Using Clustering Techniquesto Impr ove the
Performanceof a Multi-Objecti ve
Particle Swarm Optimizer

Gregorio ToscandPulidoandCarlosA. CoelloCoello

CINVESTAV-IPN (EvolutionaryComputationGroup)
Depto.delng. Elect./Secdn de Computaddn
Av. IPN No. 2508,Col. SanPedroZacatencolMeéxico,D.F. 07300,MEXICO
gtoscano@computacion.cs.cinvestav.mx
ccoello@cs.cinvestav.mx

Abstract. In this paperwe presenfan extensionof the heuristiccalled“particle
swarmoptimization” (PSO)thatis ableto dealwith multiobjective optimization
problems.Our approachusesthe conceptof Paretodominanceo determinethe
flight directionof aparticleandis basedntheideaof having asetof sub-svarms
insteadof singleparticles.In eachsub-svarm,a PSOalgorithmis executedand,
at somepoint, thedifferentsub-svarmsexchanganformation.Our proposedap-
proachis validatedusingseveraltestfunctionstaken from the evolutionarymul-
tiobjective optimizationliterature.Our resultsindicatethatthe approachis highly
competitve with respectto algorithmsrepresentate of the state-of-the-arin
evolutionarymultiobjective optimization.

1 Intr oduction

Particle swarmoptimization(PSO)is arelatively recentheuristicinspiredby the chore-
ographyof a bird flock which hasbeenfound to be quite successfuin a wide vari-
ety of optimizationtasks[1]. Its high speedof convergenceandits relative simplicity
make PSOa highly viable candidateto be usedfor solving not only problemswith a
singleobjective function,but alsoproblemswith severalobjectives(called“multiobjec-
tive optimizationproblems”)[2]. In this paper we presenta proposal called“another
multi-objectie particle swarm optimization” (AMOPSO),which extendsPSOto deal
with severalobjectives.Themainnovelty of theapproactconsistson usingaclustering
techniquen orderto divide the populationof particlesinto several swarmsin orderto
have a betterdistribution of solutionsin decisionvariablespace.The introductionof
this mechanismsignificantlyimprovesthe quality of the Paretofronts obtained when
comparingour resultswith respecto othermultiobjective PSOpreviously reportedin
theliteratureandwith respecto algorithmsrepresentatie of the state-of-the-arin evo-
lutionary multiobjective optimization.

2 RelatedWork

Therehave beenseveralrecentproposalgo extendPSOto handlemultiple objecties.
Wewill review next the mostimportantof them:



— The Swarm Metaphor of Ray & Liew [3]: ThisalgorithmusesParetodominance
and combinesconceptsof evolutionary techniqueswith the particle swarm. The
approachusescrowding to maintaindiversityanda multilevel sieve to handlecon-
straints.

— The algorithm of Parsopoulos& Vrahatis [4]: This algorithm adoptsdifferent
typesof aggreyatingfunctionsto solve multiobjective optimizationproblems.

— Dynamic Neighborhood PSO proposedby Hu and Eberhart [5]: In this algo-
rithm, only oneobjective is optimizedat a time usinga schemesimilar to lexico-
graphicordering.A revisedversionof this approachthatusesa secondanpopula-
tion is presentedn [8].

— The Multi-objecti ve Particle Swarm Optimizer (MOPSQO) by Coello& Lechuga
[6]: Thisproposals basedntheideaof having aglobalrepositoryin which every
particlewill depositits flight experiencesftereachflight cycle. Additionally, the
updatego therepositoryareperformedconsideringa geographically-baseslystem
definedin termsof the objective functionvaluesof eachindividual; this repository
is usedby the particlesto identify aleaderthatwill guidethesearch.

— The approach of Fieldsend& Singh [7]: This approachncorporatesan uncon-
strainedelite archive (in which a specialdatastructurecalled“dominatedtree” is
adopted}o storethenondominatedhdividualsfoundalongthesearctprocessThe
archive interactswith the primary populationin orderto definelocal guides.This
approachalsousesa “turbulence”operatorwhich is basicallya mutationoperator
thatactson the velocity valueusedby PSO.

— The algorithm of Mostaghim & Teich[9]: Thisapproachusesasigmamethodin
whichthebestlocalguidesfor eachparticleareadoptedo improvethecorvergence
anddiversity of a PSOalgorithmusedfor multiobjective optimization.They also
usea “turbulence”operatoy but appliedon decisionvariablespace The useof the
sigmavaluesincreaseghe selectionpressureof PSO (which was alreadyhigh).
This maycauseprematurecornvergencan somecases.

— The Nondominated Sorting PSOof Li [10]: Thisapproachncorporateshemain
mechanism®f the NSGA-II [11] into a PSOalgorithm. The proposedapproach
shaveda very competitive performancevith respecto the NSGA-II (evenoutper
formingit in somecases).

Our approachis basedon the use of Paretoranking and a subdvision of deci-
sionvariablespaceinto several sub-svarms(this is doneusingclusteringtechniques).
SinceindependenPSOsareruninto eachswarm,our approacttanbe seenasa meta-
MOPSOalgorithm. After a certain(pre-defined)humberof iterations,the leadersof
eachswarmaremigratedto a differentswarmin orderto variatethe selectionpressure.
This sortof schemds a novel proposalto solve multiobjective optimizationproblems
usingPSO.Also, notethatAMOPSOdoesnot useanexternalpopulation sinceelitism
in this caseis anemegentprocesgderivedfrom the migrationof leaders.

3 Description of the ProposedApproach

The analogyof particle swarm optimizationwith evolutionary algorithmsmalkes evi-
dentthenotionthatusinga Paretorankingschemecould bethe straightforvardway to



extendthe approachto handlemultiobjective optimizationproblems.However, merg-
ing a Paretoranking schemewith the PSOalgorithmwill producenot one but a set
of nondominatedeadersandthe selectionof an“appropriate”leaderbecomedlifficult
(by definition, all nondominatedolutionsareequallygood).Additionally, it is known
thatseveraldifficult multiobjective optimizationproblemshave adisconnectedecision
variablespace This issueis particularlyimportantwhenusingPSO,becausét could
bethe casethata particletriesto follow aleaderthatresidesn a disconnectedegion
away from it. In this case,a lot of searcheffort would be wastedand the algorithm
might notbeableto corvergeto thetrue Paretofront of the problem.The useof neigh-
borhoodsmaybeusefulin this case However, we arguethatthe useof a neighborhood
may delay corvergence becausehe selectionpressurds significantly loweredwhen
they areused,sincein this case particlesspendmostof their searcheffort following
leadersthat residefar away from the true Paretofront. Our proposalis to useseveral
swarms(eachwith afixedsize).Eachswarmwill over-fly aspecificregion of the Pareto
optimal set(i.e., decisionvariablespace) andwill have its own nicheof particlesand
particleguides.Thealgorithmusedto associatéeaderdnto aswarmis thehierarchical
single-connectedlusteringalgorithm[12]. The appropriateselectionof leaderss es-
sentialfor the good performanceof PSOwhenappliedto multiobjective optimization
problems.If the particlechoosesan inappropriatdeader(i.e., a leaderwho is too far
away in the searchspacehenmostof theflight will be fruitlessbecausehe particle
will not be traversingpromisoryregionsof searchspaceln this paper we proposeto
usenot one but several swarmsto avoid this type of problem.However, evenif we
adopta multi-swarm schemea goodstratey to selecta leaderis still necessarySome
possiblestratgiesfor this sale arethe following: (1) Randomly(a leaderis randomly
selected—naonstraintsare imposedon what sort of leadercana particle choose—,
(2) Theclosest(aparticlepicksasaleaderto thegeographicallylosesieader) and(3)
oneatatime (asingleleaderis selectedy all the particlesatatime). In this paperwe
adoptedhefirst schemdgrandomselectiorof aleader) Thewayin which ouralgorithm
worksis shovn next:

function AMOPSOAIgorithm
Begin
For eachswarm
1. Initialize its particles
2. Initialize gjeqqer Set(i.€.,thesetof globalleaders)
EndFor
Do
For eachswarm
Do
For eachparticle
4. Selectaleader
5. Performtheflight
6. Updatevalues
If it is aleaderthen addto the gjcq4er SEt
EndFor
While maximumnumberof iterationsis notreached



7. Storeleadersn YGleader setin nswarms groups
EndFor
8. Assigneachleadergroupto a swarm
While maximumnumberof iterationsis notreached
End.

Theproposedalgorithmrequiresthefollowing parameters:

— G Maz: it refersto thetotal numberof generationshatthe algorithmwill be exe-
cuted.

— Nparticles. it refersto thetotalnumberof particlesthatwill beover-flying thesearch
space.

— Ngwarms. it refersto thenumberof particlegroups.Theswarmsizeis fixedbecause
thetotal numberof particlesis afixedvalue.

— sgmaz: is thenumberof internalgenerationshatthe particlesof eachswarmwill
run beforesharingtheirleaders.

The completeexecutionprocessof our algorithmcanbe divided in threestagesini-
tialization, flight andgeneratiorof results At thefirst stage gvery swarmis initialized.
Eachswarmcreatesndinitializesits own particlesandgeneratetheleadersetamong
the particle swarm setby usingParetoranking.In the secondstageis wherethe algo-
rithm performsits strongeseffort. First, it performsthe executionof theflight of every
swarm; next, it appliesa clusteringalgorithmto groupthe guideparticles.This is per
formeduntil reachinga total of G M ax iterations.The executionof the flight of each
swarm canbe seenasan entire PSOprocesgqwith the differencethatit will only opti-
mize an specificregion of the searchspace) First, eachparticlewill selectaleaderto
which it will follow. At the sametime, eachparticlewill try to outperformits leader
andto updateits position.If the updatedparticleis not dominatedoy any memberof
theleadersset,thenit will becomea new leader The executionof the swarmwill start
againuntil atotal of sgmaz iterationsis reachedConstraintarehandledn AMOPSO
when checkingParetodominance Whenwe comparetwo individuals, we first check
theirfeasibility. If oneis feasibleandtheotheris infeasible thefeasibleindividualwins.
If both areinfeasiblethenthe individual with the lowestamountof (total) constraint
violation wins. If they both have the sameamountof constraintviolation (or if they
areboth feasible),thenthe comparisoris doneusing Paretodominance Onceall the
swarmshave finishedtheirsflights, a clusteringalgorithmtakesthe controlby grouping
the closestparticleguidesinto ngyqrms SWarms.Theseparticleguideswill try to out-
performeachswarmin the next iteration. This is mainly doneby groupingthe leaders
of all the swarmsinto a single set,andthensplitting this setamongn syqrms groups
(clusteringis donewith respecto closenes decisionvariablespace)Eachresulting
groupwill be assignedo a differentswarm. The third andfinal stagewill presenthe
results,.e. it will reportall thenondominatedolutionsfound.

3.1 Clustering algorithm

We useJohnsors algorithmto clusterthe leadersin groups[12]. The pseudocod®f
this algorithmis showvn next:



function Single-linkclustering
Begin
1. Begin with thedisjoint clusteringhaving level L(0) = 0 andsequencaumberm = 0.
Do
2. Find theleastdissimilarpair of clustersin the currentclustering,saypair (), (s),
accordingto d[(r), (s)] = mind|[(%), (§)] wheretheminimumis over all pairsof clusters
in thecurrentclustering
3. Incrementhe sequenc@umber:m = m + 1. Mergeclusters(r) and(s) into asingle
clusterto form the next clusteringm. Setthelevel of this clusteringto L(m) = d[(r), ()]
4. Updatethe proximity matrix, D, by deletingthe rows andcolumnscorrespondingo
clusters(r) and(s) andaddingarow anda columncorrespondingo the newly formed
cluster Theproximity betweerthenew cluster denotedr, s) andtheold cluster(k) is
definedas:d[(k), (r, s)] = mind[(k), (r)], d[(k), (s)]
while objectsarenotin N clusters.
End.

Thealgorithmrequiresa proximity matrix asa parametefin our case we useadissimilarity
matrix, andthe Euclideandistancen variablespaceo representhedissimilarity).

4 Comparison of Results

Severaltestfunctionsweretakenfrom thespecializediteratureto compareourapproachbut due
to spacdimitations,only 3 areincludedin this paper In orderto allow aquantitatve assessment
of theperformancef amultiobjective optimizationalgorithm,we adoptedhefollowing metrics:

1. Error Ratio (ER): This metric was proposedby Van Veldhuizen[13] to indicatethe per
centageof solutions(from the nondominatedrectorsfound sofar) thatarenot membersof
thetrue Paretooptimal set:

n
pR = 2= ®

wheren is the numberof vectorsin the currentsetof nondominatedrectorsavailable; e;
= 0 if vectorz is a memberof the Paretooptimal set,ande; = 1 otherwiselt shouldthen
beclearthat ER = 0 indicatesanideal behaior, sinceit would meanthatall the vectors
generatedby our algorithmbelongto the Paretooptimal setof the problem.

2. Generational Distance (GD): This metric was proposeddy Van Veldhuizen[13] asa way
of estimatinghow far arethe elementsn the setof nondominatedectorsfoundsofar from
thosein the Paretooptimal setandis definedas:

op_ VELE (2)

n

wheren is thenumberof vectorsin the setof nondominatedolutionsfoundsofarandd; is
the Euclideandistancgmeasuredn objective spacebetweeneachof theseandthe nearest
memberof the Paretooptimal set.It shouldbe clearthata valueof GD = 0 indicatesthat
all theelementgeneratedrein the Paretooptimal set.

3. Spacing(SP):Here,onedesireso measurahe spread(distribution) of vectorsthroughout
thenondominatedectorsfoundsofar. Sincethe“beginning” and“end” of thecurrentPareto
front foundareknown, a suitablydefinedmetricjudgeshow well the solutionsin suchfront



aredistributed.Schott[14] proposedsucha metric measuringhe range(distance)variance
of neighboringvectorsin thenondominatedectorsfoundsofar. This metricis definedas:

ga |1 Y o@-de, 3)

n—

i=1

whered; = min; (| fi(z) — fi(x) | + | fi(z) — fi(x) |), 4,5 =1,...,n, disthemean
of all d;, andn is thenumberof nondominatedectorsfoundsofar. A valueof zerofor this
metricindicatesall memberf the Paretofront currentlyavailableareequidistantlyspaced.

In orderto knowv how competitve wasour approachwe decidedto comparet againsttwo
multiobjective evolutionary algorithmsthat representhe state-of-the-arand with respectto a
multi-objective particleoptimizer(MOPSO)thatis publicly available:

1. Nondominated Sorting Genetic Algorithm Il : Proposedy Debetal. [11], this algorithm
is basedn severallayersof classification®f theindividuals.It incorporatelitism (through
the useof (1 + \)-selection),a crovded comparisoroperatorandit keepsdiversity with-
out specifyingary additionalparameterslt remainsasone of the mostcompetitve multi-
objective evolutionaryalgorithmsknown to date.

2. ParetoArchivedEvolution Strategy. Thisalgorithmwasintroducedy KnowlesandCorne
[15]. PAES consistof a(1+1) evolution stratey (i.e.,asingleparenthatgeneratea single
offspring) in combinationwith a historicalarchive thatrecordssomeof the nondominated
solutionspreviously found. This archie is usedasa referencesetagainstwhich eachmu-
tatedindividual is beingcomparedThe archive is not only the elitist mechanisrof PAES,
but alsoincorporatesan approactto maintaindiversity (a cronvding procedurethat divides
objective spacen arecursve manner).

3. Multiobjecti ve Particle Swarm Optimization (MOPSO): This approachwasintroduced
in [6]. It usesthe concepof Paretodominanceo determinetheflight directionof a particle
andit maintainspreviously found nondominatedrectorsin a global repositorythatis later
usedby other particlesto guidetheir own flight. It alsousesa mutationoperatorthat acts
both on the particlesof the swarm,andon therangeof eachdesignvariableof the problem
to besoled.

Thesourcecodeof theNSGA-II, PAES andMOPSOQis availablefrom the EMOO repository
locatedat: http://delta.cs.cinvestav.mx/ ccoello/E MOOThe sourcecode of
AMOPSOis availableuponrequesty emailto the first author In the following examples the
NSGA-II wasrun usinga populationsizeof 100,a crosseer rateof 0.8 (uniform crosseer was
adopted)tournamenselectionandamutationrateof 1/L, whereL = chromosoméength(binary
representatiomasadopted) PAES wasrun usinganadaptve grid with a depthof five, a sizeof
thearchive of 100,anda mutationrateof 1/L, whereL refersto thelengthof the chromosomic
string that encodeghe decisionvariables.MOPSO (with real-numbergepresentationyseda
(main) populationof 100particles,arepositorysizeof 100 particles,a mutationrateof 0.05,and
30divisionsfor theadaptve grid. AMOPSOused40 particles amaximumnumberof generations
of 20,amaximumnumberof generationperswarmof 5, andatotal of 5 swarms.The valuesof
all theseparametersvere empirically derived. The total numberof fitnessfunction evaluations
wassetto 4000for all thealgorithmscomparedn all thetestfunctionsshavn next.



4.1 TestFunction 1

For ourfirstexample we usedthefollowing problemproposedn [16]: Maximize F' = (fi(z,y), f2(z,v)),
where

1
filw,y) =—2"+y, frle,y) =gz +y+1

subjectto:0 > sz +y— 12, 0> 1z +y— 32, 0>5z+y—30andz,y > 0.
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Fig. 1. Paretofronts producecby MOPSO(left) andthe AMOPSO (right) for thefirst testfunc-
tion.
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Fig. 2. Paretofrontsproducedoy the NSGA-II (left) andPAES (right) for thefirst testfunction.

Figures1 and 2 shaw the graphicalresultsproducedby the PAES, the NSGA-II,
MOPSOandour AMOPSOin the first testfunction chosen.The true Paretofront is
shavn asa continuousline. The solutionsdisplayedcorrespondo the medianresult
with respectto the generationatlistancemetric for eachof the algorithmscompared.
The true Paretofront of the problemis shavn asa continuousline. Tables1 and 2
shav the comparisorof resultsamongthefour algorithmsconsideringhe metricspre-
viously describedlIt canbe seenthatthe averageperformancef AMOPSOis the best



Err or Ratio Generational Distance

MOPSO[AMOPSO|NSGA-II | PAES ||[MOPSO|AMOPSO|NSGA-II | PAES
Average 0.6542| 0.4926 | 0.8955 | 1.0023|| 0.0150| 0.0038 | 0.0518|0.1041
Best | 0.5300| 0.3763 | 0.7200 | 0.9600|| 0.0024| 0.0017 | 0.0032 | 0.0114
Worst | 0.8261| 0.5814 | 1.0000 | 1.0156|| 0.0859| 0.02109 | 0.3170 | 0.6380
Median| 0.6500| 0.4932 | 0.9100 | 1.0100|| 0.0078| 0.0022 | 0.0092 | 0.0264
St.Dev.| 0.06263 0.05164 | 0.07564|0.0163( 0.01960] 0.00447 | 0.08641|0.1603
Table 1. Resultsof the Error Ratio (ER) andthe GenerationaDistance(GD) metricsfor thefirst
testfunction.

SP |MOPSO|AMOPSO|NSGA-II| PAES
Average0.109146 0.043361|0.0289610.079803

Best |0.046508 0.028168/0.0089990.02140%
Worst |0.681124 0.125776/0.0808560.230506
Median(0.059248 0.035124|0.0258070.051504
St.Dev.|0.141827 0.023900|0.0170470.060692
Table 2. Resultsof the Spacingmetricfor thefirst testfunction.

with respecto the errorratio (by far), andwith respecto generationatlistance With
respecto spacingit placesslightly belonv the NSGA-II, but with alower standardie-
viation. By looking at the Paretofronts of this testfunction, it canbe easilyseenthat,
exceptfor MOPSOandour AMOPSO, noneof the algorithmswas ableto cover the
full Paretofront. It canalsobeseenthatAMOPSOproducedhebestfront. Thisis then
anexamplein which a metricmaybe misleading sincethefactthatthe spacingmetric
providesa goodvaluebecomesneaningles# the nondominatedrectorsproducedby
thealgorithmarenot partof thetrue Paretofront of the problem.

5 TestFunction 2

Our secondestfunctionwasproposedn [17]:

n—1 n
Min fi(z) = Z <—10 exp (—0.21/1"% + x?+1)) ;Min fo(z) = Z (J2:|® + 5sin(z:)?)
i=1 i=1
4)
where:—5 < z1,22,23 <5
Figures3 and4 shaw the graphicalresultsproducedby the PAES, the NSGA-II,
MOPSOandour AMOPSOin the secondtestfunction chosen.Tables3 and4 showv
thecomparisorof resultsamongthefour algorithmsconsideringhe metricspreviously
describedlIt canbeseerthatthe averageperformancef AMOPSOis the bestwith re-
spectto all themetricsadoptedThisresultcanbe corroboratedy looking at Figures3
and4. Exceptfor our AMOPSO,all the algorithmsmissedimportantsegmentsof the
true Paretofront.
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Fig. 3. Paretofronts producedby MOPSO (left) andthe AMOPSO (right) for the secondtest
function.
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Fig. 4. Paretofrontsproducedy theNSGA-II (left) andPAES (right) for thesecondestfunction.

Err or Ratio Generational Distance
MOPSO|AMOPSO|NSGA-II | PAES ||[MOPSO|AMOPSO|NSGA-II | PAES
Average 0.7810| 0.3490 | 0.7365 | 0.9320| 0.0335| 0.0020 | 0.0242 | 0.1730
Best | 0.7300| 0.2423 | 0.2300 | 0.3700|| 0.0318| 0.0015 | 0.0030 | 0.0240
Worst | 0.8500| 0.4565 | 1.010 |1.2500| 0.0346| 0.0035 | 0.1058 | 1.5743
Median| 0.7800| 0.3614 | 0.7950 | 1.0000|| 0.0336| 0.0019 | 0.0072 | 0.0909
St.Dev.| 0.03194| 0.05107 | 0.24594|0.17914{ 0.00069 0.00050 | 0.02935|0.3330

Table 3. Resultsof the Error Ratio (ER) and the GenerationaDistance(GD) metricsfor the
secondestfunction.

NSGA-II
0.038154
0.002834
0.1029064

PAES
0.44935
0.09471]
5.12439

SP

Average
Best

Worst

MOPSOJAMOPSO
20.086108 0.037190
0.044509 0.019109
0.119586 0.055227
Median|0.092252 0.041811/0.0359560.198564
St.Dev.|0.022214 0.014061|0.0197291.102054
Table 4. Resultsof the Spacingmetricfor the secondestfunction.
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6 TestFunction 3

Ourthird testfunctionis to optimizeafour-barplanetruss.The problemis thefollowing
[18]: Min f1(x) = L(221+v/2Z2+/T3+74), fo(x) = TE (i + 22 M + l)

suchthat(F/o) < 21 < 3 x (F/o), V2(F/o) < 5, <3 x (F/0), V3(F/o) < z3 <
3 x (F/o), (F/o) < 24 < 3 x (F/o) where:F = 10kN, E = (2)10°%kN/cm?,
L =200cm, 0 = 10kN/cm?

0,005 [ 0.005 [

0 L L L L L L 0 L L L L L L
1100 1200 1300 1400 1500 1600 1700 1800 1100 1200 1300 1400 1500 1600 1700 1800
F1

Fig. 5. Paretofrontsproducedoy MOPSO(left) andthe AMOPSO(right) for thethird testfunc-
tion.

Figuress and6 show thegraphicakesultsproducedy PAES,theNSGA-II, MOPSO
andour AMOPSOQin thethird testfunction chosenTables5 and6 show the compari-
sonof resultsamongthe four algorithmsconsideringhe metricspreviously described.
In this case AMOPSOwasthe bestwith respecto the generationatlistanceandspac-
ing metrics,and it placedsecond(maminally) with respectto the error ratio metric
(PAES wasthe bestaverageperformerwith respecto this metric). Graphically we can
seethat MOPSOandour AMOPSOwerethe only algorithmsableto cover the entire
Paretofront of this problem.Clearly, our AMOPSOproducedhebestfront in thiscase
(seeFiguresb and6).

Err or Ratio Generational Distance
MOPSO|AMOPSO[NSGA-II| PAES |[MOPSO|AMOPSO|NSGA-II| PAES
Average0.447869 0.436210|0.4475000.3868880.452556 0.215814{0.364229 1.079089

Best |0.260000 0.293548/0.2100000.190000|0.312648 0.152786|0.249701 0.168401
Worst |0.64000( 0.558824|0.9600000.64000(]|0.933802 0.348571|0.58576914.222200
Median{0.425000 0.434563|0.3550000.36000(/0.380676 0.212191/0.354397 0.238549
St.Dev.|0.096677 0.061168|0.1891500.11580¢(0.178124 0.048167|0.065211 3.126444
Table 5. Resultsof the Error Ratio (ER) and GenerationaDistance(GD) metricsfor the third
testfunction.
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Fig. 6. Paretofrontsproducecdby the NSGA-II (left) andPAES (right) for the third testfunction.

7 Conclusionsand Future Work

We have presente@ new proposato extendparticleswarmoptimizationto handlemul-
tiobjective problemsusing sub-svarms,ParetorankingandclusteringtechniquesThe
proposedapproachwasvalidatedusingthe standardnethodologycurrentlyadoptedn
the evolutionary multiobjective optimizationcommunity The resultsindicatethat our
approachs a viable alternatve sinceit outperformedsomeof the bestmultiobjective
evolutionaryalgorithmsknown to date.Oneaspecthatwe would like to explorein the
futureis thestudyof alternatve mechanism#o handleconstraintshroughthe useof in-
feasiblesolutionsthatcanactasleaderdn a specialswarm.\We believe thatthis sort of
mechanisntouldimprovetheperformancef our AMOPSO,particularlywhendealing
with problemsn which the Paretofront lies ontheboundariebetweerthefeasibleand
infeasibleregions.We alsowantto performananalysisof theimpactof themechanism
adoptedo selectleaderdn the performancef the approachFinally, we aimto devise
awayto eliminatethen,,q»» parametethroughthe useof self-adaptation.

SP |MOPSO|AMOPSO[NSGA-II| PAES
Average2.665576 1.209140(2.172087 4.180568
Best 1.93252(0.934140(1.115380 1.250790
Worst |3.92599( 1.527800|2.55798(22.74520
Median|2.643000 1.257940|2.248595 2.31421
St. Dev. O.49507$ 0.177295|0.37588( 5.44078
Table 6. Resultsof the Spacingmetricfor thethird testfunction.
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