermutations problem (Rad-
cli®e, 1990). The problem is that by permuting the
hidden nodes of a network, the represenation of the
weights in the chromosomewould change,but the net-
work is functionally the same. Somepermutations may
not be suitable for GAs becausecrosswer might easily
disrupt favorable combinations of weights. To amelio-
rate this problem, Thierens et al. (1991) suggestedto

placeincoming and outgoing weights of a hidden node
next to ead other, which wasthe encading we used.

3.2 FEATURE SELECTION

Besides seardiing for weights, GAs may be used to
select the features that are input to the NNs. The
training examplesmay contain irrelevant or redundart
features, but it is generally unknown a priori which
featuresarerelevant. Avoiding irrelevant or redundant
featuresis desirablenot only becausethey increasethe
size of the network and the training time, but also
becausethey may reducethe accuracy of the network.

Applying GAs to select features is straightforward
using what is referred to as the wrapper approach:
the chromosome of the individuals contains one bit
for eath feature, and the value of the bit deter-
mines whether the feature will be used in the clas-
si cation (Brill, Brown, & Martin, 1990; Brotherton
& Simpson, 1995). The individuals are evaluated
by training the networks (that have a predetermined
structure) with the subsetof featuresindicated by the
chromosome. The resulting accuracy estimate is used
to calculate the tness.

3.3 DESIGNING NETW ORKS WITH GAs

As mentioned before, the topology of a network is cru-
cial to its performance. If a network hastoo few nodes
and connections, it may not be able to learn the re-



quired concept. On the other hand, if a network has
too many nodes and connections, it may overt the
training data and have poor generalization. GAs have
beenusedsuccessfullyto designthe topology of NNs.
There are two basic approaces for applying GAs to
the design of NNs: use a direct encading to specify
every connection of the network or ewolve an indirect
speci cation of the connectivity.

The key idea behind direct encadings is that a neu-
ral network can beregardedasa directed graph where
ead node represerts a neuron and ead edgeis a con-
nection. A common method of represening directed
graphsis with a binary connectivity matrix: the i;j -
th element of the matrix is one if there is an edge
betweennodesi and j, and zero otherwise. The con-
nectivity matrix can be represened in a GA simply
by concatenating its rows or columns (Miller et al.,
1989;Belew et al., 1990). Using this method, Whitley
et al. (1990) showed that the GA can nd topologies
that learn faster than the typical fully-connected feed-
forward network. The GA can be explicitly biasedto
favor smaller networks, which can be trained faster.

A simple method to avoid specifying all the connec-
tions is to commit to a particular topology and learn-
ing algorithm, and then usethe GA to nd the parame-
ter valuesthat completethe network speci cation. For
example,with a fully-connected feedforward topology,
the GA may seard for the number of layers and the
number of neuronsper layer. Another examplewould
be to code the parametersof a particular learning al-
gorithm, such asthe momertum and the learning rate
of BP (Belew et al., 1990;Marshall & Harrison, 1991).
Of course, this method is constrained by the initial

choice of topology and learning algorithm.

Another approad is to use a grammar to encae
rules that govern the dewvelopmen of a network. Ki-
tano (1990) intro ducedthe earliestgrammar-basedap-
proach. He useda connectivity matrix to represen the
network, but instead of encading the matrix directly in
the chromosome,the matrix is generatedby a graph-
rewriting grammar. The chromosomescortain rules
that rewrite scalar elemeris into 2£ 2 matrices.

In this grammar, there are 16 terminal symbols that
are 2£ 2 binary matrices. There are 16 non-terminal
symbols, and the rules have the form n ! m, where
n is one of the scalar non-terminals, and misa2£ 2
matrix of non-terminals. There is an arbitrarily desig-
nated start symbol, and the number of rewriting steps
is xed by the user.

To ewvaluate the tness, the rules are decaded and the
connectivity matrix is dewveloped by applying all the

rules that match non-terminal symbols. Then, the
connectivity matrix is interpreted and the network is
constructed and trained with BP.

Other examplesof grammar-baseddevelopmertal sys-
tems are the work of Boers and Kuip er (1992) with
Lindenmayer systems, Gruau's \cellular encaling”
method (Gruau, 1992), and the system of Nol, El-
man, and Parisi (1994) that simulates cell growth, mi-
gration, and di®eretiation.

4 EXPERIMENTS

This sectiondetails the experimental methods and the
results that we obtained with six combinations of neu-
ral networks and genetic algorithms.

The programswerewritten in C+ and compiled with
g++ version 2.96. The experimerts were executedon
asingleprocessorf aLinux (Red Hat 7.1) workstation
with dual 1.5 GHz Intel Xeon processorsand 512 Mb
of memory. The programs used a Mersenne Twister
random number generator.

All the GAs useda population of 50 individuals. We
used a simple GA with binary encaing, pairwise
tournament selection, and multi-p oint crosswer. The
number of crosswer points was varied in ead exper-
iment accordingto the length of the chromosomes,|.
In all cases,the probability of crosswer was 1, and
the probability of mutation wassetto 1=I. The initial
population was initialized uniformly at random.

The experiments used feedforward networks with one
hidden layer. All neurons are connectedto a \bias"
unit with constart output of 1.0. Unlessspeci ed oth-
erwise,the output units are connectedto all the hidden
units, which in turn are connectedto all the inputs. In
feedforward operation, the units compute their net ac-
tivation as

xd

net = XiW; + Wg;

i=1

where d is the number of inputs to the neuron, X;
is an input and w; is the corresponding weight, wpg
is the weight corresponding to the \bias" unit. Each
unit emits an output accordingto f (net) = tanh(" ©
net); where = is a user-speci ed coeztcient. Simple
badpropagation was usedin someof the experimerts.
The weights from the hidden to the output layer were
updated using ¢ wyj = "y = “(tc i zo)f Anet)y;;
where” denotesthe learning rate, k indexesthe output
units, ty the desired output, z the actual output, f°
is the derivative of f, and y; is the output of the j-th
hidden unit. The weights from the i-th input to the



hidden layer were updated using
n #
xe
Cwj; = ’ W & fo(netj )Xi:
k=1

In all experiments, ead feature in the data was lin-
early normalized to the interval [j 1;1]. The type of
galaxy was encaded in one output value (-1 for bert
and 1 for non-bent). When badkpropagation wasused,
the exampleswere preseried in random order for 20
epochs. All the results reported are averagesover 10
runs of the algorithms. Comparisonswere made using
standard t-tests with 95% con dence.

4.1 FITNESS CALCULA TION

One of the crucial designdecisionsfor the application
of GAs is the calculation of "tness valuesfor ead mem-
ber of the population. Sincewe are interested in net-
works that predict accurately the type of galaxiesnot
usedin training, the tness calculation must include an
estimate of the generalization ability of the networks.

There are multiple ways to estimate generalization.
Since we do not have much training data, hold-out
methods (dividing the data into training and testing
setsand perhapsan additional validation set) are not
practical. To calculate the "tness, we used the ac-
curacy estimate of v e-fold crosswlidation trials. In
this method, the data D is divided into "ve non-
overlapping sets,D1;::;;Ds. At ead iteration i (from
1 to 5), the network is trained with DnD; and tested
on D;. The averageof the v etests wasusedasthe t-
ness. A better estimate of accuracywould beto usean
average of multiple crosswalidation experimerts, but
we found the cost excessie.

To correct for the unbalanceddistribution of bent and

non-bent examplesin our training data, we calculate
the accuracy as the geometric mean of the accuracies
of eath classof galaxy (bert and non-bent) (Kubat &

Matwin, 1997). Using the geometric mean givesequal
weight to the accuracieson both types of galaxiesin

the overall performance.

4.2 TRAINING NETW ORKS WITH GAs

We implemented the “rst of the methods described in
section 3.1; the GA was usedto nd the network's
weights. The network had 20 inputs that correspond
to ead of the featuresin the data, 25 hidden nodes,
and oneoutput. Each weight was represerted with 10
bits, and the range of possibleweights was[j 10; 10].

For this experiment, the GA useda population of 50
individuals, eat with a length of | = 5510bits (there

are 551total weights). The number of crosswer points
was set at 25, and the mutation rate was 0.00018
(Ya 1=1). As in all experiments, pairwise tournament
selectionwithout replacemen was used.

The secondtraining method described in section3.1is
to run BP using the weights represerted by the indi-
viduals in the GA to initialize the network. We imple-
mented this method and usedthe samenetwork archi-
tecture and GA parametersasin the ‘rst experimert.
Each network wastrained using 20 epochs of BP with
alearning rate © of 0.1 and ~ of 0.4.

The entries Weights and Weights+BP  in table 1
presert the average accuracy of the best networks
found in ead run of the GA for thesetwo setsof exper-
iments. The results highlighted in bold in the table are
the best results and those not signi cantly worsethan
the best (according to the t-test, which may detect
more di®erenceghan there actually exist). The addi-
tion of BP producesa signi cant improvemern in the
bent-double accuracyrate, which is of primary impor-
tance to the astronomers. However, the improvemert
in the overall accuracyis not signi cant.

4.3 FEATURE SELECTION

The next combination of GAs and NNs is to usethe
GA to selectthe featuresthat will be usedto train the
networks, as described in section 3.2. As in the pre-
vious experiment, we set the number of hidden units
to 25, the learning rate ~ to 0:1 and ~ to 0.4. The
networks were trained with 20 epochs of BP.

Our data has 20 features, and therefore the chromo-
somesin the GA are 20 bits long. The GA usedone-
point crosswer and the sameparametersasin previous
experiments. The accuracy results are labeled Fea-
ture Sel and are signi cantly better than the other
results in table 1.

The GAs consisterilly selectedabout half of the fea-
tures, and frequertly selectedfeaturesthat appear to
be relevant to the identi cation of bert-double galax-
ies, such as symmetry measuresand angles.

4.4 DESIGNING NETW ORKS WITH GAs

For our “rst application of GAs to network design,the
GA was usedto nd the number of hidden units, the
parametersfor BP, and the range of initial weights as
described in section 3.3. The learning rate was en-
coded with four bits and the range of possiblevalues
was|[0; 1]. The coezcient = for the activation function
wasalsoencaded with four bits and its rangewas|[0; 1].
The upper and lower rangesfor the initial weights were



encaded with "v e bits ead and wereallowedto vary in
[i 10;0] and [0; 10], respectively. Finally, the number
of hidden units was represerted with sewen bits and
could take valuesin [0; 127].

After extracting the parametersfrom a chromosome,a
network was built and initialized accordingto the pa-
rametersand trained with 20 epochs of BP. There is no
explicit biasto prefer smaller networks, but there is an
implicit bias toward networks that can learn quickly,
sincewe are using only 20 epochs of BP. It is probable
that small networks learn faster than larger ones,and
soit is likely that the GA favors small networks.

The GA usedtwo-point crosswer and the sameparam-
etersasin previous experimernts. The accuracyresults
are labeled Parameters in table 1. On average,the
best learning rate found by the GA was 0.82 (with
0.06 std. error), which is higher than the usual rec-
ommendation of 0.1{0.2 (Duda, Hart, & Stork, 2001).
Perhaps the learning rate is high becauseof the im-
plicit bias for learning quickly. This bias may also
explain the averagenumber of hidden units being rel-
atively small at 15.6 (std. error 2.8). The average
was 0.16 (0.01), and the range of initial weights was
[i 3:51;3:45] (both with std. errors of 0.4).

The next experiment usedthe GA to seardt for a con-
nectivity matrix as described in section 3.3. We "xed

the number of hidden units to 25, the learning rate to

0:1 and ~ to 0.4. The neuronsare numbered consecu-
tiv ely starting with the inputs and followed by the hid-

den units and outputs. The connectivity matrix is en-
coded by concatenatingits rows. Sincewe allow direct

connectionsbetweenthe inputs and the outputs, the

string length is (hidden + outputs) @inputs + hidden @
outputs = (26020)+ (2581) = 545bits. For this longer
string, we use 10 crosswer points, and the same GA

parameters as before. The results corresponding to

this method are labeled Matrix in table 1.

We also implemerted Kitano's graph rewriting gram-
mar method. Welimited the number of rewriting steps
to 6, resulting in networks with at most 64 units. Since
the chromosomesencade four 2£ 2 binary matrices for
ead of the 16 rules, the string length is 256 bits. The
GAs used v e crossaer points. The results obtained
with this method are labeled Grammar in table 1.

45 COMP ARISON AND DISCUSSION

Table 1 summarizesthe results obtained with eadh
method. The results show few di®erencesamong the
various methods in the accuracyrate for bert-doubles.
While the direct encaling of connections (Matrix )
has the best accuracy four other methods do not ap-

pear to be signi cantly lessaccurate. In terms of the
accuracyon the non-bents and the overall accuracy it
is clear that the feature selectionmethod obtained the
best results.

We also performed numerous experimernts with net-
works designedby hand. The best parameters that
we could 'nd for 20 epochs of badkpropagation were
those usedin the experiments with the GAs: =~ = 0:1,
the learning rate was 0.4, and the number of hidden
was 25. The averageof ten 10-fold crosswalidation ex-
periments resulted in an accuracy on the non-bents of
only 16.4% (with std. error of 1.7) and on the bents
of 99.69%(0.16). The overall accuracy estimated with
the geometric meanis a disappointing 23.41%(2.02).

Increasingthe number of training epochsto 100raised
the standard the geometric mean accuracyto 72.69%
(0.32). The accuracy on the non-bents also improved
to 56.7%, while the accuracy on the bents decreased
slightly to 94.38%.

5 CONCLUSIONS

This paper preseried a comparisonof six combinations
of GAs and NNs for the identi cation of bent-double
galaxiesin the FIRST survey. Our experiments sug-
gest that, for this application, some combinations of
GAs and NNs can produceaccurateclassi ersthat are
competitiv e with networks designedby hand. For our
application, we found few di®erencesamong the GA
and NN combinations that we tried. The only consis-
tently bestmethod wasto usethe GA to selectthe fea-
tures usedto train the networks, which suggeststhat
someof the featuresin the training set are irrelevant
or redundart.

There are seweral averuesto extend this work. The
highly unbalancedtraining set preseris somedixcul-
ties that could be avoided or ameliorated by including
more examplesof the minority class. However, extend-
ing the training setis non-trivial, becausethe labeling
is subjective and disagreemets amongthe experts are
common.

Other optimization techniques, ewolutionary and tra-
ditional, can be usedto train NNs. In this paper we
used a simple genetic algorithm with a binary encad-
ing, but other ewolutionary algorithms operate on vec-
tors of real numbers that can be directly mapped to
the network's weights or the BP parameters (but not
to a connectivity matrix, a grammar, or a feature se-
lection application). There are other combinations of
GAs and NNs that we did not include in this study,
but appear promising. For instance, since ewolution-
ary algorithms usea population of networks, a natural



Metho d Bent-Doubles Non-Ben t Overall
Weights 86.34(2.83) 78.01 (4.13) 80.98(2.41)
Weights+BP 91.89 (0.67) 75.23(0.87) 81.68(0.53)
Feature Sel 92.99 (0.55) 83.65 (1.41) 87.51 (0.77)
Parameters 92.35 (0.89) 69.13(1.56) 78.76(0.57)
Ma trix 93.58 (0.46) 70.77(1.34) 80.22(0.69)
Grammar 92.84 (0.69) 73.73(1.40) 81.78(0.72)

Table 1: Mean accuracieson the bent and non-bent doublesand overall accuracy for di®erert combinations of
GAs and NNs using the geometric mean of class-wiseaccuraciesas tness. The numbersin parenthesis are the
standard errors, and the results in bold are the best and those not signi cantly worsethan the best.

extension of this work would be to use ewolutionary
algorithms to create ensenbles that combine se\eral
NNs to improve the accuracy of classi cations.

A disadvantage of using genetic algorithms in combi-
nation with neural networks is the long computation
time required. This can be an obstacle to applying
thesetechniquesto larger data sets, but there are nu-
merousalternativ esto improve the performanceof ge-
netic algorithms. For instance, we could approximate
the "tness evaluation using sampling or we can exploit
the inherently parallel nature of GAs using multiple
processors.
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3.2 USING A NICHING METHOD TO FOSTER implement this parameter, the author uses an Euclidian
THE DISCOVERY OF MULTIPLE RULES distance.

As a result of the abowdiscussed increase in the By contrast, there is no need for this kind of parameter in
cardinality of the training set, one needs to discovepur version of sequential niching. In order to avoid that
several rules to cover the examples of each class. (Rectile same search spaced be explored several times, the
that this was not the case with the approach described @xamples that are correctiyovered by the discovered
section 2, since in that approach it was assumed thatreles are removed from the training set. Hence, the nature
GA-Small run had to discovea single rule for each of the fithess landscape is automatically updated as rules
class.) Therefore, in our weGA-Large-SN it is essential are discovered along differeiterations of the sequential

to use some kind of niching method, in order to fosteniching method.

population diversity and avoid its convergence to a single

rule. In this work we use a sequential niching meth0c§_3 MODIFICATION OF THE METHOD USED
(Beasley et al., 1993). We chose this kind of method for TO DETERMINE A RULE’S CONSEQUENT
two reasons. First, its simplicity. Second, and most

important, it does not require the specification ofEach run of GA-Large-SN siill discovers a single rule,
additional parameters for its execution, unlike well-and a rule’s consequent (the class predicted by the rule) is
known niching methods such as fitness sharing (Goldber@ot encoded into the genome, like in the GA-Small

& Richardson, 1987) and crowding (Mahfoud, 1995). escribed in section 2. However, unlike GA-Small, in
GA-Large-SN the consequent of each rule is not fixed

BEGIN , _ N upfront for all rules (individuals) in the population.

/* TrainingSet-2 contains all exangs belonging to all small disjuncts */ Rather, the consequent of each rule is dynamically chosen
RuleSet =4; _ as a function of the rule’s antecedent. More precisely, a
build TrainingSet-2, rule’s consequent is chosen as the most frequent class in
WHILE cardinality(TrainingSet-2) > 5 the set of examples covered by that rule’s antecedent.

run the GA;
add the best rule found by the GA to RuleSet;
remove from TrainingSet-2 the examples 3.4 A NEW HEURISTICS FOR RULE PRUNING
correctly covered by that best rule; The GA-Large-SN proposed in this paper uses a new
END-WHILE heuristic measure for rule pruning. This measure is based
END-BEGIN . o ) . on the idea of using the decision tree built by C4.5 to
Figure 3: GA with sequential niching for discovering  compute a classification accuracy rate for each attribute,

small disjunct rules according to how accurate were the classifications

The pseudo-code of our GA with sequential niching isPerformed by the decision tree paths in which that
shown, at a high level of abstraction, in Figure 3. It start@ttribute occurs. That is, the more accurate were the
by initializing the set of discovered rules (denotedclassifications performed by the decision tree paths in
RuleSet) with the empty set and building the secondvhich a given attribute occurs, the higher the accuracy
training set (denoted TrainingSet-2), as explained abovéate associated with that attribute, and the smaller the
Then it iteratively performs the following loop. First, it Probability of removing that a condition with attr ibute

runs the GA, using TrainingSet-2 as the training data fofom a rule. The computation of an accuracy rate for each
the GA. The best rule found by the GA (i.e., the besgttribute is performed by the procedure shown in Figure 4.

individual of the last generation) is added to RuleSetThe computation of the accuracy rate associated with
Then the examples correctly covered by that rule ar@ach attribute is performed &sllows. For each attribute
removed from TrainingSet-2, so that in the next iterationy, the algorithm checks eachtpaof the decision tree

of the WHILE loop TrainingSet-2 will have a smaller pyilt by C4.5 in order to determine whether or mot
cardinality. An example is “correctly covered” by a rule if occurs'in that path. (The term path is used here to refer to
the example’s attribute values satisfy all the conditions iach complete path from the root node to a leaf node of
the rule antecedent and the example belongs to the sam@ tree.) For each patp in which A occurs, the
class as predicted by the rule. This process is iterativelygorithm computes two counts, namely the number of
performed while the number of examples in TrainingSet-2xamples classified by theile associated with patp,

is greater than 5. (It is assumed that when the cardinalityenoted #Classif(Ap), and the number of examples

of TrainingSet-2 is smaltethan 5 there are too few correctly classified by the rule associated with path
examples to allow the discovery of a reliablegenotedtCorrClassif(4p).

classification rule.)

It should be noted that the sequential niching method used
in this work is a variation of the one proposed by (Beasley
et al., 1993). The latter actually requires the specification
of a parameter, associated with a distance metric, for
modifying the fitness landscape according to the location
of solutions found in previous iteractions. In order to



BEGIN
Count_of_Unused_Attr O;
FOR each attributd, i=1,...m
IF attributed occurs in at leagine path in the tree

THEN compute the accuracy raté\pfdenotedAcc(A) (see text);

ELSE incremer@ount_of_Unused_Attry 1;

END-IF
END-FOR
Min_Acc= the smallest accuracy rate among all attributes

that occur in at least one path in the tree;
FOR each of the attributes, A=1,...m, such thaty
does not occur in any path in the tree

Acc(A) = Min_Acc/ Count_of_Unused_Attr

END-FOR

m

Total_Acc= 6Acc(A) ;
i=1
FOR each attributd, i=1,...m
Compute the normalized accuracy raté, pf
denotetiorm_Acc(4, as:
Norm_Acc(A = Acc(A) / Total_Acg;
END-FOR

can be considered as a kioidhypothesis-driven measure,
since it is based on a hypothesis (in our case, a decision
tree) previously constructed by a data mining algorithm.

By contrast, the previously-mentioned information gain-
based heuristic measure does not exploit such
information. Rather, it is a measure whose value is
computed directly from the training data, independent of
any data mining algorithm. Hence, it can be considered as
a kind of data-driven measure.

3.5 INCREASING THE GENOME LENGTH

Recall that in GA-Small (reviewed in section 2) the
genome contained only the attributes which wereused

to label any ancestor of the leaf node defining the small
disjunct being processed by the GA. That approach made
sense because GA-Small was using as the training set
only the examples belonging to a single leaf node.
Clearly, the attributes in ¢hancestor nodes of that leaf
node were not useful to distinguish between classes of
examples in the leaf node, since all those examples had
the same values for those attributes.

END-BEGIN
Figure 4: Computation of eh attribute’s accuracy rate,
for rule pruning purposes

However, the situation is different in the case of the new
GA-Large-SN proposed in this paper. Now the training
. . set of the GA consists of all the examples belonging to all
where Z is the number of etision tree paths where ine |eaf nodes that are consiedismall disjuncts — i.e., all
attribute A occurs. Note that formula (2) is used only fory,5se examples are effectively mixed into a single training
attributes that occur in at léame path of the tree. All the get Hence, the above notion of “attributes in the ancestor
attributes that do not occum any path of the tree are n,qes of a single leaf nodé not meaningful any more.
aSS|gngd the same value Atc(A), and this value is Therefore, in GA-Large-SN the genome contaims
determined by the formula: genes, wheren is the number of attributes of the data
Acc(A) = Min_Acc/ Count_of _Unused_At{r (3) being mined. l.e., all attributes can occur in the rule
. represented by an individual, so that in theory a rule can
where Min_Acc and Count_of Unused Alr aré  .,htain at mostn conditions in its antecedent. Of course,
determined as shown in Figure 4. in practice the number of conditions in a rule will be
Finally, the value ofAcc(A) for every attribute A, much smaller thamm, due to the use of the above-
i=1,...m, is normalized by dividing its current value by discussed rule pruning operator.
Total Acc which is determined as shown in Figure 3.

Once the normalized valuef accuracy rate for each 4 COMPUTATIONAL RESULTS
attribute A;, denoted Norm_Acc(A has been computed

by the procedure of Figure 4, it is directly used as aVe have evaluated the performance of GA-Large-SN
heuristic measure for rule pruning. The basic idea here Rcross eight public-domain data sets of the the well-
the same as the basic ideatioé rule pruning procedure known data repository of the UCI (University of
mentioned in section 2. In that section, where the heuristigalifornia at Irvine), available at:

measure was the information gain, it was mentioned thakp. /apww.ics.uci.edu/~mlearn/MLRepository.htm.

the larger the information gain of a rule condition, the

smaller the probabmty of removing that condition from The examples that had some missing value were removed from
the rule. In GA-Large-SN, we replace the informationthese data setdn the Adult data set we have used the

gain of a rule condition withNorm Acc(f), the Predefined division of the data set into a training and a

normalized value of the acaey rate of the attribute test set. In the Connect data set we have randomly
included in the rule condition. Hence, the larger the valu@artitioned the data into a training and a test set with
of Norm_Acc(4), the smaller the probability of removing 47290 and 20267 examples, respectively. In the other
thei-th condition from the rule. The remainder of the ruledatasets we have run a well-known 10-fold cross-

2000a) remains essentially unaltered. The data set is randomly partitioned into 10 mutually-
- exclusive and exhaustive partitions. Then the
Note that the accuracy rate-based heuristic measure fg[5ssification algorithm is run 10 times. In theh run,i =

rule pruning proposed here effectively exploits] 10 thei-th partition is used as the test set, and the
information from the decision tree built by C4.5. Hence, ltremaining nine partitions are grouped and used as the



training set. After the 1Quns are over, the reported is with respect to this parameter, we have done
accuracy rate is the average accuracy rate over all thos&periments with four different values 8f namely 3, 5,
10 runs. 10 and 15. For each of these f@walues, we have done

In our experiments we have used a commonplacf{éen different experiments, varying the random seed used

definition of small disjunct, based on a fixed threshold of®_9enerate the initial population of individuals. The

the number of examples covered by the disiunct. ThEESITS FPOTC] bEOT 1ol Bac LS B o et
definition is: “A decision-tree leaf is considered a small 9

disjunct if and only if the number of examples belongingexperlments. Therefore, the total number of experiments

: - is 40 (4 values ofS * 10 different random seeds). In
to that leaf is smaller than or equal to a fixed §ize addition, recall that each of these 40 experiments actually

In order to better evaluate the performance of GA-Largeeonsists of a 10-fold cross-validation run for most data
SN, it is important to compare it against othersets (with the exception of the Adult and Connect data
classification method(s). In particular, we wanted tosets, where a single division of the data into training and
compare the hybrid system against another method thaist sets was used).

induces rules or trees (which can be straightforwardl

converted to rules). In this case the kind of knowledg th 40 experiments took ; ing time on th
representation used by the systems being compared is t% ese experiments look a processing €o €

same, and the difference in the results will reflect mainlyforde;] of|5|x mmutels fortSheltélggest dalga set, C(?Ir:neptr,] and
differences in search strgies. Hence, we can compare Ogrszg ?g/ii/tl value o8 (15), on a Pentium wit

the evolutionary search strategy of GA-Large-SN againer 0 ’

the local, greedy search strategy of a rule induction oWe now report results comparing the classification
decision tree algorithm. accuracy rate (on the teset) of the proposed hybrid
C4.5/GA-Large-SN with C4.5 alone (Quinlan, 1993) and
with the above-described “double C4.5". We have used
C4.5’s default parameters. In each GA-Large-SN run the

which is used to classify all examples — i.e., both Iargepopulation has 200 individuals, and the GA is run for 50

disjunct examples and sthdisjunct examples. The generations.
second is a “double run” of C4.5, hereafter called “double Table 1: Accuracy Rate (%) of C4.5, “double C4.5”
C4.5" for short. The later is a new way of using C4.5 to (C4.5 (2)) and our hybrid C4.5/GA-Large-SN or 3

cope with small disjuncts, as follows. Data set Cas Ca5(2) C45/GA
The main idea of our “double G is to build a classifier

running twice the algorithm C4.5. The first run considers Connect 72.60(0.3) 78.06(0.3)77.86 (0.1) + -
all examples in the original training set, producing a first Adult 78.62(0.3)  81.19 (0.385.45 (0.1) + +
decision-tree. Once all thexamples belonging to small

disjuncts have been identified by this decision tree, the crx 9179 (21) 9257 (1.2p3.69 (1.2)
system groups all those examples into a single example Hepatitis 80.78(13.3)  78.95 (6.99.25 (9.5)
subset, creating the “second training set”, as described ) ce.votes 93.62 (3.2) 97.32 (2.4)97.18 (2.5
above for GA-Large-SN (see Figure 2(b)). Then C4.5 is _ 62(3:2) 97.32(2.4)97.18 (2.5)

run again on this second, reduced training set, producing aSegmentation 96.86 (1.1)  76.62 (2.8) 81.46 (1.1) - +

iEach run of GA-Large-SN ieelatively fast, so that each

Within this spirit we report the results of experiments
comparing our hybrid C4.5/GA-Large-SN system with
two other classification methods. The first is C4.5 alone

second decision tree. Inhatr words, the second run of  \yaye 75.78 (1.9)  68.18 (3.7$3.86 (2.0) + +
C4.5 uses as training set exactly the same “second

training set” used by GA-Large-SN. This makes the Splice 65.68 (1.3)  55.65(6.050.62 (8.6) +
comparison between GA-Large-SN and “double C4.5”

very fair.

The results are shown in Tables 1, 2, 3 and 4 referring to

In order to classify a new example, the ru_Ies discovered \ 5lues of 3, 5, 10 and 15, respectively. In these tables
by both runs of C4.5 are used as follows. First, the systee first column indicates the data sets. The second

checks whether the new example belongs to a larg ;
disjunct of the first decisiotree. If so, the class predicted €olumn shows the accuracy raia the test set achieved

by the corresponding leaf node is assigned to the ne\?}%lsjcd"s alone, classifying b large-disjunct and small-

example. Otherwise (i.e., dhexample belongs to one of unct examples. The thircolumn reports the accuracy
the small disjuncts of the first decision tree), the new/ate for C4.5(2). The fourtbolumn reports the accuracy

examples are classified ltiye second decision tree. rat'e achieved by our hybrid .C.4.5/GA-Large-SN system,
using C4.5 to classify laggdisjunct examples and our

The motivation for this morelaborated use of C4.5 was GA classify small-disjuncéxamples. The values between
an attempt to create a simple algorithm that was morgrackets are standard deviations. For each data set, the
effective in coping with small disjuncts. highest accuracy rate among the three classifiers is shown

Recall that the hybrid C4.5/GA-Large-SN method has adh bold.
important parameter, namely the small-disjunct size
threshold §). In order to evaluate how robust the method



In addition, in tle fourth column we indicate, for each In Table 3 (where S = 10) C4.5/GA-Large-SN
data set, whether or notethaccuracy rate of C4.5/GA- outperforms both C4.5 alone and C4.5(2) in 6 of the 8
Large-SN is significantlydifferent from the accuracy data sets. C4.5/GA-Large-SHN significantly better than
rates of the other two methods. More precisely, the cas&€34.5 alone in 3 data sets, and the reverse is true in only 1
where the accuracy rate of C4.5/GA-Large-SN isdata set. C4.5/GA-Large-SI$ significantly better than
significantly better (worse) #n the accuracy rate of each C4.5(2) in 3 data sets, and the reverse is not true in any
of the other two methods is indicated by the “+” (“-") data set.

symbol. A difference between two methods is deemeq, 1 pie 4 (where S = 15) CA4.5/GA-Large-SN

significant when the correspding accuracy rate intervals N ;
(taking into account the standard deviations) do no utperforms both C4.5 alone and C4.5(2) in 6 of the 8

overlap ata sets. C_4.5/GA-Large-SiN significantly _better 'ghan

) C4.5 alone in 3 data sets, and the reverse is true in only 1
Let us now analyze the results of Tables 1, 2, 3 and data set. C4.5/GA-Large-Si significantly better than
starting with Table 1 (where&s = 3). In this table C4.5(2) in 3 data sets and the reverse is not true in any
C4.5/GA-Large-SN outperforms both C4.5 alone andlata set.

C4.5(2) in 5 of the 8 data sets. C4.5/GA-Large-SN is Table 4: Accuracy Rate (%) of C4.5, “double C4.5"

significantly better than C4.5 alone in 3 data sets, and th ; _ )
reverse is true in only 1 data set. In addition, C4.5/GA-‘?C4'5 (2)) and our hybrid C4.5/GA-Large-SN B 15

Large-SN is significantly better than C4.5(2) in 4 data Data set C4.5 C4.5(2) C4.5/GA
sets, and the reverse is true in only 1 data set. Connedt 7260 (03) 74.95 (03)76.01 (03) + +
) 0 p »

e e e’ At 7082009 142909 183202)++
Data set cas Ca50) CAE/GA Crx 91.79 (2.1) 90.02 (0.8) 90.40 (2.4)
Connect 72,60 (03) 77.00 (0.3)77.85 (02) + + Hepatitis 80.78(13.3) 66.16 (19.182.52 (7.0)
Adult 78.62 (0.3) 79.27 (0.3) 85.50 (0.2) + + House-votes 93.62(3.2) 88.53(8.495.91 (2.3)

Crx 9179 (2.1) 92.03 (1.0) 93.06 (1.6) Segmentation 96.86 (1.1) 73.82(5.8) 77.11(1.9) -

Hepatits ~ 80.78(13.3) 75.67 (17.139.48 (9.7) Wave 75.78(1.9) 65.53(4.0)82.65(3.7) + +
Splice 65.68 (1.3) 64.35 (4.7) 70.62 (5.5)

House-votes 93.62(3.2) 93.54 (3.997.44 (2.9)
Segmentation 96.86 (1.1) 74.49 (3.4) 80.41(1.0) - +
Wave 75.78 (1.9) 65.59 (4.4)85.31 (2.4) + +
Splice 65.68 (1.3) 57.45 (8.7) 70.44 (7.8)

We can summarize the results of the above four tables as
follows.

X C4.5/GA-Large-SN outpormed C4.5 alone in
87.50% of the data sets f&= 3 andS =5, and in

In Table 2 (wheré& = 5) C4.5/GA-Large-SN outperforms 75%forS =10 ands = 15.

both C4.5 alone and C4.5(2) in 7 of the 8 data setsx C4.5/GA-Large-SN outperformed C4.5(2) in 75% of
C4.5/GA-Large-SN isignificantly better than C4.5 alone the data sets fd = 3, and in 100% fo=5,S= 10

in 3 data sets, and the reverse is true in only 1 data set. andS=15.

C4.5/GA-Large-SN isignificantly better than C4.5(2) in
4 data sets, and the reverse is not true in any data set.

Considering the results of the three methods for every
data set and every value 8fthe best accuracy rate

Table 3: Accuracy Rate (%) of C4.5, “double C4.5” was obtained by C4.5/GA in 78.2% of the cases, by
(C4.5 (2)) and our hybrid C4.5/GA-Large-SN far 10 C4.5 alone in 15.6% of the cases, and by C4.5(2) in
0
Data set C45  C45(2)  C45/GA ~ only 6,2% of the cases. _ o
Connect 72.60 (03)  76.19 (0.3)76.95 (0.01) + + Finally, a brief comment on computational time is

appropriate here. We have mentioned, at the beginning of
Adult 78.62 (0.3) 76.06 (0.3) 80.04 (0.1) + + section 3, that one of our motivations for designing GA-
Large-SN was to reduce messing time, by comparison

Crx 91.79(2.1) 90.78(1.2) 9166 (18) with GA-Small. We have done an experiment comparing
Hepatitis 80.78(13.3) 82.36 (18.795.05 (7.2) the processing time of both GA-Large-SN and GA-Small,
on the same machine, in the same data set, namely the
H -vot 93.62 (3.2) 89.16 (8.0p7.65 (2.0 . . ’ A
ousevo e.s (3.2 (8.09 (2.0) Connect data set — which is the largest data used in the
Segmentation 96.86 (1.1) 72.93 (5.5) 78.68 (1.1) - above-reported experiments with GA-Large-SN. We
Wave 75.78 (1.9) 64.93 (3.9)83.95 (3.0) + + observed that GA-Large-SN takes about only 12% of the

processing time of GA-Small in the Connect data set.
Splice 65.68 (1.3) 61.51 (6.6) 70.70 (6.3)
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Abstract
The paper presents the potential of genetic

programming (GP)-generated symbolic regression
for linearizing the response in statistical design of
experiments when significant Lack of Fit is detected
and no additional experimental runs are
economically or technically feasible because of
extreme experimental conditions. An application of

uncorrelated and normally distributed with mean zero and
constant variance.

Some useful transformations are discussed in Box and
Draper.(1987). Unfortunately, transformations that
linearize the response withaaffecting the error structure
are not always obvious and are often developed based on
experience or theoretical insight. Genetic programming
(GP)- generated symbolic regression provides a unique
to test these

this approach is presented with a case study in an opportunity rapidly develop and

industrial setting at The Dow Chemical Company. transformations. Symbolic regression includes the
finding of a functional mathematical expression that fits a
given set of data (Koza, 1992).

1 INTRODUCTION . o .
GP-generated symbolic regression is an evolution-based
The complexity of some indtrial chemical processes algorithm for automatically generating nonlinear input-
requires that first-prinple or mechanistic model be output models. Several possible models of the response
considered in connection witmpirical models. At the as a function of the inpuvariables are obtained by
basis of empirical models is that underlying any systengombining basic functions, inputs, and numerical
there is a fundamental relationship between the inputs angbnstants. This multiplicity of solutions offers a rich set
the outputs that can be localgpproximated over a of possible transformations of the inputs. At the same
limited range of experimental conditions by a polynomialtime, the most significant challenge of GP-generated
or a linear regression model. transforms is that most models are not parsimonious and

Suitable statistical techniques such as design dfclude chunks of inactive code or terms that do not
experiments (DOE) are available to assist in this procentribute to the overall fitness (Banzlwfal 1998) and
(Box et al| 1978). The capability of the linear model to that may prove inefficient in producing a linearizing
represent the data can be assessed through a formal L%@nsformaﬂon. This problem can be managed to some
of Fit (LOF) test when eperimental replicates are 9€gree at the expense of extra-computation time by
available (Montgomery, 1999). Significant LOF in the @PPropriate algorithms that quickly test the ability of
model indicates a regression function that is not “neart’ransforms to linearize the response without altering error
i.e. the polynomial initially considered is not appropriate.Structure.

A more adequate model may be found by fitting aThe application of GP in DOE and the potential of
polynomial of higher order by augmenting the originalcombining them offer a unique set of opportunities that is
design with additional experimental runs. Specializetheginning to grab the attention of researchers and
designs such as the Central Composite Design aifdustry. Experimental design techniques have already
available for this purpose (Bt al, 1978). been used to evaluate the effects of GP parameters
However, there are many practical cases where runs a(gpoonger, 2000). An excellent discussiorafgforithm-
very expensive or technia unfeasible because of driven regression based on genetic programming for
extreme experimental conditions, thus making the fit of aolving supersaturated designs is presented in &edh
higher order polynomial impractical. This problem can(2001).

be h'andled if appropriatg input transformations are usedpn this paper, a novel approach of integrating GP
provided that the basic assumption of least-squargiith DOE is presented. This approach has the

estimation regarding the probability distributions of errors . : ; -
is not affected. These assumptions require that errors eotentlal to improve the effectiveness of empirical



model building by saving time and resources in situations Table 1: 2 factorial design withihree center points
where experimental runs are quite expensive or

technically unfeasible because of extreme experimental 1RUNS )1(1 X1’ )1(’ )1(“ 1Sf598
conditions. GP is applied to the development of variable 2 0 0 0 0 1.419
transforms that linearize the response in statistically 3 0 0 0 0 1.433
designed experiments for a chemical process in The Dow g i i 11 i iﬁ%
Chemical Company. 6 1 1 1 1 1607
7 -1 1 1 -1 1.195

8 1 1 1 -1 2.027

2 METHODOLOGY 9 1 01 a1 1 1111
A series of experimental runs were performed in a lab 1(1) :i L :i :i i-igg
scale reactor in four variable§he response variable was 12 1 1 a1 1 1'453
the selectivity of one of thproducts. These experiments 13 1 1 1 1 177
were statistically an_alyzedwd the effect pf _the variables 14 1 1 1 1.047
as well as a prediction of éhresponse within the area of 15 1001 1 1 1.175
experimentation was well understood. LOF was induced 15 1 1 1 1 1.923
by removing one experimental run to simulate a common 1/ 1 11 4 1.59
: . . - g L e 18 1 -1 1 -1 1811
situation in which LOF is significant and additional 19 0 0 0 0 1412

experimental runs are impractical due to the extreme cost
of experimentation or because it is technically unfeasible o o
due to extreme experimental conditions. In this systerRonsidering only terms thadre significant at the 95%
the potential of GP-generated transforms was studiegonfidence level.

allowing the comparison of results with a well-known k I
system. o i%

ijxixj: (1):

The appropriateness of nerated transforms to ' . . .
Iinearizgpthg response witr%ﬁffecting error structure 1aple 2 shows the correspang Analysis of Variance
was assessed by performing the transformations presente@eWing evidence of Lack of Fip & 0.0476). Therefore,

in the functional form of the GP model. Then a linearthe hypothesis that a first-order model can adequately
regression model was fit in the transformed inputs. Thiglescribe this system is rejected.

model, referred to as theansformed linear modgwas

examined for Lack of Fit ahappropriate error structure. Table 2 - Analysis of variance for the linear model

Both models, the transformed linear model and the |G&urce DF |Sum of Squares [Mean Square |F Ratio
model, were tested considering 9 additional experimgrts
in the region of the design. The validity of the results gdel 8 1.5091186 0.188640 107.6350
determined by comparing model predictions with {geror 9 0.0157733 0.001753 Prob > F
previously analyzed experiments and with a fundameptal
kinetic model (FKM) that was earlier developed. Tjfe Tot@l 17 | 1.5248919 <.0001
results indicate that GP-gerated transformations haJe ack Of Fit
the potential of linearizing the response in those cgses :
where additional experimental runs are not possible. |Source  |DF |Sum of Squares |Mean Square |F Ratio
Lack Of Fit 7 0.01555519 0.002222 20.3775

3 THE EXPERIMENTAL DESIGN Pure Error | 2 0.00021810 | 0.000109  [Prob>F
The experiments conducted in lab-scale therjiatal Error | 9 0.01577329 0.0476
chlorination reactor systeroonsisted of a complete” 3 M

. . . . ax RSq
factorial design in the factors;,xx,, X3, X4, with three
center points. A total of 19 experiments were perfornjed. 0.99
The response variable,,Svas the yield or selectivity o

one of the products. The factors were coded to a value of
-1 at the low level, +1 at the high level, and 0 at the

center point. The complete design in the coded variableE"® corresponding residual plot, presented in Figure 1,
is shown in Table 1 suggested non-constant variance, which is one of the

.. nhecessary conditions of the error structure for least-square
To develop a base case and test for variableqimation

transformations, LOF was induced by removing run
number 1 of the experimental design. The respopse S
was fit to the following first-order linear regression
equation



and power. Function generation takes 20 runs with 500

0.075 population size, 100 number of generations, 4
- reproductions per generation, 0.6 probability for function

0.0507 . as next node, 0.01 parsimony pressure, and correlation
_ - coefficient as optimization iteria. A shapshot of the
‘é’ 0.0254 | .- input/output sensitivity is shown in Figure 2, which shows
? X1 as the most important input.
¢ 0.0004+— — — —"— s — — — —

-0.0254  ° - )

10 12 14 16 18 20 22
Predicted Response

Figure 1 - Residual pldor first-order linear model
suggesting non-constant variance

Under these circumstances, a variance-stabilizing power
transformation of the responsg (was performed (Box
and Cox, 1964). The response was transformeg to
where the parametervaries from —2 to 2 and the choice
of that results in the minimum residual sum of squares
of the transformed model is the maximum likelihood
estimation of and the best transformation of the
response. In the prederase, however, the power The selection of the best candidates is based on a trade-off
transformation resulted in avalue of 1 indicating that no between the fitness of the function and the ability to
transformation of the responseas helpful. Cases like linearize the response whilegolucing an acceptable error
this are quite common in indtrial processes. The next distribution.  From the set of potential non-linear
alternative to be investigated is the transformation of thequations the best fit between model prediction and
input variables by meansf GP-generated symbolic empirical response was foufat the following analytical
regression. function:

Figure 2 GP-based Input/output sensitivity of the four
input variables

3.1 THE GP-GENERATED
TRANSFORMATIONS

The GP approach will be used to search for potentigl here x. %. X are the input variables and B the
transforms of the input variables. The GP algorithm waOutput A KXo Xa Xa P

applied to the original data set, considering the response
variable as the output and the four variablesxx X, X4, The correlation coefficient between the analytical
in uncoded form as inputs. This resulted in a series dunction and the empirical data was 0.95. This nonlinear
non-linear equations that satisfied the data.  Thequation indicates an exponential relationship withax
functional form of these equations produced a rich set dbgarithmic relationship with ¢ a linear relationship with
possible transforms that were tested for the ability to,, and an inverse relationship with, s shown in Table
linearize the response without altering error structure. AB. To test the capability dhese transforms to linearize
advantage of this approachttsat experience or physical the response, the followingamsformations were applied
interpretation may be used to identify promisingto the input variables as supplied by the GP function (2).
transforms, which were previously unavailable to the

experimenter.  An additional advantage is that GP Table 3 - Variable transformations suggested by GP

s . : . model
generates a sensitivity analysis ranking all the input
variables in order of importance to the fithess of the Original Variable | Transformed Variable
equations ( Kordon and Smits, 2001) allowing to verify
significant factors in the linearized models. X1 Z1= expy2x
The GP algorithm is implemented as a toolbox in X2 Z2=%
MATLAB. The initial functions for GP included: X3 Zs = In[(x3)]]
addition, subtraction, multiplication, division, square, -
change sign, square root, natural logarithm, exponential, X4 Z4=%




The transformed linear model and the nonlinear GP model
ere used to predict the selectivity to the output at the
d conditions of experiment 1 (the experiment removed from
gpe original data set in order to induce Lack of Fit).

Then a first-order linear regression model (i.e., the'

transformed linear model) wafit to the transforme
variables. Table 4 shows the corresponding paramet
estimates. The analysis wériance, presented in Table
5,shows no evidence of LOF indicating that the GP-
generated transformations were succesful in linearizing

the response.

Table 4 - Parameter estimates for transformed linear
model

Figure 3 - Residual plot for the transformed linear model

Figure 4 shows the plot of predicted versus actual values

Residual

0.025

0.020— B
0.0154
0.0104
0.0054
0.000=o7 — & —F— — — — —
-0.005— . -

10 12 14 16 18 20 22

Predicted Response

for the two models.

Table 5 - Analysis of variance for transformed linear
model

The transformed linear model itself is less parsimonious
than the nonlinear GP model including even third order
iterations. However, the model is very significant.

The corresponding residual plot for the transformed linear
model is presented in Figure 3. This plot indicates no
violation regarding basic assumptions for the probability
distribution of errors requirely least squares, indicating
that the GP-generated tsiarmations linearized the
response without altering the error structure of the model
produced. One observation is that the residual of one
center point is larger than thmesiduals of the other two
center points. However, in the original analysis, this data
point had also been excluded due to problems with
experimental conditions during the run.

Figure 4 - Predicted versus actual values for the
transformed linear and the nonlinear GP model



The point corresponding to experiment 1 is indicated irGenetic programming was used to generate a nonlinear
the figure by an asterisk. The performance of bottimodel for the output as a function of four experimental
models was very good. The correlation coefficient wayariables. The form of the nonlinear model was used to
0.99 for the transformed linear model, and 0.978 for théuggest input variable transformations for a linear model.
GP model. The resulting transformed linear model showed no
The nonlinear GP model gives a more accurate predictiopvidence of Lack of Fit. No additional experimental data
for the value of the removed point. But both modeldhad to be used in the analysis to achieve this result. The
predict an increase response by operating at conditions 8fccess of this industrial plication illustrates the great
high %, X, Xs, and low %. These results were consistent Potential of using GP to adels Lack of Fit in linear
with the results obtained previously by analyzing the fullfégression problems. This approach can improve the
design and by a fundamental kinetic model. effectiveness of empirical model building by saving time

3.2 THE TESTING DATA SET

The prediction capabilities of the transformed linear
model and the GP model were tested with nine additional
experimental points within the range of experimentation.
This is a relative small data set because of the cost and
difficulty of experimentation. Plots of the predicted
response for the transformed linear and the GP model
versus the actual values, presented in Figure 5, indicate
good performance of both models indicating that the
models are comparable in terms of prediction with
additional data inside the region of the design. The
correlation coefficient was 99 for the transformed linear
model, and 0.98 for the GP model. The selection of one
of these models over the other would be driven by the
requirements of a particular application. For example, in
the case of process control, the more parsimonious model
would generally be preferred.

4 CONCLUSIONS

In the course of conducting designed experiments, Lack
of Fit is often encountered, indicating that the proposed
linear regression model fails to adequately describe the
data. One traditional approach to address this problem is
to introduce higher order terms to the linear model. This
is accomplished by adding experiments to the original
design, which can be time-consuming, costly, or may be
technically unfeasible because of extreme experimental

conditions. Figure 5 - Predicted versus actual values for additional
A second approach is to use transformations to avoiflata
additional ~experimentation. One technique isand resources when experiments are expensive or

transformation of the responses, but this is not alwaygifficult. However, more systematic research in the area
effective. In those casesransformation of the input of defining a methodology for robust nonlinear response
variables may be the only alternative to remove Lack okurface generated by GP is recommended..

Fit and provide an appropriate model. Unfortunately
these transformations are not always obvious and ar
often developed based on experience or theoretica
insight. GP provides a way to rapidly develop and tesBanzhaf W., P. Nordin, R. Keller, and F. Francone,

these transformations so that those appropriate line&enetic Programming: An Introduction Morgan
models are developed. Kaufmann, San Francisco, 1998.

The genetic programming (GP) algorithm wasBox, G.E.P, and Draper, N. FEmpirical Model Building
successfully applied to thesdts of DOE in a chemical and Response Surfagd®hn Wiley and Sons, New York,
process in Dow Chemical Ggpany. Experimentation in 1987.

this system is difficult and time-consuming due to the

severe conditions of the experiments. Data for the

interested output were manipulated to induce Lack of Fit.
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Abstract A
12
The Yard Allocation Problem (YAP) is a real-life 11
resource allocation problem faced by the Port of 1
Singapore Authority (PSA). We brst show that 8 )
YAP is NP-Hard. As the problem is NP-Hard, % 7 ) o
we propose a Genetic Algorithm approach. For 5 O Rs Zg T
benchmarking purposes, Tabu Search and Sim- > JF(Yag)=4 & <
ulated Annealing are applied to this problem as 3 E(V3)=3 Y g
well. Extensive experiments show very favorable f T 3start T3end
results for the Genetic Algorithm approach. 0 4 4 >
OHNO’)WLO@NOOO‘»S:{&QS‘QS
Time T

1 INTRODUCTION

Figure 1: Avalid request
Singapore has one of the worldOs busiest ports in terms of
shipping tonnage with more than one hundred thousand .

: X . o our conclusion.

ship arrivals every year. One of the major logistical prob-
lems encountered is to use the minimum container yard
necessary to accommodate all different requests. Each r& PROBLEM DEFINITION
guest consists of a single time interval and a series of yard
space requirements during the interval. An interesting conThe main objective of the Yard Allocation Problem (YAP)
straint applying to every request is that the length of thes to minimize the container yard used while satisfying
required space can either increase or remain unchanged a the space requirements. The formalrdiion of the
time progresses, and once yard space is allocated to a cgrroblem can be described as follows:
tain request, that portion of the yard space cannot be freed
until the completion of the request. The current allocationinstance: A set of yard space requests and an
is made manually, hence it requires a considerable amourtbnite container yard . has series
of manpower. of (continuous) space requirements with length

This paper is organized in the following way. Section ZOutput' A mapping f‘unction such that

gives a formal problem debnition. This geometrical prob-Where ' is some position ,on _ '
lem is then transformed into a graph problem in Section 3C0nstraint: such that

For benchmarking purpose, we briel3y discuss two heuris- and '
tics, namely Tabu Search and Simulated Annealing, app”eg)bjective' To minimize:

on YAP in Section 4 and 5 respectively. Section 6 illustrates ' )
our application of Genetic Algorithms on YAP in details,
and various genetic operators are presented in this section.

Section 7 compares the different experimental results ob-

tained by those three heuristics. In Section 8, we preserinh other words, the objective is to accommodate all requests
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Figure 2: Fivevalid requests on yard The Sh|p Berthing Problem (SBP) wésst introduced in
[Lim98]. The SBP has a similar ctxguration except all the
requests are of rectangular shape instead of SLS. [Lim99]

o has provided an NP-Hard proof for SBP by reducing the

1 - Set Partitioning Problem to SBP. As SBP is special case of
% EnEEEE YAP and YAP is in the class NP, YAP is NP-Hard.
o R

= ? o R4 3 GRAPH TRANSFORMATION

T 6 = =

> Z ] Figure 2 illustrates the problem geometrically. However,
3 R1 L R5 the direct model may not be kdiently manipulated. We
2 R2 I brst transform the geometrical layout into a graph. Figure 4
(1) _ is the corresponding graph transformation of thelgpra-

CHNMTWONOO QAN TNG tion in Figure 2. Each request is represented by a vertex
Time and there exists an edge connecting and  iff

and have an overlap at some time. The direction of the
edge determines the relative position of the two requests in
the physical yard. Take Figure 2 again as an example, both
and require some space at timg¢ , and , there-
fore in Figure 4 there is an edge betweenand . Since
is located above |, the direction of edge is from
We use an example to illustrate thekdéion. Figure 1 to . We name this edge . Clearly, the transformed
shows a layout with only onealid requests . The yard  graph is a Direct Acyclic Graph (DAG). In a DAG, each
is treated as an Imite straight line. Time becomes vertex can be assigned an Acyclic Label (AL) and

Figure 3: Fiveinvalid requests on yard

with the minimum amount of yard space used.

a discrete variable with a minimum unit of has the edge implies . Note that each
six space requirements within interval ( is unique.

). The bnal position for and are

and respectively. The corre- |emma 1 For each feasible layout of the yard, there exists
sponding output for  will then be . Note  atleast one corresponding AL assignment of the vertices in
all our pre-déned constraints hold as the graph representation.
and . The comes from

with the value of : A simple constructive proof can be obtained by the well-

*mown Topological Sort algorithm. An AL assignment can

We simply call each request a Stair Like Shapes (SLS
Py d pes ( also be interpreted as a permutation of

throughout this paper. Figure 2 showge valid requests
with the minimum yard required of . Though the pack- A GreeOSLS is the one with no other SLS above it, i.e.
ing in Figure 3 looks more compact, in fact, all allocationsthere is no obstacle blocking it from being popped out from
areinvalid as the containment constraint is violated. the top of the layout. Again, use Figure 2 as example. At
the brst iteration of the loop, and  are the only two
Theorem 1 The Yard Allocation Problem (YAP) is NP- GreeQSLSs. If we assign , in the second



iteration,  will become a newdreeDSLS. The process
continues until no more SLS is left in.

The AL assignment only has the partial order property.
Each physical layout may correspond to more than one
AL assignments due to the lack of total order property.
and
are two possible AL assignments.

This one-to-many relationship between physical layout and
AL assignments in the graph representation will incur a
huge amount of confusion in heuristic searches, including
Genetic Algorithms, etc. Heuristic methods tend to iden-
tify certain good patterns which may potentially lead to a
better solution while exploring the search space. Two very
different looking solutions, which may actually correspond
to the same physical layout, will make it very laiult for

the heuristic to indentify the correct patterns.

We can avoid such confusion by normalizing the AL as-
signment. When there are more than one SLSs to be
popped out, we break the tie by selecting the SLS with
the smallest label. Each un-normalized AL assignment is
used to construct the corresponding DAG. Then a Topo-
logical Sort with above-mentioned tie-breaker will give the
uniqueAL assignment. From this point onwards, all our
solutions are represented by their normalized unique AL
assignments.

Each physical layout now has a unique AL assignment.
Naturally, the optimal layout has an optimal AL assign-
ment. Our goal is td>nd out such an optimal AL assign-
ment. One of the major operations, the evaluation of a
given AL assignment, turns out to be non-trivial.
[Lim98] [FLOO], a longest path algorithm on a DAG was
used tobnd the minimum berth length needed. However
YAP deals with SLS, whose relative position and distance
cannot be calculated in a straight-forward way, unlike rect-
angles. We have to use a recursive procedurentdb the
minimum yard needed for a given AL assignment

The recursive function

Evaluate-Solution ( )

Yard

Figure 5: Before dropping:

Yard

OcdNMNMSTOHONOOO O NM <t I ©
Time

is ceiling aligned

OdNMNMSTNHONOOO O NM < D ©
Time

In SBP Figure 6: Each stair of drop by . Stairs attime and
are in theirbnal positions. Those stairs which can drop
'further are in dark color surrounded by a rectangle

uses a greedy approach to

1 while exists unallocated SLS
2 pick SLS with largest AL

3 Drop( )

4 foreachtime

5 if

6

7 return L

Drop ( )

1 lowest position to drop all stairs (time)
2 if

3

4 forall stair after
5 drop to position
6 Drop( )

drop a given SLS to a position as low as possible. We illus-
trate the details through Figures 5, 6 and 7: has seven
space requirements starting from timaill is brst
aligned to the ceiling before the process starts (Figure 5).
Thenfromtime to , webnd the maximum distance that
eachGstailOcan drop, without exceeding a lower bound of
. The minimum amongst all the maximum possible drop
is used. In this case, the minimum distance a$ given
attime and hence every stair is shifted down byfFig-
ure 6). Because of the initial ceiling alignment, no further
shifting down is needed for all stairs at time (inclusive)
onwards. Note that the surface was touched at time

Stairs from time to , which are surrounded by a rectan-
gle in Figure 6, can still be dropped further but this time
with a lower bound of , which is the height of the pre-



Up to now, we have built a one-to-one relationship between
physical layout and the AL assignment
The problem is tdond the optimal AL assignment.

4 TABU SEARCH

Yard

Tabu Search [GL97] [Ham93] is a local search meta-
heuristic. According to the different usage of memory, con-
ventionally, Tabu Search has been clesdiinto two cate-
gories: Tabu Search with Short Term Memory (TSSTM)
and Tabu Search with Long Term Memory (TSLTM)
OTNONTWOr PR ZIREIAS . [GL97] [SY99]. Tabu Search can also be hybridized

Time with other heuristics, like Squeaky Wheel Optimization
[CFLO2].

1

1

1
9
8
7
6
5
4
3
2
1
0

Figure 7: Final layout
4.1 TABU SEARCH WITH SHORT TERM

) , . . MEMORY
vious touching surface at time . The dropping process

completes after a few more recursions attimg and . Our TSSTM implementation consists of two major compo-
The Pnal layout is shown by Figure 7. Note the worst casenents: neighborhood search and the tabu list. The neighbor-

time complexity for is , Where is the number  hood solution can be obtained by swapping any two ALs in
of requests and is the average time span for all requests. the AL assignment. For example:

Lemma 2 For a given AL assignment, the greedy dropping

approach always returns the layout with minimum yard
used. by interchanging the positions ofand . However, certain

swaps, after normalization, may be identical to the origi-

Proof. The proof of the correctness of a greedy algorithmnal AL assignment. Such solutions are excluded from the
consists of two parts: First, the greedy choice always lead§eighborhood for éfciency.

to an optimal solution, or any optimal solution can be trans-q,r selution is represented in an AL assignment, which is
formed into a solution obtained by the greedy choice. Secyst 4 series of numbers. Due to this simplicity, our Tabu
ond, the problem has an optimal sub-structure, i.e. ¢ st js implemented to record the whole AL assignment for
global optimal implies local optimal. The optimal sub- 5 certain number of solutions recently visited. To be more

structure property is obvious for YAP. To show the greedyeﬂocient, string matching algorithms are used to identify
choice property, we compare the solutionobtained by  ihetabu activesolutions.

greedy dropping approach with any arbitrary optimal solu-

tion . Consider the following algorithm: 42 TABU SEARCH WITH LONG TERM

Compact ( ) MEMORY
1 let set of SLSs;
2 while is not empty We implemented TSLTM in two phases: Divdpsation
3 pick SLS with largest AL and Intendpcation. We used two kinds of diveksiation
4 for ( ) techniques, one is a random re-start and the other is to ran-
5 et position of in domly pick a sub-sequence and insert it into a random po-
6 let position of in sition. For example:
7 if
8
if is chosen as the sub-sequence and its inverse (or
The algorithm will transform any optimal solu- original, if random) is inserted at the back. Intdwsition

tion into a corresponding solution that can be obtained bys similar to TSSTM. TSLTM usesfaequencybased mem-

the greedy approach without increase the amount of thery by recording bothresidencefrequency andransition

yard used. Note line is based on the fact that no opti- frequency of the visited solutions. In our implementation,
mal solution can allocate in a lower position than greedy residence frequency is taken as the number of times that the
approach. in the selected solution



in each iteration. The transition frequency is taken as th
summation of the improvements when is swapped
with . The sum can be either positive or negative.

Diversibcation and Intengication are interleaved and dur-
ing either phase, the residence frequency and transition fr
guency are updated according to the current selected solu

tion. The objective function has three contributors. Be-

sides the length of the yard space required, both residence

frequency and transition frequency are used to evaluate thIra

solution.

5 SIMULATED ANNEALING

Simulated annealing [Haj88], [KGV83], [OG89] is a very

general optimization method which stochastically simu-

lates the slow cooling of a physical system.

We used the following Simulated Annealing algorithm on
our problem:

Step 1. Choose some initial temperatureand a random ini-
tial starting cofpguration . Set . Debne the
Obijective function (Energy function) to be  and
the cooling schedule.

Step 2. Propose a new deguration, of the parameter
space, within a neighborhood of the current state

by setting for some random vector.
Step 3. Let . Accept the move to with
probability

if
otherwise

Step 4. Repeat Step 2 and 3 for of iterations, until it is
deemed to have reached the equilibrium.

Step 5. Lower the temperature by and repeat Steps
2-4 until certain stopping criterion, for our case
is met.

Due to the logarithmic decrement of we set

The Energy function is simply d®ed as the length of the
yard required. The probability is known as the
Boltzmann factor. The number of iterations is propor-
tional to the input size . The neighborhood is ¢eed sim-
ilarly as the one in Tabu Search, which are swapping of an
two AL and re-positioning of a random AL subsequence.

6 GENETIC ALGORITHM

S

dt is clear that the classical binary representation is not
a suitable in YAP, in which a list of Acyclic Labels

is used as the solution representation. The
solution space is a permutation of The
binary codes of these AL do not provide any advantage
ometimes the situation is even worse: the change of a
smgle bit may not result in a valid solution. We adopt a
vector representation, i.e. use the AL assignment directly
s the chromosome in the genetic process. We will illus-
te the two major genetic operators used in our approach,
crossover and mutation.

6.1 CROSSOVER OPERATOR

Using AL assignment as chromosome, we have imple-
mented three crossover operators:

Classical crossover with repair.
Partially-mapped crossover.

Cycle crossover.

All these operators are be tailored to suit our problem do-
main. A tiny change in the crossover operator may act in
totally different manners.

6.1.1 Classical Crossover with Repair

The Classical Crossover operator is the simplest among the
three methods mentioned above. It builds the offspring by
appending the head from one parent with the tail from the
other parent, where the head and tail come from random
cut of the parenf&chromosomes. A repair procedure may
be necessary after the crossover [Mic96]. For example, the
two parents (with random cut point marked &

and

will produce the following two offsprings:

and

However, the two offsprings are not valid AL assignments
after the crossover. A repair routine replaces the repeated
ALs with the missing ones randomly. The repaired off-
%prlngs will be:

and

Genetic Algorithms [Hol75] are search procedures that us@ he classical crossover operator tries to maintain the abso-

the mechanics of natural selection and natural genetics.

lute AL positions in the parents.



6.1.2 Partially Mapped Crossover will produce thebrst offspring by taking théerst AL from

) . thebrst parent:
Partially Mapped Crossover (PMX) walrst used in

[GL85] to solve the Traveling Salesman Problem (TSP).

We have made several adjustments to accommodate our

chromosome (AL assignment) representation. The modiSince every AL in the offspring should come from one of
ped PMX builds an offspring by choosing a subsequencéts parents (for the same position), the only choice we have
of an AL assignment from one parent and preserving thét this moment is to pick AL, as the AL from parent
order and position of as many ALs as possible from thgustelowOthe selected. In , itis in position , hence:
other parent. The subsequence is determined by choosing

two random cut points. For example, the two parents:

and which, in turn, implies AL , as the AL from  (belowO
the selected:

would produce offspring as follows. First, two segments
between cutting points are swapped (symbakepresents

~ ~ g Following the rule, the next AL to be inserted is How-
@nknowrOfor this moment): 9

ever, selection of requires the selection of, which is
and already in the list. Hence the cycle is formed as expected.

The swap denes a series of mappings implicitly at the

. The remainingd@® areblled from
same time:

and

The @nknowr® are therblled in with AL from original ~ Similarly,
parents, for which there is no cRiat:

and
The CX preserves the absolute position of the elements in

the parent sequence [Mic96].
Finally, thebrstuin  (which should be, who will cause

a cor3ict) is replaced by because of the mapping
. Note such replacement is transitive, for example, th
second u in  should follow the mapping
and is hence replaced by The bnal offspring

Our experiments shows Classical crossover and CX have a
oStable but slow improvement rate according to time while
PMX demonstrates an oscillating but fast convergence
trend. In our later experiments, majority of the crossover
is done by PMX. Classical crossover and CX are applied at
a much lower probabilities.

are:

and
6.2 MUTATION OPERATOR

Mutation is another classical genetic operator, which al-
ters one or more genes (portion of the chromosome) with
a probability equal to the mutation rate. There are several
known mutation algorithms which work well on different
problems:

The PMX crossover exploits important similarities in the
value and ordering simultaneously when used with an ap
propriate reproductive plan [GL85].

6.1.3 Cycle Crossover

Original Cycle Crossover (CX) was proposed in [OSH87], Inversion: invert a subsequence.
again for the TSP problem. Our CX builds offspring in

such a way that each AL (and its position) comes from one
of the parents. We explain the mechanism of the CX with

following example. Two parents: Displacement: select a subsequence and insert it back
in a random position.

Insertion: select an AL and insert it back in a random
position.

and
Reciprocal Exchange: swap two ALSs.



In fact the Inversion, Displacement and Reciprocal Ex-

change are quite similar to our neighborhood solution and Table 2: Experiment running time (seconds) for Table 1.

diversipcation techniques used in Tabu Search and Simu- DataSet TSSTM TSLTM  SA  GA

lated Annealing in previous sessions. We adopt a relatively Sﬁ? ?gg gggi ig;g 223
low mutation rate at 1%. R145 1215 3693 2233 784
The population size is set for most cases. The R178 2568 5362 2576 1023
evolution process starts with a random population. The R188 2523 7822 3529 1321
population is sorted according to the objective function, the Egg Zg% 1(5()7;3:)’9 gggi ég;g
best the quality, the higher the probability it will be selected R236 5027 11053 5892 2453
for reproduction. At each iteration, a new generation with R213 4891 10476 6342 4322

population size is produced and the better half, which
is of size , survive for the next iteration. The evolution
process continues until certain stop criterion are met.

7 EXPERIMENTAL RESULTS

Table 1: Experimental results (Entries in the table shows
the minimum length of the yard required. Name of Data Set
shows the number of SLSs in tiwe; LB:Lower Bound)

DataSet LB TSSTM TSLTM SA GA

R126 21 28 26 25 24
R117 34 39 37 34 34
R145 39 50 45 42 39
R178 50 69 69 66 55
R188 74 105 98 102 79
R173 77 98 91 98 79
R250 83 141 119 117 89
R236 97 139 130 114 101 : . : .
R213 164 245 246 245 187 Figure 8: Physical layout of 117 SLSs (requests). Data Set:

R117

We conducted extensive experiments on randomly gener- . - -
ated dath The graph for each test case contains one Con[esults, wh|c.h are within 8% of the trivial lower bound at
nected components, in other words, the test cases cann®ost of the time.

be partitioned into more than one independent sub-casqable 2 shows the running time for each of the test per-
Due to the dibculties of Pnding any optimal solution in  formed in Table 1 on a Dual-CPU (Pentium Il 800MHz
the experiments, a trividbwer boundis taken to be the each) Linux machine. It is clear that GA is also the most
sum of the space requirements at each time slot and usemst-effective approach.

for benchmarking purpose. . . . . .
gpup Another interesting discovery from the experiments is that

Table 1 illustrates the results. It is not surprising to seethe normalization routine does not improve the results of
that GA outperforms all other heuristics in all test casesGA as much as our expectation. Besides the slowing down
by a considerable margin. TSSTM has the simplest implefactor, it sometimes even degenerates the results. We be-
mentation with the worst results. TSLTM has an obviouslieve that normalization should make the search process
improvement from TSSTM, though the improvement is notmore stable and focus by removing teenfusingfac-

very stable. We believe one of the majortdifilties with  tors. But its side effects, for example reducing the solution
Long Term Memory is the assignment of relative weights tospace, sometimes overwhelm its merits.

yard length, residence frequency and transition frequenc}éigure 8 and Figure 9 provide the graphic results obtained

in the objective function. SA is relatively easy to imple- X :

ment with comparable results to TSLTM. The most suc-b{sGA fortln.puttﬁle R1.17 ?EdtRldtﬁ' 'I(;he heatwlly—shaged d
cessful approach, using Genetic Algorithm, gives the beslS s contain the region that 1S the denses (lower oun )
in both bgures. Due to the stair-like shapes, the packing
1Al test data are available on the WWW with URL: layoutlooks sub-optimal. A closer look reveals further im-

http://www.comp.nus.edu.sdlizh/YAP. provements to be very unlikely.
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