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ABSTRACT

Thecombinatorialoptimizationproblemisattractingresearchbecausetheyhaveawidevarietyof
applicationsrangingfromrouteplanningandsupplychainoptimizationtoindustrialschedulingand
theIoT.Solvingsuchproblemsusingheuristicsandbio-inspiredtechniquesisanalternativetoexact
solutionsofferingacceptablesolutionsatfaircomputationalcosts.Inthisarticle,anewhierarchical
hybridmethodisproposedasahybridizationofAntColonyOptimization(ACO),FireflyAlgorithm
(FA),andlocalsearch(AS-FA-Ls).Theproposedmethodsarecomparedtosimilartechniqueson
thetravelingsalesmanproblem,(TSP).ACOisusedinahierarchicalcollaborationschematogether
withFAwhichisusedtoadaptACOparameters.Alocalsearchstrategyisusedwhichisthe2option
methodtoavoidsuboptimalsolutions.Acomparativereviewandexperimentalinvestigationsare
conductedusing theTSPbenchmarks.Theresultsshowed thatAS-FA-Lsreturnedbetter results
thanthelistedworksinthefollowingcases:berlin52,st70,eil76,rat99,kroA100,andkroA200.
Computationalinvestigationsalloweddeterminingasetofrecommendedparameterstobeusedwith
ACOfortheTSPinstancesofthestudy.
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INTRODUCTION

Theadventofself-drivingcars, intelligent transportationsystems,and internetof thingsdevices
routing challenges, recalled the interest in combinatorial optimization problems, COP. Among
them,thetravelingsalesmanproblemisstillattractinginterestsinceitcanstandformanyindustrial
applications such as internet of things networks routing, components placements on board for
electronicsmanufacturing, transportationsystems (Bajracharya,2016),containersmanagement&
logisticoptimizationchains,robotics(Rajasekaranetal.,2014),etc.Bio-inspiredtechniquessuchas
FlowerPollinationalgorithmby(Yang,2009),ParticleSwarmOptimizationby(Kennedy&Eberhart,
1995),AntColonyOptimizationby(Dorigo&Birattari,2007),FireflyAlgorithmby(Yan,2010)and
ArticleBeeColonyalgorithmby(Karaboga,2005)showedtheircapacitiestosolvesuchproblems.

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonJuly1,2020willproceedwithpublicationasanOpenAccessarticlestart-
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Hybridheuristicsareingeneralbuiltbycombiningseveralheuristicsalgorithmsinordertotackle
theweaknessesofeachoneandtoimprovethequalityofthesolutionsessentiallyinengineeringdesign
problems(Moussaetal.,2015;Pradhan,2017).Hybridizationisalreadybasedonacollaboration
schemabetweenheuristics.Hierarchicalheuristicscanbeseenas:lowlevelhybridsandhigh-level
hybrids.Inlow-levelhybridization,aninternalfunction,orsub-processing,ofaheuristicisreplaced
byanotherheuristic.Inhighlevelhybridization,twoheuristicsarehybridizedwithoutaffectingtheir
respectiveinternalfunctionality.Thehierarchicalmechanismisinvolvedwhenheuristicsareexecuted
sequentially;theoutputofthefirstheuristicisusedbythesecondone,whiletheco-evolutionary
mechanismleadstoanevolutioninwhichagentsfromdifferentheuristicscooperatetoexplorethe
spaceofsolutionsinparallel(Rokbanietal.,2013),andwhereauthorsproposedanearlyhybridization
ofACOandPSO,toovercomethesensibilityofACOtoparameters.

In(Wahidetal.,2018),theauthorsproposedacombinationbetweentheFA,thegeneticalgorithm,
GA,andthePatternSearch,PS,withapplicationtostandardmathematicalfunctions.Inthisapproach
GAwasusedtogenerateasetofsolutionsthatwerelaterevolvedforafixednumberofiterations
bythefireflyalgorithm.Theevolvedsolutionswereevaluatedandifanoptimumsolutionwasnot
found,theGAwasrecalledtomodifythepopulationonthebasisofitsclassicaloperators,crossover,
andmutation.ThepatternsearchwasintroducedtomoderatethesolutionobtainedbytheFA.The
proposedhybridizationwastestedusingthestandardtestfunctionssuchastheAckley,Rosenbrock,
andtheSpherefunctions.

A hybridization schema based on the Ant Colony System, ACS, and the Firefly algorithm,
FA,wasproposed in (Goel&Maini, 2017)with application toVehicleRoutingProblem,VRP.
AHybridAntFireflyAlgorithm,HAFA,consistinginusingACStogeneratetheinitialproblem
solutions’representingthepoolforFAwasusedtoimprovethesearchspaceexplorationability.The
bestsolutionfoundbytheFAwasusedtoupdatethepheromonetrail.Here,theauthorsproposeda
discreteversionofFAtoadaptittothediscreteproblem.AcombinationofACOandFAhasbeen
proposedin(Oliefetal.,2016)inwhichACOlookedfortheglobalsolutionandtheFAfocusedon
localoptimausingitsneighborhoodmechanismforTSP.TheFAwasthefirstmethodtosearchfor
localbesttoursandthentheACOwasinvolvedtosearchforthebesttourontopoftheFAresults.In
(Ariyantneetal.,2016),theauthorsusedthefireflyalgorithmtooptimizeACOsettings.Theyaimed
tofindtheglobalbestpathbyoptimizingα,β,andρ;whilenotusinganylocalsearchmechanism.
In(Kumbharana&Pandey,2013)theauthorsproposedtheuseofFAtosolvetheTSP.Thefireflies
wereinthisapproachencodedinadiscretefinitespacerepresentation,asvectorsof(n)positions.
Whenafireflywassupposedtomovebasedonthedistancetoitsneighbor,theHammingdistance
wasusedtolookafterthebestconfigurationamongagivensetofcities.Themechanismefficiently
allowedavoidingminima.ThemethodwasappliedtoseveralTSPproblemslimitedto51cities,
includingthecity10,16,23,30,andEli51TSPinstances.

MakingACOself-adaptiveusingheuristicsorbio-inspiredtechniqueswasproposedby(Rokbani
etal.,2013)whereparticleswarmoptimizationwasusedtoadapttheACOparametersdynamically.
ThehybridstrategywasnamedANTSupervisedbyPSO,sincePSOisassumedtoasupervisorofthe
ACOheuristic.AntsupervisedbyPSOwithalocalsearchmechanismincluding3Optwasproposed
in(Mahietal.,2015)AS-PSO-2Optwhilein(Kefietal.,2016)thesamearchitectureisusedwith
the2Optlocalsearchpolicy,AS-PSO-2OPT.TheclassicalAS-PSOwasappliedtothestandard
TSPtestinstances.SeveralvariantsofPSOwhereinvestigatedincludingfuzzyPSOandsimplified
PSOsuchin(Rokbanietal.,2019a).ThegravitationalPSOwithalocalsearchmechanismwasalso
investigatedin(Rokbanietal.,2019b).

Inthisstudy,anewhierarchicalhybridalgorithmbasedonthecombinationofACOwithFA
andlocalsearch,AS-FA-Ls,isdesigned.Theproposedmethodsarecomparedtosimilartechniques
usingTSPtestproblems.

Theremainderofthispaperisorganizedasfollows:Section2detailstheproblemtobesolved,
theTSP.Section3reviewsthekeyaspectsofACOandpresentstheFAaswellasthelocalsearch
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heuristic.InSection4,thearchitecturalschemeoftheproposedmethodsispresented.Section5is
reservedtotheexperimentalinvestigationsandcomparativeresultswhileconclusionsandfurther
worksappearinSection6.

The Traveling Salesman Problem
Combinatorial optimization problems from a class of problems consisting in solving discrete
optimizationtasksbyminimizingormaximizingacostFunctionwithrespecttospecificconstraints.
Suchproblemsarewidelyfoundinindustrialandroboticsapplications.TheTSPisanoptimization
probleminwhichasalesmanaimstovisitasetofcitiesandreturntohisinitialcity.Heisrequired
topasseachcityexactlyonceandthecostofthetravel,whichcanberelatedtothetotaldistanceof
thetour,issupposedtobeminimized.Severalmeta-heuristicsalgorithmshavebeenappliedtosolve
TSP.TSPFitnessYconsistsinfindingthebestglobaltourpassingallcitiesandreturntothestart
pointsuchasin(Ilhan,2017)(Laporteetal.,1990),seeEquation(1).

xt x c
i j

N

i j

N

ij ij
=

= = ≠
∑ ∑
1 2,

 (1)

x
if the path goes fromcity i tocity j

otherwiseij
=







1

0

� � � � � �










 (2)

c x x
ij i j
= −  (3)

Wherextstandsforthetotaltourdistance(tourlength),Nrepresentsthenumberofcities,  x
ij


isabinarycoefficient;equalto1ifanarcisgoingfromcityitocityjandequalto0otherwise,c

ij


isthedistancebetweencityiandcityj,c
ij

standsfortheEuclidiandistance,Equations(4)and(5)
specifytheconstraintthateachnode(city)isvisitedonlyonce.

j i j

N

ij
x i N

= ≠
∑ = = …
1

1 1 2 3
,

, , , , ,  (4)

i i j

N

ij
x j N

= ≠
∑ = = …
1

1 1 2 3
,

, , , , ,  (5)

NotethatX
i
istheplanarcitypositionX x y

i i i
= ( ), onamap.

Ant Colony Optimization
AntColonyOptimizationisadiscreteheuristicinspiredfromnaturalantsorganisation(Dorigo&
Gambardella,1997;Dorigo&Birattari,2007).Antsareassumedtomoveinasearchspacecomposed
ofagridofnodesandarcs,suchastheoneshowedinFigure1.Theantsdepositapheromoneamount
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whentheypassanarcjoiningapairofconsecutivepositions.Theantsmovefromaninitialposition,
thelocationofthenest,towardsasourceoffoodandthenmovebacktotheirstartingposition.This
makestheACOheuristicsuitableforsolvingtheTSP.Attheendoftheoptimization,thetrailwith
themaximumdepositofpheromoneisassumedtobethebestpathjoiningapairoflocations.The
antsaresupposedtomovefromanodetoanotherbasedonaprobabilisticrule,whereP

i j
k
,

isthe
probabilitythatanant,k,willbepassingthearc(i,j)joiningnode(i)tonode(j), τ
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Theantselectitsmovementfromacity,i,accordingtotheprobabilityareP
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k
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�,asillustratedinFigure1.
Thepheromoneactsasamarkerhelpinginsearchspaceexploration.Itprovidesaglobalmap

ofthemostvisitedarcswithinadiscretesearchspace.Such,arcsareassociatedwiththeoptimum
trajectory.TheiterativepheromonedepositionprocessismanagedbyEquation(7)where ρ isthe
pheromonedecaycoefficientsuchasin(Dorigo&Gambardella,1997).
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Firefly Algorithm
Firefly isaswarmintelligencealgorithminspiredby thefirefly’sbehaviour.Yangproposed this
algorithm in (Yang, 2010). In nature, fireflies flash the light using bioluminescence processes
essentiallyforreproductionneeds.Thefemalesuse thismechanismtoattractmaleswhile in the
artificialFireflyAlgorithm,thisprocessissimplyassumedtoacommunicationmedium.TheFA
expectsallindividualstobeunisexwithattractivenessisdecreasingwithdistance.Thelightintensity,
I,isinFAdefinedbyEquation(8).

I I e r= −
0�

γ  (8)

Whereγisthelightabsorptioncoefficient,I0istheinitialintensity,andristhedistancebetween
twofireflies.

Theattractivenessofafirefly(i)iscalculatedaccordingtoEquation(9)where ²
0

istheinitial
attractivenessand γ  isthelightabsorptioncoefficient:
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i
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ThedistancerbetweentwofirefliesiandjisgivenbyEquation(10):
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FireflypositionsareupdatedaccordingtoEquation(11),whereαisthemutationcoefficient
andλisarandomvalue:

x x rand x x
i i i j
= + ( ) −( )+β α λ* *  (11)

TheFAprocessingstartsbydefiningfitnessfunctionwithrespecttothesolveproblem(Rokbani
etal.,2015),aswellasthebrightnessofthefireflyandthemaximumnumberofiterationsandtheway
therandominitialpopulationisgenerated.Theoptimizationprocessstartswitharandompopulation
offireflies.Then,thepositionsoftheindividualsareiterativelyupdatedaccordingtoEquation(11).
Theprocessendsifastoppingcriterionorthemaximumnumberofiterationsnumberisachieved.
AsimplifiedpseudocodeoftheFAisgiveninFigure2.

The 2 Options Local Search Policy (2Opt)
TheKoption(K-Opt)isalocalsearchalgorithmwhichremovesforeachnodeinagraphKconnections
andreconnectstheminotherpositions(Croes,1958).ThemostimportantfeatureofK-Opt,isthat
it isaniterativemethodwhichcanbeinsertedwithinaheuristicwithoutmodifyingitsstructure
(Helsgaun,2009).ApopularK-optvariantisthe2Optsuchasin(Dorigo&Stutzle,2004).Itconsists
inremoving2arcs(connections),whichmeansthat4nodesarefree,andwillbereconnected;see
Figure3(left).Thenodesarethenreconnectedandtheobtainedpathisretainedonlyifitdecreasesthe
globaldistanceusedtointerconnectthenodeslikeinFigure3(right).The2Optvariantisinteresting
sincetheprocessinginvolvedislimitedtofournodes,makingthepossibleconnectionsequaltofour
(4),amongthemtwo(2)areremovedbecauseofintegrityviolation;thenodesarenotfullyconnected.
Theremainingtwopossibilitiesaresimpletoprocesssinceoneisalreadythestartingconfiguration.
Thisexplainshowtheproposaliseffectiveintermsoftimeandcomputing.

Figure 1. Probabilistic engagement Ant Strategy



International Journal of System Dynamics Applications
Volume 9 • Issue 3 • July-September 2020

63

The Hybrid AS-FA-Ls Proposal
ACOisadiscreteheuristicsonaturallyadaptedtosolvecombinatorialanddiscreteoptimization
problem,whileACOparametersarecontinuousinnature.Thismotivatestheuseofacontinuous
heuristictofittheACOparameters.Theproposedmethodsarebasedonacoupleofheuristic,ACO,
andameta-heuristic,FA.Theheuristic acts as a solverwhile themeta-heuristic is in chargeof
parametersfitting(α,βandρ).TheflowchartinFigure4,detailstheproposedapproach.

TheFAparticleissettoACOparameters(α,β,ρ)T,TheFAswarmsizeissetequaltothenumber
ofACOinstances,themaximumnumberofFAiterationsissettoafixedvalue(forexample,100),
theinitiallightabsorptioncoefficientisfixedtoone,theattractiveness,andthemutationcoefficient
areinitiallysettorandomvalues.TheACOparametersareinitializedandtheACOpopulationsize
issetequaltothenumberofcities.ThemaximumnumberofACOiterationsisfixed;FAfitness
functionissettotheTSPtourdistancewhichistobeminimizedsuchasinEquation(1).

Figure 2. Simplified FA pseudo code

Figure 3. Local Search policy (2Opt)
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eXPeRIMeNTAL INVeSTIGATIONS

experimental Protocol
The experimental protocol is based on a statistical analysis of the performances of the hybrid
methodsproposedinthisstudyontheTSPproblem.Itisthencomparedtorelatedworks.AMatlab
implementationandsimulationsareusedtoevaluatetheperformancesintermofsolutionquality
andconvergencerate.TheexperimentswereconductedusingMatlabsoftware,R2013a,runningon
apersonalcomputerwithi7-8709COREINTELprocessorwith3.10GHzprocessorspeedand8GB
RAMsize.ForanygivenTSPinstance,theroutelengthoverNcitiesiscomputedusingEquation
(1),forcomparisonsthebesttourlengthaswellastheaveragetourlength(avg)andthestandard
deviation(SD)areused,(Huntetal.,2014).

ThefollowingTSPLibasin(Reinelt,1991)testTSPinstanceswereused:eil51,berlin52,st70,
eil76,rat99,kroA100,eil101,ch150,kroA200.

Thestandarddeviation,SD,iscalculatedusingtheMatlabpredefinedfunction“std”,whereT
isthenumberofiterations,x

t
isthebestpositionineachiterationt,µ istheaveragesolution(avg),

seeEquations(12)and(13).Both(Avg)and(SD)arecomputedover100tests.

SD
T

x
t

T

t
= −( )










=
∑�
1

1

2
µ  (12)

Avg
x

T
t

T

t
= = =∑µ 1  (13)

Tocomparetheproposal tosimilar techniquestheresulterror iscomputed; itstandsfor the
differencebetween the averages found solution,Avg, to thebest-known solution,BKS (Reinelt,
1991)asinEquation(14).

Error Avg BKS BKS= −( )÷( )� � *100  (14)

TheheuristicsparametersusedforthesimulationsarelistedinTable1.

ReSULTS AND DISCUSSIONS

Optimum Tour Length
Comparedtothestateofartresults,AS-FA-Lsgivesbetterresults thanthelistedsolversfor the
following cases: berlin52, st70, eil76, rat99, kroA100, and kroA200, see Table 2, last line for
comparativeresults.

Forexample,usingtheFAasin(Kumbharana&Pandey,2013)and(Ariyantneetal.,2016),
TheAS-FA-Ls,giveabetterresultforberlin52andKroa100:fortheremainingofthetestinstances
AS-FA-Lsreturnedfairsolutionsforalltestbenchesusedinthisstudyespeciallyforberlin52,st70
andkroA100,seeTable3fordetailedresults.

Figure5(a)showsberlin52besttourwhichisobtainedatafitnessof7794;theoptimumtour
forthest70problemis683,showninFigure5(b).Fortheeil76testproblemanoptimumsolution
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isobservedwithatourlengthof549,seeFigure5(c).ThebestTourofrat99,illustratedbyFigure
5(d),isequalto1258.

AcoupleofKroatestinstanceswerealsoinvestigated.Inparticular,Kroa100andKroa200,
withtourlengthsof21821and29532,respectively.Themethodachievedbetterresultsthanreference
methodslistedinTable3butdidnotreachthebest-knownsolutions.Kroa100and200besttours
arerespectivelyvisibleonFigures5(e)and5(d),respectively.

Ability of Self-Tuning ACO Parameters
Theberlin52TSPinstance,showninFigure6,wasselectedtoinvestigatetheabilityofFAtotune
ACOparameters.Theinstancewasselectedonthebasisofgoodresultswithanerrorofabout(0.46),

Figure 4. ACO-FA -Local Search (2Opt) flowchart
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achievedbyAS-FA-Ls.ThedynamicevolutionofACOparametersbytheFAisillustratedinFigure
7.ThefigureillustratesthattheFAhasintroducedagreatdiversityofvaluesandtheircombinations
toACOparameters.

TheAnalysisshowedthattheACO(ρ)parameterisstabilizedatthevalueof(0.7)atthelevel
ofiteration(60),seeFigure7(c).Atthesametimehighsearchdiversityisobservedforα,andβ
parametersasitcanbeobservedinFigures7(a)and7(b).Thesamebehaviourwasobservedalso
forotherTSPinstancesusedinthisresearch.

Apartof the studyconsistedalso ingathering the setofbestparameters that theproposed
optimizationmethodsusedforACO.ThereisnosetofgenericparameterssuitableforalltestTSP
instances.Differentsetsofbestperformingparameterscanbeconsideredforeachoneofthem.The
recommendedparametersfor investigatedTSPinstancesare listedinTable4.Theinvestigations
showedthataredundantα parameteris(0.7)whichisobservedin5/9timeswhilethevalueof7is
returnedintheremainingcases,� 0 5 9, ,� � while �� . ,� . ,� .ρ = ( )0 07 0 03 0 0963 .Thisjustifiesthe

Table 1. Operated test conditions for AS-FA-Ls

Firefly Algorithm

Iterations 100

Population 10

Parameters

α
0
2= ∗ rand

β
0
0 2= ∗. rand

γ = 1

Table 2. Comparisons of the proposed algorithm with other techniques (BKS: Best Known Solution)

Problem 
BKS

eil51426 berlin527542 st70 
675

eil76538 rat991211 eil101629 kroA10021282 ch1506528 kroA20029368

ACO-ABC
(Gunduzet
al.,2015)

Avg. 443.39 7544.37 700.58 557.98 - 683.39 22435.31 6677.12 -
SD 5.25 0.00 7.51 4.10 - 6.56 231.34 19.30 -

Error(%) 4.08 0.03 3.79 3.71 - 8.65 5.42 2.28 -
PSO–ACO–
3Opt(Mahia
etal.,2015)

Avg. 426.45 7543.20 678.20 538.30 1227.40 632.70 21445.10 6563.95 29646.05
SD 0.61 2.37 1.47 0.47 1.98 2.12 78.24 27.58 114.71

Error(%) 0.11 0.02 0.47 0.06 1.35 0.59 0.77 0.55 0.95
AS-PSO
2opt(Kefiet
al.,2016)

Avg. 428 7542 678 541 1236 632 21457 6560 29837
SD 9.97 202.62 15.92 12.16 31.74 12.29 391.85 171.90 359.28

Error(%) 0.23 0.0 0.44 0.55 2.08 0.47 0.82 0.49 1.60
ACSFA
(Ariyantneet
al.,2016)

Avg. 432.6 - - - - - 21390.71 - -
SD - - - - - - - - -

Error(%) - - - - - - - - -
SAS-PSO-Ls
(Twirand
Rokbani,
2017)

Avg. 426 7542 675 543 - 645 21305 6606 29924
SD 9.6403 206.1429 20.6865 13.1426 - 12.1358 674,4597 176.5837 631.5875

Error(%) 0 0 0 0.92937 - 2.5437 0,10807 1.1949 1.8932

FA-TSP
(Kumbharana
&Pandey,
2013)

Avg. 435.60 - - - - - - - -
SD - - - - - - - - -

Error(%) - - - - - - - - -

AS-FA-LS Avg. 428 7542 675 541 1213 639 21282 6571 29532
SD 8.3575 - 15.1956 11.1445 29.1416 12.1791 437.8311 159.1596 628.9033

Error 
(%)

0.46948 0 0 0.55762 0.16515 1.5898 0 0.6587 0.55843
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needforself-adaptationmechanismsforACOsolversandconfirmsthepertinenceoftheproposed
hybridizationandothercomplexalgorithmicschemes.ThesetofrecommendedparametersforACO
foundbytheFAarelistedinTable3foreachproblemoftheTSPinstancesusedinthisstudy.

AS-FA-Lsconvergesconvergencesin50iterationswithapossibleacceptablesolution-anerrorof
lessthen1%.ThebestobtainedsolutionsforlargeTSPinstanceslikeKroa200needed200iterations.
TheResultspresentedinTable3areobtainedwiththemaximumnumberofiterationsfixedto100.
Theobtainederrorsrangedfrom1.58to0.

Figure8showshowthetourlengthwhichisalsosettobethecostorfitnessfunctionofFA
evolvedwhilesolvingtheberlin52TSPinstance.

TheinvestigationsregardingtheexecutiontimeoftheproposedfortheBerlin52TSPinstance,
showedthatthemethodisrelativelyfast,andthattheprocessingtimefor10FAsearchagentsis
about277s,whileitrisesto314sand384sfor20and30agents,respectively.Thefullresultsare
showninTable4.

Theprocessingtimeincreasesasthenumberofagents’increase,inanon-linearmanner,since
theincreaseinthenumberofagentsalsoincreasesthepossibilitytofindagoodsetofparameters
allowinganearlyconvergence.

CONCLUSION AND PeRSPeCTIVeS

Thisstudyinvestigatedahybridself-adaptivealgorithmforanNP-HardCombinatorialOptimization
problem,theTSP.Theproposedmethod,AS-FA-Lshaveperformancecomparabletothestate-of-
artalgorithms.Globally,AS-FA-2optisachievingfairsolutionsfortheTSPproblemsusedinthe
experimentalevaluationincludingberlin52,St70,eil76,KroA100,kroA200,etc.

Figure 5. Best tour obtained using AS-FA-Ls



International Journal of System Dynamics Applications
Volume 9 • Issue 3 • July-September 2020

68

Clearly,AS-FA-Lsreturnedbetterresultsthanthereferencemethodsinthefollowingcases:
berlin52,st70,eil76,rat99,kroA100andkroA200.

Theanalysisoftheresultsalloweddeterminingasetofrecommendedparameterstobeused
withACOfortheTSPinstancesusedinthisstudy.

Future investigationswill focuson the impactof the local search strategy including similar
techniquessuchasK-means,Greedysearch,orVariableNeighborhoodSearch(VNS).Thecomparative
evaluationofsimilarhybridizationsbasedonbio-inspiredandheuristictechniquemayalsosubject
toinvestigations…

Figure 6. berlin52 optimum tour obtained AS-FA-Ls
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Figure 7. Convergence of ACO parameters (berlin52) using AS-FA-Ls

Table 3. Optimized ACO parameters for each test bench (AS-FA-Ls)

Problems ± ² Á

eil51 7 9 0.03

berlin52 0.7 5 0.7

st70 7 0 0.096375

eil76 7 5 0.7

rat99 0.7 9 0.7

eil101 7 5 0.03

kroA100 0.7 9 0.7

ch150 0.7 9 0.7

kroA200 0.7 9 0.7
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Figure 8. Evolution of the fitness function berlin52 using AS-FA-Ls

Table 4. Execution time for AS-FA-Ls

Maximum Iterations = 100

Swarm size =10 Execution time in (s)

10 277.5886

20 314.5676

30 384.4568
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