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Abstract. In this paper we studythe useof particle swarm optimization(PSO)
for a classof non-stationaryernvironments.The dynamic problemsstudiedin
this work arerestrictedto oneof the possibletypesof changeghat canbe pro-
ducedover the fitnesslandscapeWe proposea hybrid PSO approach(called
HPSQdyn), which usesa dynamic macromutationoperatorwhoseaim is to
maintaindiversity In orderto validateour proposedipproachwe adoptedhetest
casegeneratoproposecdby Morrison & De Jong[1], which allows the creation
of differenttypesof dynamicervironmentswith avaryingdegreeof compleity.
Themaingoalof thisresearchvasto determingheadwantagesnddisadantages
of usingPSOin non-stationaryervironments As partof our study we werein-
terestedn analyzingthe ability of PSOfor trackinganoptimumthatchangests
location over time, aswell asthe behaior of the algorithmin the presenceof
high dimensionalityandmultimodality.

1 Introduction

Many real-world optimizationproblemsarenon-stationarySuchproblemsarisewhen
eithertheresourcegconstraintspr the optimizationcriteriachanggor both),andthey
arecommonin engineeringproductionplanningandeconomicg2]. In thelastdecade,
heuristicsthat canadaptto changeshave attracteda lot of interest,particularlythose
that operateon a populationof solutions.From theseheuristics,mostof the research
hasconcentrate@n evolutionaryalgorithms[3, 4], andseveral promisingresultshave
beenobtainedwithin the lastfew years.Anotherpopulation-basetechniquethat has
recentlybeenadoptedfor dealingwith non-stationaryervironmentsis particle swarm
optimization[5, 6], which is preciselythe approachadoptedin the work reportedin
this paper An algorithmcapableof dealingwith non-stationargrnvironmentsnormally
considerstwo main aspectd4]: the detectionof the changeand the reactionof the
algorithmto suchchange suchthatthe (moving) optimum canbe tracked as closely
aspossible Thereis somepreviousresearcton the useof particleswarm optimization



for dynamicoptimizationthatinvolvesthesetwo aspectpreviously discussedCarlisle
& Dozier[7] useda sentry particle thatis evaluatedat eachiteration,comparingthe
previousfitnessvaluewith the new one(if they differ, this meanghatthe ervironment
haschanged)Hu & Eberhart[8] proposedhe re-evaluationof two gp.s; particlesin

orderto detectthe movementof thelocationof the optimum.Severalauthorshave also
proposedapproachesn which the main emphasids the reactionof the algorithmto

changesn the ervironment(seefor example[9—11]). In this paper we will focuson
this secondaspect.Despitethe encouragingesultsreportedin the paperspreviously
indicated,all of theseauthorsfocus their work on unimodalfitnesslandscape$10,

11]. Thisis ratherunrealisticif we considetthe compleity of real-world problemsthat
frequently presenthigh multimodality. This is preciselythe issuethat we addressn

this paper Aiming to provide a framawork for performingfurther comparatie studies,
we decidedto adoptthe testcasegeneratororiginally developedby Morrison & De
Jong[1], which sharesseveral similaritieswith the proposalof Branke [4]. This test
casegeneratorallows usto definenon-stationangernvironmentsof differentdegreesof

compleity bothregardingthemorphologyof thefithesdandscapeaswell asregarding
thetypeof changeshatcanbe producedandtheir severity.

2 Classical PSO Model

ThePSOmodel(now consideredclassical”)wasoriginally proposedy JamesKenne-
dy andRussellEberhartin 1995[12], andhashadsereralfurtherextensionsn thenext
few yearq5]. ThePSOmodelis inspiredontheactingof communitieghatpresenboth
anindividual anda socialbehaior, from which the main socio-cognitve ideasmay be
appliedto thedevelopmenof efficientalgorithmsthatsolve optimizationproblemgthis
is the so-called*swarm intelligence”[5]). Although PSOis consideredy its authors
asan evolutionary algorithm, it doesnot incorporatethe traditionalgeneticoperators
(cross@er andmutation)that evolutionaryalgorithmsnormally adopt.Insteadjn PSO
eachparticleadjustsits flight over the searchspacebasedon its own flight experience
andthatof its neighborgi.e., the otherparticlesof its swarm).Eachparticlerepresents
a possiblesolutionto the problemat handandis treatedasa point in a d-dimensional
searctspaceA particleis characterizedy its positionandits currentvelocity. Further
more,a particlehasa memorywhereit storesthe bestpositionthatit hasfoundsofar.
Particlesadjusttheir flight trajectoriesusingthe following equationg13J:

Vi = w X Vi, 4 +c1 Xrp X (pi,j — Z’i’j) + Cy X 79 X (pg,j — .Z'i’j) (1)

Tij = Tij + Vi (2)

wherew is the inertia factor whosegoal is to control the impactof the history of the
velocitiesof a particle over the currentvelocity, by influencingthe local and global
exploration abilities of the algorithm.v; ; is the velocity of the particle: in the j-th
dimensiong; andcs areweightsappliedto the influenceof the bestpositionfound so
far by particlei andby the bestparticlein the swarmg. r; andr, arerandomvalues
(with a uniform distribution) within the interval [0, 1]. After the velocity is updated,
the new positionof the particles in its jth dimensionis recomputedThis processs



repeatedor eachdimensionof the particle: andfor all the particlesin the swarm.
Kennedyand Eberharf14] proposedifferentneighborhoodechniquego be consid-
eredwhenupdatingthe velocity of aparticle.In this paperwe adoptedhe mostsimple
neighborhoodschemeavailable,which only includesthe closesineighbordan termsof
theindicesof the particles.Underthis schemethe equationto updatethe velocity of a
particlebecomes:

Vij =W X 5+ 1 X711 X (pij — Tij) +c2 X T2 X (prj — Tiyz) (3)

wherep, ; representgo the bestparticlein the neighborhoodThe formula usedto
updatea particleremainsthe sameasbefore.

3 Hybrid PSO Model

Recently therehave beensereral proposalsof PSOapproachesiybridizedwith evo-
lutionary algorithms’ conceptsand operatorq15, 16]. The proposalpresentedn this
paperhasasits basisthe equationsto updatethe particlesand velocitiesdefinedby
equationq2) and(3). Additionally, we usea dynamicmacromutatioroperatorthat is
describechext.

M utation: Eachcoordinateof the particleis independentiymutatedwith a probability
Pmut- Thecoordinatevalueis replacedby anothervaluewhich is randomlygenerated
within the allowable range.The mutation probability is dynamically adjustedtaking
valueswithin the interval [pmin, Pmaz] during the executionof the algorithm. Thus,
Pmut 1S definedasfollows:

(Pmaz — Pmin) X (interval — iter yrrent mod interval)
interval

Pmut = + Dmin (4)

wherethevaluesp,,,;, andp,,,... arethelowerandupperboundsof thevariationinterval

of the probability, interval indicatesthe numberof iterationsbetweenchangesand
iter.urrent COrrespondso the currentflight cycle of the particles.Eachtime a change
takesplacein the ervironment,the valueof p,,.; is initialized to p,,,., andthe endof

theinterval of p,,.¢ iS Setto ppin.

Oncethe swarm and the velocitiesare initialized (lines 1-2), the swarmis eval-
uatedwith the basefunction Fy. Then,the memoryof the particles(Swarm _bests)
is initialized (line 4). After that, the algorithm entersthe flight loop (line 6) which
is executedduring a numberof cyclesthat is determinedn termsof the numberof
changedo be performedandin termsof the interval betweensuchchangesThen,on
line 7, we computethe value for p,,,; (accordingto equation(4)) andthe function
occur r ed_changes determinesf a changes requiredwithin the currentflight cy-
cle.In orderto dothis, we checkif thecurrentcycle numberis amultiple of thenumber
of cyclesbetweerchangesThechangesn theervironmentareproducedatconstantn-
tenals.If theervironmentmustchangethe dynamicalstatisticsarereportedthefunc-
tion is modifiedandboththe Swarm andthe Swarm _bests arere-evaluatedwith the
new fitnessfunction(lines9to 12). Thesere-evaluationsarenecessargincethecurrent
fitnesse®f the particlesdo not correspondo the new function. Oncethe two swarms



1. Initialize(Swarm)

2. Initialize(velocities)

3. Evaluaté Swarm, Fy)

4. Copy(Swarm, Swarm_bests)
5t=0

6.do

7. Calculat€pmyt)

8. if (occurred_change)

9. Reportdynamicstatisticg)
10.  Changefunction()

11.  Evaluatd Swarm, Fy)

12.  EvaluatéSwarm_bests, F})
13. Updatd Swarm_bests) if appropriate
14. Calculatépmt)

15. endif

16. Mutate Swarm)

17. Updatéwvelocities)

18. Updaté Swarm)

19. EvaluatéSwarm, F})

20. Updatd Swarm_bests) if appropriate
21 t=t+1

22.while (~termination)

Fig. 1. Generabutlineof the HPSQdyn Algorithm

have beenre-evaluatedwe verify, for eachparticle,that Swarm _bests really contains
the bestparticle positionsfor the new ervironment,asto maintainthe consisteng of

the algorithm.By doingthis, we do not losethe memoryof all the particles,but only

thememoryof thosefor whichtheir currentpositions(in Swarm) arethebest[11]. We

recomputeagainthe transitionfunction for the probability of mutationthatwill take

usfrom p,ue 10 Prmae- Next, we proceedwith the normalPSOprocessingywhich im-

plies: mutatethe particles,updatetheir velocities,updatethe positionsof the particles,
evaluatethe particlesand,if applicable modify their positionin Swarm_bests (lines
16-20).This procesdss doneasynchronouslysincethereis evidenceof the efficiency

of this type of processingvhenworking with neighborhoodin PSO[16, 6].

4 DF1 Generator

In this sectionwe briefly describethe TestFunctionGeneratomproposeddy Morrison
& De Jong[1]. This generatousesa morphologythatthe authorsdenominatéfield of
cones”.Suchconescanhave differentheightsandslopesandarerandomlydistributed
along the landscapeThe static basefunction (Fp), for the two-dimensionalkase,is
definedas:

Fo(z,y) = g%[Hz —Ri x\/(z — %)% + (y — ¥:)?] ©)

)



wheren indicateshe numberof conesn thelandscap@andeachconeis independently
specifiedby its coordinateqz;, y;) thatbelongto the interval [—1, 1], its height (H;)
andits slope (R;). The conesindependentiydefinedare groupedusing the function
maz. Eachtime thegeneratois invoked,it randomlygenerates morphologywith the
characteristicgiven.Thefunction F canbe definedfor any numberof dimensionsThe
usercancreateawide varietyof shapedor thefithesdandscapéy specifyingtherange
of allowable valuesfor the height, slopeand location of the cones.Furthermorethe
generatorllowsto re-writethevaluesrandomlygeneratedh orderto creatdandscapes
with controlledcharacteristicsThe severity of the changess controlledthroughthe
logistic function:

Yi= AxYiog x (1-Yiy) (6)

whereA is aconstantlefinedwithin theinterval [1, 4] andY; is thevalueattheiteration
i. Thus,the procedureto obtainthe dynamicthat the userwantsis the following: 1)
choosethe numberof conesand 2) determinewhat characteristicshe userwishesto
change(height, location, slopeof oneor all the cones).The severity of the changeis
controlledby the valuesthat are assignedo the constant4, sincefrom this depends
thatthe movementis produceckitherat small,large or chaoticstepsFor furtherdetails
onthis generatorthereadershouldreferto [1].

5 Experimental Design

Thegoalof thisresearctwastwofold: first, we wantedto determindf the proposedal-
gorithmcouldtrackdown the optimumoncea changehasoccurred Secondwe wanted
to analyzethe algorithm’s behaior upon scalingboth the numberof dimensionsand
thenumberof conesThus,we consideredhatthescenarioproposedy Morrison[17]
provided the requiredconditionsto perform our study Suchscenariosare described
next: 1) by theshape®f thefitnesslandscapend?2) by the dynamicsapplied.

Description of the structure of the static landscape

1. E1: 2 dimensions5 coneg(2d-5c¢).

2. E2:2 dimensions14 cones2d-14c).

3. E3:5dimensions5 cones(5d-5c).

4. E4:10dimensions14 coneg10d-14c).

In all the scenariosye assignedhe maximumvalueto a singlepeak.Suchavalue
is greaterthanthat of the otherpeaks(to make surethatthereis a single global opti-
mum).

Dynamics Applied

Thetype of changemplementecconsistedf modifying only the locationof the cone
thatcontainghe optimum(CO) or changinghelocationof all theconessimultaneously
(TC). In Table 1, we describe for eachproblemstudied,the type of changeandits
severity.



Table 1. DynamicBehavior Applied

ScenariofDimensionCone$Changetype| Stepsize
El 2 5 CcO small(s)
E2 2 14 TC chaotic(c
E3 5 5 TC small
E3 5 5 TC large(l)
E4 10 14 TC chaotic

For the scenariosF1 to E3, the changegake placeat every 10, 20, 30, 40 and50
iterations For scenaria&4, givenits compleity, changesake placeatevery 30,60and
90 iterations.Furthermoreat eachrun, 20 changedook placeeitheron the locationof
theconethatcontainghe optimumvalueor in all thecones.

Parameter s of the DF1 Generator

Table 2. DF1 Parameters

Par |2d-5c-CO-$2d-14c-TC-¢5d-5¢-TC-$5d-5¢-TC-|10d-14c-TC-¢
Hbase  60.0 1.0 60.0 60.0 1.0
Hrange 0.0 9.0 0.0 0.0 9.0
Rbasg¢ 70.0 8.0 70.0 70.0 8.0
Rrangsg 0.0 12.0 0.0 0.0 12.0

Ac 15 3.8 15 15 3.8
Scale 0.3 0.5 0.3 0.99 0.5
OptH 90.0 15.0 90.0 90.0 15.0
OptR 90.0 20.0 90.0 90.0 20.0

Theparametersf DF1thatcorrespondo thedynamicsmplementediredefinedin Ta-
ble 2, accordingto the proposaby [17], where Hbase, Hrange, Rbase and Rrange
correspondo therangesof the heightsandslopesof the conesthatdo not containthe
global optimum.Opt H and OptR correspondo the conecontainingthe global opti-
mum.

Parameters of the HPSO_dyn algorithm
The parametersequiredby the algorithmare provided in Table 3 andwere selected
afteralarge seriesof experiments.

In all the experimentswe worked with a neighborhoodadiusof size4. For eachex-
perimentwe performed30 runs,all of themwith the samebasefunctionandthe same

initial population.



Table 3. PSOAIlgorithm ParameteSettings

Scenario

sw |cl|c2 Pmin|Pmaz |[SWATMsize
E1 |0.51.51.5 0.1| 0.4 50
E2 |0.51.51.5 0.5| 0.8 50
E3 |0.51.51.5 0.3 | 0.6 200
E4 |0.51.51.5 0.5| 0.8 500

Table 4. Two-dimensionafunctions

Intcpgs|2d-5c-CO-$2d-14c-TC-$
10 [600(100%) 600(100%)
7 |89.695084 14.848885
s 0.042112| 0.027802
20 [600(100%) 600(100%)
7 |89.966666 14.983450
s 0.274450| 0.003067
30 [600(100%) 600(100%)
7 189.997041 14.998491
s 0.02776 | 0.002023
40 [600(100%) 600(100%)
7 |89.999650 14.999882
s 0.000252| 0.000354
50 |600(100%) 600(100%)
f |89.999973 14.999358
s 0.000032| 0.000177

6 Analysisof Results

In Table 4 we shav the resultsobtainedfor the 2D (i.e., two-dimensional)functions
with 5 and14 conesHere, f refersto the meanof the bestaveragefitnessvaluesfound
in the30runsands is thevarianceTheoptimumvaluefor all thefunctionswith 5 cones
is 90.00 andall theotherconeshave amaximumvalueof 60.00. For thefunctionswith
14 cones,the maximumvalueis 15.00 and all the other coneshave a maximum of
10.00. The performanceof our HPSQdyn for the two-dimensionafunctionswith 5
and 14 conesis very satisactory sincein all casesfor all the changegerformedthe
algorithmwasableto trackdown the globaloptimumwith anacceptablerror.

Table 5 shaws the resultsobtainedby our algorithmfor the 5D functionswith 5
conesjn the casewhereall the coneschangetheir locationin thelandscapewith step
sizeswhichare,in onecasesmall,andin theotherone,large.In this casepuralgorithm
is ableto track down the optimum upon performingall the changesHowever, note
that the error becomeshigherwhenthe changesare producedat every 10 iterations.
Finally, Table6 presentsheresultsobtainedfor the mostcomplex ervironmentstudied
in this paper:a 10D function with 14 cones,with changesproducedwith a chaotic
stepsize.As canbe obsened, the performanceof the algorithmwas degradedsince



Table 5. Functionsof 5 dimensionswith 5 cones

Intenys|5d-5¢-TC-[5d-5¢-TC-S
10 |600(100%)600(100%

f |79.618357 78.821386
0.913599] 0.934210

600(100%)600(100%
86.373647 85.169944
0.997890]| 1.003454

600(100%)600(100%
88.554867 88.960822
1,137792| 1.20767

600(100%)600(100%
89.606563 89.673193
0.061213] 0.077778

600(100%)600(100%
89.865957 89.849669
0.029567| 0.013788

al N w N
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Table 6. 10d-14cFunctionwith chaoticchangedor all cones

Intcpgs|10d-14c-TC-¢
30 |527(87,8%)
T 11.813951
s 0.181945
60 |550(91,6%)
f 13.74900
s 0.111303
90 |560(93,3%)
T 13.983545
s 0.201526

we could not succeedL00% of the time at trackingdown the optimumin ary of our
experiments.Neverthelessthe succesgate oscillatesbetween87% and 93%, which
arevaluesreasonablygood. It is alsoworth noticing that the differencebetweenthe
fitnessvaluesfound by the algorithmwith respecto the global optimumincreaseds
well. Thisis becauseve includedin the averagefithessvaluesthe unsuccessfutases.
Table7 providesthe successateof our algorithmfor the caseof 10D functionswith 14
conesThistableindicategasa percentageihe numberof runsin which thealgorithm
wasableto successfullyrackdown the globaloptimum(inputsin thetables) Notethat
20 changegook placeperrun. As we canseein thetableevenin the mostunfavorable
case whenthe intenval betweenchangess small (30 iterations)the algorithmis able
to adaptbetweerthe 85% and90% of the changesAs we expectedthesepercentages
variatebetweert0%and95%whentherangeof theinterval is increased.



Table 7. SuccesRatesfor the Function10d-14c

% [30/60/90
100 - | - | -
95| 410/20
90(1320/10
85|10 - | -
80|3|-|-

7 Conclusonsand Future Work

We have presentecn optimizationalgorithmfor non-stationanernvironments Our al-
gorithmis basedon a particle swarm optimizerwhich washybridizedwith a dynamic
macromutatioroperator Althoughonecouldthink atfirst sightthatthe mutationprob-
abilitiesadoptedn ourwork aretoo high, thisis doneto maitainthe requireddiversity
in the swarm anddoesnot disruptthe searchprocesshecausef the useof the mem-
ory Swarm_bests, which is not destroyed whenthe changedake placeandis only
updatedvhenaparticlefrom the Swarm obtainsa betterfitnessthanthe onestoredin
suchmemory In our experimentswe adoptedfunctionswith 2, 5 and10 dimensions
andwith 5 and 14 conesAll of thesefunctionswerecreatedwith the DF1 generator
which allowed us to study the behavior of the algorithmwith more comple fithess
landscapestructuregshanthosenormally adoptedn the specializediterature(i.e., the
spheremodel). The changegproducedconsisteckitheron changingthe locationof the
conethat containedthe global optimum or on changingthe location of all the cones,
with stepsizesthat were from small to chaotic. The resultsobtainedshow that the
performancef the algorithmover morphologieswvith severalsuboptimajs highly sat-
isfactorywhenusingeither2 or 5 dimensionsanda numberof conesbetweerb and14.
However, the performancelegradesaswe move to problemswith 10 dimensionsNev-
erthelessthesuccessateof thealgorithmin thesecasesemaingeasonablygood,since
it only failsto trackdown anaverageof 2 (out of 20) changeperformedAlthoughthe
scenariopresentedh this papemwerenon-trivial, our futurework adressesvo aspects:
1) to extendthesescenariogo includeothertypesof landscapanorphologiesand?2) to
studythe otherchangetypesprovided by the DF1 generatar
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