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ABSTRACT

AntColonyOptimization,apopularclassofmetaheuristics,havebeenwidelyappliedforsolving
optimizationproblemslikeVehicleRoutingProblem.TheperformanceofACOisaffectedbythe
valuesofparametersused.However,inliterature,fewmethodsareproposedforparameteradaptationof
ACO.Inthisarticle,afuzzy-basedparametercontrolmechanismforACOhasbeendeveloped.Three
adaptivestrategiesFACO-1,FACO-2,FACO-3areproposedfordeterminingvaluesofparameters
alphaandbeta,andevaporationfactorseparatelyaswellasforallthreeparameterssimultaneously.
TheperformanceofproposedstrategiesiscomparedwithstandardACSonTSPandVRPbenchmarks.
Computationalresultsonstandardbenchmarkproblemsshowstheeffectivenessofthestrategies.
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1. INTROdUCTION

VehicleRoutingProblem(VRP)isoneofthetypicalexamplesofcombinatorialoptimization
problems.TheproblemwasfirstformulatedbyDantizgandRamesherin1959.VRPisone
oftheextensivelystudiedproblemsinoperationresearchbecauseofitswideapplicationsin
theareaof transportationandlogistics.Itcanalsobeappliedtootherapplicationssuchas
wastecollection(Kimetal.,2006),tourplanning(Zing&Zhang,2010)etc.AtypicalVRP
canbedescribedas:adepotthatwantstoofferservicestogeographicallyscatteredcustomers
atthelowesttourplanningcost.VRPhasbeenprovedtobeNPHardproblem.Manymethods
havebeenproposedtosolveVRP.Duringrecentyearssoftcomputingtechniqueslikemeta
heuristicsandfuzzylogichavebeenalsousedforsolvingthesecomplexproblemsinplaceof
traditionalmethods.Someofthemetaheuristicscansolvethisprobleminreasonabletime.
AntColonyOptimization(ACO)isoneofthemetaheuristicwhichisbeingusedtosolveVRP
problem.ACOwasproposedbyMarcoDorigoin1990(Dorigo&DiCaro,1990).ACOisa
natureinspiredmetaheuristicthatmimicsthebehaviorofrealantinfindingtheshortestpath
tofoodsourcefromthenest.TillnowmanyvariationsofACOhavebeenproposed(Dorigo,
2007).Alotofliterature(Dorigo&Birattari,2011;Afshar,2015;Sakthipriya&Kalaipriyan,
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2015) exists where efforts have been made to improve performance of ACO. One of the
important issues in ACO is the parameters value selection. The algorithm starts with the
initializationofsomeparametersthateffecttheperformanceofthealgorithmusedforsolving
aparticular problem.Moreover, the adoptedvaluesof parameters also control thebalance
betweenexplorationandexploitation.Inliterature,mostoftheACOstudies,eitherusestatic
parametersvalueorusehandtunedparametersvalue.However,choiceofparametersvalues
usedatruntimesignificantlyaffecttheperformanceofthealgorithm.Findingtheappropriate
valuesoftheparametersandtheiradjustmentofthosevaluesrequiresaconsiderableeffort
andlotofcomputation.Infact,parametertuningandparameteradaptationarethetwoimportant
researchtopicsinthefieldofmetaheuristics(Stützleetal.,2011;Eibenetal.,1999).Parameter
tuningisaprocessoffindingappropriatesettingsofparametersbeforethealgorithmisactually
employedandthenrunningthealgorithmwith thesevalues.However, thisprocess iserror
prone,timeconsumingandhumanintensive.Analternativetothisisparameteradaptation,
inwhichthealgorithmadaptsthevaluesoftheparameterdynamicallyaccordingtotheproblem
characteristics.Inthispaper,afuzzybasedparameteradaptationschemeisproposedinACO
forsolvingVRPproblem.TheparametersinACSincludealpha α( ) ,beta β( ) andpheromone
evaporationrate ρ( ) .Theseparametershaverelativelymoreimportancethanotherparameters
likenumberofantsetc.

InthispaperfuzzylogicbasedthreeadaptivestrategiesFACO-1,FACO-2,FACO-3isproposed
forparameteradaptationofACO.FACO-1determinesappropriatevaluesofα andβ whilekeeping
otherparametersstatic.FACO-2decidesthevalueofevaporationfactor(ρ) whilekeepingothersas
constant.FACO-3determinesthevaluesofallthreeparameterssimultaneously.Performanceofthe
proposedthreestrategiesarecomparedwithstaticACSforVRP.

Themain contributionof thispaper is theproposalof systematic approach fordynamic
parameteradaptationofACOusingfuzzylogicsystem.TheACOcannowbeeasilyappliedto
VRPwithoutchoosingvaluesofparametersACO.Theproposedapproachcanselectthevalues
oftheseautomaticallyandcancontrolthesevaluesthroughouttherunofthealgorithm,which
canleadtoimprovedsolutionqualityandfasterconvergencerate.Threeadaptivestrategiesare
proposedtoregulatethevaluesofα andβ ,evaporationfactor( ρ) andallthreesimultaneously
respectively.AllthreestrategiesareappliedtoVRP.ResultsdemonstratesthatFACO-3isbetter
thanothertwostrategies.

Restofthepaperisorganizedasfollows:Section2givestheintroductiontoACOandFuzzy
logic.Section3presentstheliteraturereviewandtheresearchgapsthatmotivatesustoconsiderthis
problem.Insection4workingmethodologyhasbeenpresented.Experimentalresultsarepresented
insection5.Finally,section6presentstheconclusionandfuturework.

2. INTROdUCTION TO ReLATed MeTHOdOLOGIeS

2.1. Ant Colony System (ACS)
ACSisoneofthemostefficientvariationofACO.Itworksinthreesteps:

1. ParameterandPheromoneInitialization
2. SolutionConstruction
3. PheromoneUpdation

While searching solution for VRP ACS algorithm, firstly initializes all the parameter and
pheromone.Afterthiseachantkiterativelybuildsitssolutionfromcustomeritocustomerjusinga
pseudorandomproportionalrule(j):
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where:

• τ i j,( ) isthepheromonelevelbetweencustomeriandj;
• η i j,( ) istheheuristicvaluebetweencustomeriandj;
• α istheparameterwhichdeterminestheimportanceofpheromonevalue;
• β istheparameterwhichdeterminestheimportanceofheuristicvalue;
• qistherandomvariableuniformlydistributedover[0,1];
• q0isthevariablethatcontrolsexploitationandexploration;
• φ

i
k istheallowedfeasiblecustomersbyantkpositionedoncustomeri.
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Duringtheconstructionofsolution,eachantmodifiesthevalueofpheromoneonthevisited
arcsbyfollowinglocalpheromoneupdaterule:

τ ξ τ ξτi j i j
k k k k
, ,( ) = −( ) ( )+1

0
 (3)

where:

• ξ isthelocalevaporationfactor;
• τ

0
isinitialpheromonevalue.

Afterthecompletionofonecycle,pheromonevalueonthearcsbelongingtoglobalbesttouris
updatedaccordingtoglobalpheromoneupdatingrule:

τ ρ τ
ρ

i j i j
Lk k k k
Best

, ,( ) = −( ) ( )+1 0  (4)

where:

• L
Best

isthelengthofgloballybesttour;
• ρ

0
istheglobalevaporationfactor.
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2.1.1. Importance of Parameters
AnimportantissueinACOisthebalancebetweenexplorationandexploitation(Pellonperä,2014;
Bansaletal.,2014).Astheydirectlyaffectthesolutionqualityandcomputationtime.Toomuch
explorationofsearchspaceimprovesthesolutionqualitybutatthecostofCPUtimeandhenceslow
convergencerate.Ontheotherhand,toomuchexploitationofsearchspacecutstheCPUtimebutat
thecostofworsenedsolutionqualityandhencefasterconvergencerate.ACOalgorithmmaintains
thisbalancewiththehelpof � , � � .α β ρand

0

2.2. Fuzzy Logic System (FLS)
Fuzzy logic was introduced by Lofti Zadeh (Zahed, 1983) in 1965. FLS can handle imprecise,
uncertainandincompletedataefficiently.Moreover,itcanmodelnonlinearsystemsveryeasily.So,
itfindsapplicationsinvariousfieldsrangingfromcontrolsystemtoartificialintelligence(Baklouti
etal.,2012;Bousninaetal.,2012;Collottaetal.,2014;Pasiekaetal.,2017).FLSconsistsofthree
parts:fuzzification,inferencesystemanddefuzzification.BlockdiagramofFLSisshowninFigure1.

Fuzzification: ThisisthefirstphaseofFLSwhichdealswiththedefinitionoflinguisticvariables
ofinputsandoutputsanddefiningtheirdescriptors.

Inference System:Itdescribesthesystemworkingandhencesimulatesthehumanthinkinginterms
offuzzyIF-THENrules.

Defuzzification:Itcalculatesthecrispoutputfromthefuzzyinputobtainedfrominferencesystem.

3. LITeRATURe ReVIew

(Elloumietal.,2013)presentstwoswarm-basedalgorithmsnamelyFPSOandFACOforsolving
TSP.Thesetwoalgorithmsareenhancedbyusingfuzzylogic.Fuzzylogichasbeenusedforupdating
ofinertiaweightandpheromonetrailsofPSOandACOrespectively.Experimentalresultsreveal
thatfuzzylogichelpsinreductionoftimeandtourlength.(Olivasetal.,2014)proposesafuzzy
systemfortheadaptationofACOparameters.Theobjectiveofthepaperistocontrolthediversity
ofthesolution.Threefuzzysystemsarecreatedonthebasisofdifferentinputsandacomparison
amongthemismade.TSPhasbeenusedfordemonstrationofresults.Inadditiontothis(Olivaset.
al.,2017)hasextendedthisworkonthebasisoftype2fuzzylogicsystem.Againtype2fuzzylogic
systemhasbeenusedforthedynamicparameteradaptationofACOsothatitcanbeappliedtowide
varietyofproblemswithouttuningtheparameters.Theproposedalgorithmhasbeenappliedtotwo
problemsnamely:TSPandtrajectoryoptimizationofanautonomousmobilerobot.(Wangetal.,
2015)usesfuzzylogicforthecontrolofparametersofACO.AmongvariousflavorofACO,ASand
ACShasbeenusedforthecontrolofparameters.ThreeadaptivecontrolstrategiesSI,SIIandSIII
areproposedtocontrolthepheromoneevaporationrate,explorationprobabilityfactorandnumber
ofantsrespectively.Featureselectionproblemhasbeenchosenforevaluationofthesestrategies.In
additiontothistheproposedapproachesareenhancedtomakethemsuitableforfeatureselection
problem.Acomparisonismadebetweentheproposedstrategies,PSOandgeneticalgorithm.(Stutzel
etal.,2011)presentsareviewofapproachesthathavebeenusedforthesettingsofparameterswhile
atruntimeofACOalgorithm.Thereviewhasbeengivenintwoparts.Thefirstpartofthestudy

Figure 1. Block diagram of FLS
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providesanunderstandingofeffectsofparametersonACO.Thesecondpartofthestudyusesthe
first part to propose simple, pre-scheduled parameter variations. Experimental results show that
runtimeparametersettingscandramaticallyimprovetheperformanceofalgorithm.(Eibenetal.,
1999)presentsadiscussiononparametercontrolforevolutionaryalgorithmsandalsoprovidesa
surveycontroltechnique.(Belmecharietal.,2011)proposesaPSOapproachtosolvecomplexVRP.
FuzzylogiccontrollerisusedtocontroltheparametersofPSO.ThefuzzylogicallowsthePSOto
maintainanequilibriumbetweenintensificationanddiversification.(Stodolaetal.,2015)presents
aparametertuningschemeforACOusedinISRsystems.ACOalgorithmdesignedformultidepot
VRPhasbeenintegratedintoTDSS.VariousparametersofACOlikenumberofants,evaporation
factoretc.aretuned.(Salehinejad&Talebi,2010)proposesafuzzyenabledACOfordynamicroute
selectioninurbanareas.Pheromoneareupdatedonthebasisoffuzzyparametersdistance,risk,and
trafficflow.(EIAfiaetal.,2017)presentsafuzzylogiccontrollerforparameteradaptationofmeta
heuristics.ThelocalevaporationfactorofACShasbeenadaptedbyFLS.Computationalresultsare
producedonTSPproblem.ThesimulationresultsshowthatdynamicparameteradaptationofACS
hasfasterconvergenceandbetter-qualityresults.

(Zhangetal.,2016)developsaframeworkofconstructinginvariantACOalgorithmforTSP
andexperimentalanalysishasbeenusedtostudytheeffectofparametersonalgorithmperformance.

(Eroletal.,2012)usesneuralnetworkfortheadaptationofα β  and parametersofACO.NNis
usedforchoosingbestparametersandACOservesasevaluationalgorithm.Effectivenessof the
resultsareshownonTSPproblem.In(Yuetal.,2009)anadaptiveACS(AASC)hasbeenproposed
fortheoptimizationofTSPproblem.TheproposedalgorithmusesnormalizedvaluesofACSforthe
adaptationofpheromonedecayandα. Finally,(Bajeretal.,2016)developsaparametercontrolfor
differential evolution algorithm by ACO. Crossover rate and mutation factor are controlled by
pheromonemodelofACO.Fromtheaboveminedliterature,itisclearthatvaluesofparametershave
significanteffectontheperformanceofthealgorithm.

3.1. Research Gaps
Mostoftheproposedwork(Elloumietal.,2013;Olivasetal.,2014;Olivasetal.,2017;ElAfiaetal.,
2017;Zhangetal.,2016;Eroletal.,2012)solvesTSPproblemwhichcannotbedirectlyappliedto
VRPduetoconstraintslikecapacityanddemand.Workproposedin(Olivasetal.,2014)isaparameter
tuningapproachwhichconsumeslotofresources.Moreover,theworkwhichfocusesonparameter
adaptationusingfuzzylogic(ElAfiaetal.,2017)considersoneparameterforadaptationatatime
keepingothersasstatic.In(Yuetal.,2009)parametersareadjustedusingformulawhichresultsin
biasing.Themaindisadvantageof(Bansaletal.,2014)istheuseoffixedparametersthroughoutthe
iterationsandprematureconvergence.

4. PROPOSed MeTHOdOLOGy

Todynamicallyadapttheα ρ  and ,Fuzzylogicsystemhasbeenused.ThreeFuzzyadaptivestrategies
FACO-1,FACO-2andFACO-3hasbeenimplementedonMamdanifuzzysystem.FACO-1decides
thevalues for α β  and parameter.FACO-2determines thevalue for ρ .FACO-3combinesboth
FACO-1andFACO-2.FACO-3predictsthevaluesforallα β ρ�, � �and parameter.Twoinputparameters
namelyiteration,variancehasbeenusedwhere:

Iteration
Current Iteration

Total No of Iterations
=

�

� .� �
 (5)

Variance currentbest solution global best solution= −     (6)
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whereinEquation5currentiterationisthenumberofpastiterationsandtotalno.ofiteration
is the maximum iterations allowed. Variance is the difference between the current best
andglobalbest solution.Currentbest solution represents thebest solution in thecurrent
iterationandglobalbestsolutionrepresenttheglobalbestsolutiontillthecurrentiteration.
Algorithms1-3showthemainFACOalgorithmthatcallsFACO-1,FACO-2andFACO-3
fuzzycontrolledalgorithmrespectively.

4.1. Fuzzification
ThisisthefirstprocessinFLS.Iterationandvariancearefuzzifiedintherangeof[01000]and
[0to100]respectivelyusingtriangularmembershipfunctionasshowninFigure2and3.Foreach
inputvariablethreemembership{Small,Medium,High}aredefined.Themembershipfunctionfor
iterationcanbedefinedasfollows:

µ
small
x

x
if x

if x
( ) =

−
< <

>









500

500
0 500

0 500

�

�
 (7)

Algorithm 1. Adaptive FACO

Input:VRPinstances,numberofants,� � � �, , , ,totalno.ofiterations.

Output:besttour

BEGIN

Step1:Initializealltheparameters

Step2:Repeatstep3-10untilstoppingconditionismet

Step3:ConstructAntSolutionusingEquation(1)and(2)

Step4:UpdatelocalpheromoneusingEquation(3).

Step5:Calculatethelengthoftourformedbyeachantandassignthebesttocurrentbestsolution.

Step5:UpdateglobalpheromoneusingEquation(4).

Step6:Calculateglobalbestsolution.

Step7:CalculateVarianceusingEq(6)

Step8: α β, ,


 = − ( )FACO Iteration Variance1

Step9: ρ

 = − ( )FACO Iteration Variance2 ,

Step10: α β ρ, , ,



 = − ( )FACO Iteration Variance3

END
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Algorithm 2. FACO-2

Input: Iteration,Variance

Output: ρ

BEGIN

Step1:FuzzifyIterationandVarianceusingFigure2and3respectively.

Step2:Evaluatethefuzzyrulesforρ.

Step3:Defuzzifytheresultandoutputthecrispvaluesforρ parameters

END

Algorithm 3. FACO-3

Input: Iteration,Variance

Output: α β ρ, ,

BEGIN

Step1:FuzzifyIterationandVarianceusingFigure2and3respectively.

Step2:Evaluatethefuzzyrulesforα β ρ, , .

Step3:Defuzzifytheresultandoutputthecrispvaluesforα β ρ, , parameters

END

Figure 2. Iteration as input variable
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Similarly,wecandefinemembershipfunctionforinputvariablevarianceintherangeof[0,100].

4.2. Rule evaluation
Afterfuzzificationofinputparametersrulebasewereprepared.ThefuzzyrulesfortheFACO-1,
FACO-2andFACO-3aredevelopedaccordingtopriorknowledgeofACSandthechosenparameters.
ThisworkusesMamdanifuzzyconjunction(AND)fuzzyrulestocombineinputs(outputs).Therule
baseforFACO-1,FACO-2andFACO-3areshowninTables1-3.

Togivean illustrationofhowthese rulesareconstructed letusconsideranexample: if the
percentageofiterationissmall(atearlystageofanalgorithm)andwhenthevarianceislow(colony
ofantsareclosertothebestant)thenwewanttheexplorationofsearchspace.Sowesetalphaas
lowandbetaashighandevaporationratetolow.Thisreasoningisrealizedforrule1inTable3.On
theotherhand,inRule9ofTable3“If iteration is high and variance is high then alpha is high and 
beta is low and evaporation factor is high”meansatthelastiterationandantshavinghighdiversity
thevalueofparametershouldbesettoobtainlowexplorationandhighexploitation.Thesurface
viewofallthreeparametersareshowinFigures4-6.

4.3. defuzzification
Afterruleevaluation,wegetthefuzzyoutputasshowninFigures7-9forrequiredparametersto
obtaincrispvaluefortheseparametersvariousdefuzzificationmethodsareavailablelike:Meanof

Figure 3. Variance as input variable
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Table 1. Rules for FACO-1

Rule No.
INPUT OUTPUT

Iteration Variance Alpha Beta

1 Small Small Low High

2 Small Medium Medium MediumHigh

3 Small High MediumLow MediumHigh

4 Medium Small MediumLow MediumHigh

5 Medium Medium Medium Medium

6 Medium High MediumHigh MediumLow

7 High Small High Medium

8 High Medium MediumHigh MediumLow

9 High High High Medium

Table 2. Rules for FACO-2

Rule No.
INPUT OUTPUT

Iteration Variance Global Evaporation

1 Small Small Low

2 Small Medium MediumLow

3 Small High Medium

4 Medium Small MediumLow

5 Medium Medium Medium

6 Medium High MediumHigh

7 High Small Medium

8 High Medium MediumHigh

9 High High High

Table 3. Rules for FACO-3

Rule No.
INPUT OUTPUT

Iteration Variance Alpha Beta Global Evaporation

1 Small Small Low High Low

2 Small Medium Medium MediumHigh MediumLow

3 Small High MediumLow MediumHigh Medium

4 Medium Small MediumLow MediumHigh MediumLow

5 Medium Medium Medium Medium Medium

6 Medium High MediumHigh MediumLow MediumHigh

7 High Small High Medium Medium

8 High Medium MediumHigh MediumLow MediumHigh

9 High High High Medium High
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Max,Centroid,Centreofgravityetc.Inthispaper,Centroidmethodhasbeenusedfordefuzzificaion.
FollowingvaluesandMFSareusedforthethreeoutputvariables:

[Output1] 
Name=’Alpha’ 
Range=[0 5] 
NumMFs=5 
MF1=’Low’:’trimf’,[0 0.75 1.75] 
MF2=’MediumLow’:’trimf’,[0.75 1.75 2.5] 

Figure 4. Surface view of Alpha Variable

Figure 5. Surface view of Beta Variable
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Figure 6. Surface view of Rho Variable

Figure 7. Alpha as output variable

Figure 8. Beta as output variable
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MF3=’Medium’:’trimf’,[1.75 2.5 3] 
MF4=’MediumHigh’:’trimf’,[2.5 3 3.5] 
MF5=’High’:’trimf’,[3.5 4.2 5] 
[Output2] 
Name=’Alpha’ 
Range=[0 5] 
NumMFs=5 
MF1=’Low’:’trimf’,[0 0.75 1.75] 
MF2=’MediumLow’:’trimf’,[0.75 1.75 2.5] 
MF3=’Medium’:’trimf’,[1.75 2.5 3] 
MF4=’MediumHigh’:’trimf’,[2.5 3 3.5] 
MF5=’High’:’trimf’,[3.5 4.2 5] 
[Output3] 
Name=’Rho’ 
Range=[0 1] 
NumMFs=5 
MF1=’Low’:’trimf’,[0.00131750793650791 0.0894165079365079 
0.332436507936508] 
MF2=’MediumLow’:’trimf’,[0.17 0.33 0.5] 
MF3=’Medium’:’trimf’,[0.332063492063492 0.492063492063492 
0.672063492063492] 
MF4=’MediumHigh’:’trimf’,[0.5 0.65 0.83] 
MF5=’High’:’trimf’,[0.68 0.9 1]

5. eXPeRIMeNTAL ReSULTS

ToevaluatetheeffectivenessofadaptiveFACOwehadcompareditfirstlywiththeTSP
instancesandthenwithstandardACSwithasetofVRPbenchmarksfromneo.lcc.uma.
es/vrp/vrp-instances/capacitated-vrp-instances/.Outofthesebenchmarks10instances
from Augerat et al. were taken. The proposed algorithm has been implemented in
MATLAB2016aandwererunonIntelCorei-3with2.3GHZ.Allinstancesarerun10
timeswith10antsandwith1000maximumiterations.� � �� � �1 2 0 1, , . werechosen
forstandardACS.

Figure 9. Rho as output variable
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5.1. Comparison on Solution Quality for TSP Instances
Tocomparetheresultsofthreeproposedstrategies5instancesofTSPproblemhasbeenselected
andtheircomparisonhasbeenmadewithstrategiesofASRank+FS-3(Olivasetal.,2014)andACFSL
(ElAfiaetal.,2017).TheASRank+FS-3decidesthevalueofalphaparameteronthebasisofiteration
anddiversityparameter.ACFLSapproachdeterminesthevalueoflocalpheromoneevaluationfactor.
TheaverageresultsareshowninTable4.Fromthetable,itisclearthatallthreeproposedstrategies
obtainthesametourlengthandtheresultsobtainedarecomparablewithoptimalsolutionsandbetter
thanACFSLapproach.

5.2. Comparison on Solution Quality for VRP Instances
Table5showstheaverageresultsforsolutionaccuracyforallthreestrategies.FromtheTable
5itcanbeobservedtheFACO-3withfuzzysystemresultingdynamicvaluesfor� � �,   and 
withiterationandvarianceasinputhaveonaveragebettersolutionqualitythanothertwofuzzy
strategies.ItcanalsobeobservedthatFuzzycontrolledACSoutperformsthestandardACSin
termsofsolutionquality.Table6showsthestandarddeviationofresultsofallthreestrategies
andACSfromoptimumresults.ItisclearthatFACO-3haslessdeviationfromtheoptimum
solution.EvenFACO-1thatcontrolsthealphaandbetaparameterisbetterthanFACO-2that
controlsglobalevaporationfactor.

Table 4. Average results (solution quality TSP instances)

TSP Instances Optimum 
Solution

ASRank+FS-3 
(Olivas et al., 

2014)

ACFSL (El 
Afia et al., 

2017)
FACO-1 FACO-2 FACO-3

Burma14 3323 3323 - 3323 3323 3323

Ulysses22 7013 7013 - 7013 7013 7013

Berlin52 7542 7549.3 7546.53 7544.36 7544.36 7544.36

Eil76 538 541.93 556.31 552.92 552.92 552.92

Kr0A100 21282 21470 21611.54 21355.28 21355.28 21355.28

Table 5. Average results (solution quality for VRP instances)

VRP Instances Optimum 
Solution ACS FACO-1 FACO-2 FACO-3

A-n32-K5 784 883.2 792.8 793 792.4

A-n33-K5 661 742 667.48 706.57 667.97

A-n34-K5 778 878 783.43 781.96 778.8

A-n48-K7 1074 1199.03 1188.86 1199.08 1074.51

A-n53-K7 1010 1093.51 1023.15 1025.87 1020

A-n54-K7 1167 1258.5 1175.6 1175.6 1175.6

A-n60-K9 1408 1570.43 1412.8 1412.8 1411.7

A-n61-K9 1035 1246.41 1181.58 1162.11 1038

A-n69-K9 1167 1281.7 1207.8 1202.4 1192.4

A-n80-K10 1760 1886.13 1779.14 1772.8 1767.8
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5.3. Comparison on Convergence Rate for VRP
Figure10showstheconvergencerateofFACO-3isbetterthanstandardACSasinFACO-3after
500iterationsthebestcostis792.4forA-n32-K5instanceswhereasthestandardACSachievesthe
sameresultafter850iterations.ForA-n60-K9theFACO-3convergesafter800iterationswhereas
ACSachievesitsresultsafter1000iterations.

5.4. Statistical Test for VRP
Tocompare the fuzzy controlled ACS with the standard ACS, wehave used the nonparametric
Kruskal-Wallis,Friedman testasa statistical test that is to finddifferences indifferencesacross
multipletreatments.Tables7,8and9showtheresultobtainedafterapplyingthetest.

ThenullhypothesisHosaysthattheproposedmethodhasnosignificantdifferencesbetween
theproposedapproacheswhilethealternativehypothesisH1hasasignificantdifferencebetweenthe
proposedapproaches,thelevelofsignificanceis5%,andthecriticalvalue=1.483.Asthecomputed
p-valueislowerthanthesignificancelevelalpha=0.05,oneshouldrejectthenullhypothesisHo,and
acceptthealternativehypothesisH1.Fromtheabovetablesitisclearthatallthefuzzycontrolled

Table 6. Standard deviation from the optimum solutions

VRP Instances ACS FACO-1 FACO-2 FACO-3

A-n32-K5 99.2 8.8 9 8.4

A-n33-K5 81 6.48 45.57 6.97

A-n34-K5 100 5.43 3.96 0.8

A-n48-K7 125.034 114.856 125.08 0.507

A-n53-K7 83.51 13.15 15.87 10

A-n54-K7 91.5 8.6 8.6 8.6

A-n60-K9 162.43 4.8 4.8 3.7

A-n61-K9 211.41 146.58 127.11 3

A-n69-K9 114.7 40.8 35.4 25.4

A-n80-K10 126.13 19.14 12.8 7.8

Figure 10. Convergence of ACS and FACO-3 for A-n32-K5 and for A-n60-K9
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strategiesarebetterthanstandardACS.InadditiontothisFACO-3andFACO-1havemoresignificant
differencesfromstandardACSascomparedtoFACO-2.

6. CONCLUSION

ThispaperproposesafuzzybasedparameteradaptationofACOforsolvingVRP.Threedifferent
strategiesFACO-1,FACO-2andFACO-3thatcontrolsthedynamicadaptationofα β ρ, , andall
threesimultaneouslyareproposed.Iterationandvariancearechosenastheinputparameter.The
proposedstrategiesareevaluatedonbothTSPandVRPinstances.Theexperimentalresultson
TSP shows that all three strategiesobtain equivalent resultswhereasonVRPshowed that the
FACO-3andFACO-1methodthatdynamicallyadapttheparametershasbetterqualityofresults
andhigherconvergencespeed.Also,fromtheTable5itcanbeobservedthatFACO-3givesbetter
resultsthanothertwostrategies.Inotherwords,thedynamicadaptationofsignificantparameters
ofACOcancontrolthebalancebetweenexplorationandexploitationofACO.Forfutureworkwe
will try to implement the same strategies on different variants of VRP, on other evolutionary
techniquesandwillimplementtype-2fuzzylogictoaddrobustnesstotheproposedalgorithm.
Moreover, the efficiency of the algorithm will be checked for uncertain environment with
imprecisionandvaguedatainputs.

Table 7. Pair wise differences

FACO-3 ACS FACO-1 FACO-2

FACO-3 0 -2.7000 -1.1500 -1.3500

ACS 2.7000 0 1.5500 1.3500

FACO-1 1.1500 -1.5500 0 -0.2000

FACO-2 1.3500 -1.3500 0.2000 0

Table 8. P-values

Critical difference: 1.4833

FACO-3 ACS FACO-1 FACO-2

FACO-3 1 < 0.0001 0.1910 0.0895

ACS < 0.0001 1 0.0365 0.0895

FACO-1 0.1910 0.0365 1 0.9857

FACO-2 0.0895 0.0895 0.9857 1

Table 9. Significant differences

FACO-3 ACS FACO-1 FACO-2

FACO-3 No Yes No No

ACS Yes No Yes No

FACO-1 No Yes No No

FACO-2 No No No No
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