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ABSTRACT

Inacloudenvironment,computingresourcesareavailabletousers,andtheypayonlyfortheused
resources.Task scheduling is consideredas themost important issue incloudcomputingwhich
affectstimeandenergyconsumption.Taskschedulingalgorithmsmayusedifferentproceduresto
distributeprecedencetosubtaskswhichproducedifferentmakespaninaheterogeneouscomputing
system.Also,energyconsumptioncanbedifferentforeachresourcethatisassignedtoatask.Many
heuristicalgorithmshavebeenproposedtosolvetaskschedulingasanNP-hardproblem.Mostof
thesestudieshavebeenusedtominimizethemakespan.Bothmakespanandenergyconsumption
areconsideredinthispaperandataskschedulingmethodusingacombinationofculturalandant
colonyoptimizationalgorithmispresentedinordertooptimizethesepurposes.Thebasicideaofthe
proposedmethodistousetheadvantagesofbothalgorithmswhileavoidingthedisadvantages.The
experimentalresultsusingC#languageincloudazureenvironmentshowthattheproposedalgorithm
outperformspreviousalgorithmsintermsofenergyconsumptionandmakespan.
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1. INTROdUCTION

Cloud computing is a popular phenomenon (Chiregi & Navimipour, 2016; Sheikholeslami &
Navimipour,2017)inwhichsharedresourcesarepreparedtoend-usersinanon-demandfashionthat
bringsmanyadvantages,includingdataubiquity,theflexibilityofaccess,highavailabilityofresources,
and scalability (Bouarara, Hamou, Rahmani, & Amine, 2014; Kumar, Ashok, & Subramanian,
2012).Cloudcomputingfocusesoncommercialresourceprovisionandallowscustomerstousethe
computingresourcespresentedbymultipleserviceproviders(Kim&Jo,2016;Mohammadi,2017).
Itisamodelofservicedeliveryandaccessmechanismwherevirtualizedresourcesareprovidedas
aserviceovertheInternet(Milani&Navimipour,2016;AnilSingh,Dutta,&Singh,2014;Sood,
2013).Itfollowsapay-per-usemodelandcanbedynamicallyreconfiguredtosatisfyuserrequests
viaon-the-flyvirtual resources (Navimipour,Rahmani,Navin,&Hosseinzadeh,2015;Vakili&
Navimipour,2017).
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The main problems of cloud computing are dynamism, requiring continuous monitoring of
requests and resources, handling of ever changing requirements, schedules and prices, selecting
appropriateservicesandplanstomeetoverallobjectivesofthecloud(Aznoli&Navimipour,2017;
Chowhan,Shirwaikar,&Kumar,2016).Cloudcomputingpresentsmanyservicestousers(Alami
Milani&JafariNavimipour,2016;Ezugwu,Buhari,&Junaidu,2013)suchasSoftwareasaService
(SaaS)(Alkhanak,Lee,&Khan,2015),InfrastructureasaService(IaaS)(Mehta&Gupta,2013),
PlatformasaService(PaaS)(Shao,Wang,&Mei,2012)andExpertasaservice(EaaS)(Navimipour
etal.,2015).Theseservicescanthenbeaccessedthroughacloudclientwhichcouldbeawebbrowser,
mobileapp,andsoon(Chong,Wong,&Wang,2014).

On the other hand, task scheduling on distributed computing environments such as cloud
computingisaninterestingissue(Keshanchi,Souri,&Navimipour,2017).Inordertoarrangethe
performanceofthetaskinacloud,anefficienttaskschedulerisrequestedinwhichapplications
shoulddivideintosubtasks(Navimipour,2015a,2015b).Thesesubtasksareshownasadirected
acyclicgraph(DAG).Thetypeoftaskschedulinggreatlyaffectstheenergyconsumptionofacloud
datacenter,ifthetaskisnotproperlyscheduledcanincreaseenergyconsumption,thereforeanenergy
awaretaskschedulingcansavelotsofenergy.Inthecloudcomputingenvironment,varioustypesof
usersperformtheirtasks(AartiSingh&Malhotra,2015).Eachofthemhasentirelydifferentresource
requirements(Habibi&Navimipour,2016).

Byconsideringtheimportantroleoftaskschedulingincloudcomputing,thispaperisaimedto
proposeanefficienttaskschedulingalgorithmincludingtwoimportantcriteria,themakespan,and
energyconsumption.Duringthelastfewyears,thehighpriceofenergyconsumptionhasbecome
acritical issue(Koomey,2011)andcloudproviders facedwith thepressureofminimizing their
energyconsumptionaswellastheiramountofCO2emissions.Sinceantcolonyoptimization(ACO)
algorithmhaslongiterationtimeandconvergencetimeisuncertain.Ontheotherhand,thecultural
algorithmhasbeensuccessfullyappliedtooptimizationproblemsandhasadvantagesinovercoming
someweaknessesofconventionaloptimizationmethods(Yang&Gu,2014),theACOalgorithmis
combinedwithaculturalalgorithmtoimprovetheperformanceofthetaskschedulingalgorithmand
dealwiththatissues.Briefly,themainpurposeofthispaperisproposinganewhybridalgorithm
usingtheculturalalgorithmandACOalgorithmforminimizingmakespanandenergyconsumption.

Therestofthispaperisorganizedasfollows.RelatedmechanismsarereviewedinSection2.
AnintroductiontoACOalgorithm,culturalalgorithm,andtheproposedalgorithmarediscussedin
Section3.EmpiricalexperimentsofevaluatingtheimprovedalgorithmareconductedinSection4.
Finally,thepaperconcludesinthelastsection.

2. RELATEd wORK

Since task scheduling is an NP-hard problem, many researchers presented the nature-inspired
optimizationalgorithmsfortaskschedulingincloudenvironments.Inthissection,somestate-of-
the-artmechanismsarediscussedandanalyzed.

Zuo(2015)hasproposedamulti-objectiveoptimizationmethodforsolvingthetaskscheduling
problemincloudcomputing.Theyproposedaresourcecostmodelthatdefinesthedemandoftasks
onresourceswithmoredetails.Thismodelreflectstherelationshipbetweentheuser’sresourcecosts
andthebudgetcosts.Amulti-objectiveoptimizationschedulingmethodhasbeenproposedbased
ontheproposedresourcecostmodel.Thismethodconsidersthemakespanandtheuser’sbudget
costsas limitationsof theoptimizationproblem, toachievemulti-objectiveoptimizationofboth
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performanceandcost.AnimprovedACOalgorithmhasbeenproposedtosolvethisproblem.Itreduces
themakespan,preventedfromfallingintoalocallyoptimalsolutionandoptimizedtheusercosts.

Also,Xu(2014)hasproposedataskschedulingschemeonheterogeneouscomputingsystems
usingmultiplepriorityqueuesbasedongeneticalgorithm.Thebasic ideaof thisapproach is to
exploit theadvantagesofbothevolutionary-basedandheuristic-basedalgorithmswhileavoiding
theirdisadvantages.Theproposedalgorithmincorporatesageneticalgorithmtoassignapriorityto
eachsubtaskwhileusingaheuristic-basedearliestfinishtime(EFT)approachtosearchasolutionfor
thetask-to-processormapping.Theproposedmethodalsoemployscrossover,mutation,andfitness
function.Theadvantagesofthealgorithmarethelowmakespanandhighefficiencybutitsuffers
fromslowconvergenceandhighcomplexity.

On the other hand, the growth of energy consumption has been explosive in current data
centers,supercomputers,andpubliccloudsystems.Thisexplosionleadstothegreaterdefenseof
greencomputing,andmanyeffortsandworksarefocusedonthetaskschedulinginordertoreduce
dissipationofenergy.Tang(2016)hasproposedadynamicvoltageandfrequency(DVFS)-enabled
energyefficientworkflowtaskschedulingalgorithm.Theproposedmethodcombinestherelatively
inefficientprocessorsbyreclaimingtheslacktime,tocalculatetheinitialschedulingorderofall
tasks,andobtainsthewholemakespananddeadlinebasedonheterogeneousEFT(HEFT)algorithm.
Finally, the tasks canbedistributed in the idle slotsunder a lowervoltage and frequencyusing
DVFStechnique.Theobtainedresultsshowedthatthetotalpowerconsumptionforvariousparallel
applicationsisimproved.Butthealgorithmdoesnotconsideroverheadsandparametersintheactual
presenceofaheterogeneousenvironment.

Furthermore,Khan(2012)hassuggestedanapproachcalledconstrainedEFT(CEFT)toprovide
betterschedulesforheterogeneoussystemsusingtheconceptoftheconstrainedcriticalpaths.In
contrasttootherapproachesusedforheterogeneoussystems,theCEFTstrategyincludesabroader
viewoftheinputtaskgraph.Furthermore,thestaticallygeneratedconstrainedcriticalpathsmay
beefficientlyscheduledincomparisonwithothermethods.Theproposedmethodoutperformsthe
well-knownHEFT,DLS,andLMTstrategiesbyproducingshorterschedulesforadiversecollection
oftaskgraphs.However,thismethodproducesunstableresultsinlargeproblems.

KeshanchiandJafariNavimipour(2016)haveproposedanewtaskschedulingalgorithmina
cloudenvironmentusingmultiplepriorityqueuesandamemeticalgorithm.Themethodusesagenetic
algorithmalongwithhillclimbingtoassignaprioritytoeachsubtaskwhileusingaheuristic-based
EFTapproachtosearchasolutionforthetask-to-processormapping.Thebasicideaoftheapproach
isusingtheadvantageofthememeticalgorithmtoincreasetheconvergencespeedofthesolutions.
Thesimulationresultsshowthat thealgorithmoutperformsthemakespansof thethreeheuristic
algorithms,butithashighcomplexityandrunningtime.

MentionedworkshavesomeadvantagesanddisadvantagesthatlistedinTable1.Duetothe
problemsofpreviousworksinthispaper,weintroduceanewhybridenergy-awareapproachthat
detailedinSection3.

3. PROPOSEd METHOd

Ataskschedulingalgorithminacloudenvironmentisproposedinthissectiontoexploittheadvantages
ofbothACOandculturalalgorithms.ThesystemmodelispresentedinSection3.1andthedetails
ofourtaskschedulingmodelarepresentedinSection3.2.

3.1. System Model
Inthiswork,thecloudapplicationmodelhasasetof P heterogeneousprocessorsthatarefully
interconnectedwithahigh-speednetwork.Theinter-processorcommunicationsareperformedatthe
samespeedonalllinkstosimplifytaskschedulingmodelsameasthemodelin(Dorigo&Gambardella,
1997).Inthissystem,eachsubtaskcanberunonlyononeprocessor,andallofthemmustbescheduled.
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Timedependencyrelationshipshouldbeconsideredwhentwodependentsubtasksareassignedto
differentprocessors.

A static computational model is considered in this model and the relation and execution
precedenceispredeterminedanditdoesn’tchangeduringthetaskschedulingorperformance.The
taskschedulingproblemisshownbyusingdirectedacyclicgraph(DAG)torepresentthetasksand
theirdependencies.InDAG,theverticesrepresenttasksandtheedgesrepresentexecutionprecedence
betweentasksasshowninFigure1.Theedgesofthegrapharelabeledwithcommunicationcost.
InTable2,thefirstcolumnshowsthetasksoftheapplicationofFigure1,columns2to4represent
thecomputationcostofeachtaskonprocessorsandthelastcolumnshowstheaveragecomputation
costofeachtaskonallprocessors.

3.2. Hybrid Algorithm
TheACOmethodologywasoriginallyintroducedbyDorigo(1997).ThegeneralprincipalofACO
isthatthepheromoneinformationreflectstheoutcomesofthedecisionwhichhavebeenmadeby
formerantstofindgoodsolutions(Kang,Zhang,Lin,&Lu,2014).Itisinspiredbytheobservation
ofthebehaviorofantswhentryingtoreachafoodsource(Tumeo,Pilato,Ferrandi,Sciuto,&Lanzi,
2008).Atfirst,theantswanderrandomly.Whenanantfindsafoodsource,itwalksbacktothecolony
leavingpheromonesthatshowthepathofthefood(Navimipour&Milani,2016).Whenotherants
comeacrossthepheromones,theyarelikelytofollowthepathwiththeirownpheromonesasthey
bringthefoodback.Asmoreantsfindthepath,itgetsstrongeruntilthereareacouplestreamsof
antstravelingtovariousfoodsourcesnearthecolony.Bydroppingpheromoneseverytime,theybring
food.Shorterpathsaremorelikelytobestronger,hencethesolutionisoptimized.Thepheromone
alsohasevaporationfactor.Overtime,thepheromonetrailstartstoevaporateandlessreinforced
routeswillslowlydisappear(Tumeoetal.,2008).

In ACO algorithm, convergence is guaranteed, but convergence time is uncertain. The
traditionalACOalgorithmispronetostagnation.InordertoavoidthedisadvantagesofACO

Table 1. Task scheduling comparison

Technique Approach Advantages Disadvantages

Zuo(2015)

Amulti-objective
optimizationmethodfor
taskscheduling

•Highperformance
•Preventingfromfalling
intoalocallyoptimal
solution
•Lowmakespan
Optimizingusercosts

•Theperformancedo
notcomparewithexisting
algorithms

Xu(2014)

Ageneticalgorithm
fortaskschedulingon
heterogeneouscomputing
systemsusingmultiple
priorityqueues

•Lowmakespan
•Highefficiency

•Slowconvergence
•Highcomplexity

Tang(2016)

Anenergyefficienttask
schedulingalgorithmbased
onDVFS

•Lowpowerconsumption
•Lowmakespan

•Lowreliability
•Notconsidering
overheadsandparameters
intheactualpresenceofa
heterogeneousenvironment

Khan(2012) Basedonconstrained
criticalpaths

•Lowmakespan •Producingunstable
resultsinlargeproblems

KeshanchiandJafari
Navimipour(2016)

Prioritybasedtask
schedulingusingamemetic
algorithm

•Lowmakespan
•Fastconvergence •Highcomplexity

•Highrunningtime
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algorithm, the ACO is combined with a cultural algorithm for solving the task scheduling
problem,whichcouldessentiallyimprovetheperformancesofthealgorithmanddealwithlong
iterationtimeandlocalconvergenceissues.Bothalgorithmsarebasedonpopulationandthey
shareinformationamongthepopulation.ACOalgorithmgetsbenefitsfromthedualinheritance
ofculturalalgorithm.

TheCulturalalgorithmisabranchofevolutionarycomputationthathastwocomponents:the
beliefspacewhichistheevolutionaryprocessfromtheexperiencesandknowledgeacquired;and
thepopulation spacewhich is agroupof individuals from the specific space (Reynolds&Zhu,
2001).Thesetwocomponentscommunicatewitheachotherthroughasupportingcommunication
protocol(Zhu&Wang,2016).Thedualinheritancemechanismmakestheculturalalgorithmaself-
adaptationsystemthatenablesglobalevolutionaryinformationtobemorefullyutilized.Thebelief
spaceisupdatedaftereachiterationbythebestindividualsusingafitnessfunctionthatdetermines
the performance of each individual in the population. Figure 2 represents the framework of the
culturalalgorithm.

Acceptanceandinfluenceareconsideredasthemajoroperationsoftheculturalalgorithm.Other
operationsareperformedinsidebelieforpopulationspaceindependently.Therefore,itispossible
tosetotheralgorithmsintoculturalalgorithmframeworkbyaddingspecificlogicsintobeliefand
populationspacesandperformingacceptanceandinfluenceoperationsbetweenthem(Zhu&Wang,
2016).Intheproposedmethod,ACOisusedtoprocessorselectionandtheculturalalgorithmisused
toselectthebestsolutionandavoidfallingintolocaloptimumsolutionusingitsoperators.Thesteps
ofthemethodareshowninFigure3.

Figure 1. A simple DAG with 10 nodes and 14 edges
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Table 2. Computation cost of DAG in Figure 1

Task p0 p1 p2 ωω

t0 9 11 7 9

t1 8 7 6 7

t2 12 9 9 10

t3 15 13 17 15

t4 9 7 11 9

t5 6 10 8 8

t6 16 17 15 16

t7 13 8 12 11

t8 12 18 15 15

t9 8 7 6 7

Figure 2. Framework of cultural algorithm (Reynolds & Zhu, 2001)
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3.3. Processor Selection
Intheproposedalgorithm,antsselecttheprocessorbasedonitspheromoneinformationandheuristic
information.Everyantchoosesaprocessorforthefirsttaskrandomly.Antk selectsataskinsequence
andassignstask i toprocessorP accordingtotheprobabilityinformation:

pt
phr i j heu i j

phr i j heu i j
i

j

n=
( )  ( ) 

( )  ( ) =∑
, ,

, ,

β

1

ββ  (1)

where phr i j,( ) isthepheromonesinformationandthelastcompletiontimefortheprocessorPj .
heu i j,( ) istheheuristicinformationandtheearlieststarttimefortaskTi ontheprocessor Pj .
HeuristicinformationisobtainedfromtheequationsofSection3.2.2thatgivesEFToftaskTi on

Figure 3. Flowchart of the proposed method
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processorPk .Ataskcanonlybeselectedwhenit’sallpriortasksarescheduled(Ashouraie&Jafari
Navimipour,2015).Animportantissueisthedefinitionoftrailpheromonesfortheparticularprocessor
assignmentofeachtask.Whenanartificialanthasbeenassignedtoaprocessor,thepheromone
informationisupdatedbyapplyingthepheromoneupdateruleasfollows:

phr i j phr i j fitness, , ,( ) = −( ) ( ) +1 ρ ρ  (2)

Inthisequation, ρ isthepheromoneevaporationratewhichisbetween0and1,and fitness 
thatiscalculatedusingformulasinSection3.2.3,isthefitnessvalue.Theeffectofthepheromone
updateruleistomakethechoosingofputtingTi ontheprocessor Pj lessdesirableforotherants
to achieve diversification because ants tend to converge to a common path. The purpose of the
pheromoneupdateruleistoencouragetheantstosearchforprocessorswithlessenergyconsumption
andexecutiontime.

3.4. Heuristic Information
Heuristicinformationintheprocessorassigningprobabilityequationisachievedfromheuristicbased
HEFTalgorithm.Thisalgorithmisproposedtominimizemakespanwithoutviolatingprecedence
constraints.TheHEFTalgorithmselectsthesubtaskwiththehighestupwardrankvalueateachstep
andassignstheselectedtasktotheprocessorwhichminimizesitsearliestfinishtimewithaninsertion
based approach (Xu et al., 2014). The EST of the task Ti  on processor Pk  is represented as
EST T Pi k,( ) :

EST T P

if T T

AFT T P if P P
i k

i entry

T Pred T j l k l
j i,

,

, ,( ) =

=

( ) =
∈ ( )

0  

max  

mmax  
T Pred T j l j i k l
j i

AFT T P C T T if P P
∈ ( )

( ) + ( )( ) ≠









 , , ,

 (3)

Theactualstarttime(AST)oftaskTi onprocessorPk isrepresentedas AST T Pi k,( ) :

AST T P EST T P Avail Pi k i k k, max , ,( ) = ( ) ( )( )  (4)

The Avail Pk( ) isdefinedastheearliesttimeatwhichtheprocessor Pk isreadyforthetask

execution.TheEFToftaskTi onprocessorPk isrepresentedasEFT T Pi k,( ) :

EFT T P AST T P W T Pi k i k i k, , ,( ) = ( ) + ( )  (5)

Theactualfinishtime(AFT)ofataskTi overallprocessorsisrepresentedas AFT T Pi k,( ) ,
Pk isthefittestprocessorforthetaskTi :
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AFT T P EFT T Pi k l m i l, min ,( ) = ( )
≤ ≤1

 (6)

3.5. Fitness Function
Thefitnessfunctioncandirectlyaffectthealgorithmconvergenceandthesearchforanoptimalsolution.
Inthisstudy,generally,thetaskschedulingobjectivefunctionisconsideredtheminimummakespanand
thelowestenergyasthetarget.Thenormalizationprocessisconductedinordertocreateabalanceof
proportionofmakespanandenergyconsumption.Themakespanisderivedfromthefollowingequation:

makespan i AFT texit( ) = ( ){ }max  (7)

Duetotheschedulingproposedmodel,thefitnessfunctioniscalculatedbasedonthemakespan
andenergyconsumption.Thefitnessfunctionalgorithmisasfollows:

fitness i
makespan i energyConsumption i

( ) = ( )× ( )
1

 (8)

Here, i isapracticalsolutioninordertoensurethequalityofthesolution,toavoidfallinginto
localoptimumandtoachievetheoptimalsolutionasfaraspossible.Afitnessfunctionisusedto
evaluatethequalityofpracticalsolutions.

3.6. Belief Space
Themajoroperationsoftheculturalalgorithmareacceptanceandinfluence(Zhu&Wang,2016).The
acceptancefunctiondetermineswhichindividualsfromthecurrentpopulationwillbeusedtoshape
thebeliefsoftheentirepopulation.Inacceptancefunction,staticmethodsuseabsoluterankingbased
onfitnessvaluestoselectthetopn%individuals.Butdynamicmethodsdonothaveafixednumberof
individualsthatadjustthebeliefspace,Instead,thenumberofindividualsmaychangefromgeneration
togeneration(Engelbrecht,2007).Alternatively,thenumberofindividualsisdeterminedas:

n t n
t
s ( ) = γ

 (9)

where ns  is the population size, γ ∈[ ]0 1,  and t  is the counter of iterations. Using this
approach,thenumberofindividualswhichareusedtoadjustthebeliefspaceisinitiallylarge
bydecreasingovertime.

3.7. Cultural Algorithm Operators
Threeculturalalgorithmsoperatorsincludingselection,crossoverandmutationoperatorarepresented
inthissection.Rolettewheelselectionisusedtoselectthesolutionwiththehighestfitnessandsingle
pointcrossoveroperatorofageneticalgorithmforcrossoveroperation.Finally,mutationoperatorof
thegeneticalgorithmisusedtomaintaindiversity.

3.7.1. Selection Operator
Severalselectionoperatorsare introducedasan importantpartofageneticalgorithm.Selection
operatorpreferstoselectthebettersolutionsandbetterindividualswithhighprobabilityofitssurvival
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andmating(Abdelhalim&ElKhayat,2016).Rolettewheelmethodisusedforthisoperator.This
methodassumesthattheprobabilityofselectionisproportionaltothefitnessofasolution.Asolution
havingahigherfitnessvalueshouldhaveahigherchancetobeselected.Weconsider PopSize 
numberofpopulation,eachcharacterizedbyitsfitness fitness i popsizei > = …( )0 1 2, , , .The
probability pi ofeachsolutiontobeselectedcanbecalculatedaccordingtotheprobabilitydefined
bytheequations:

p fitness
fitness

i
i

j

PopSize
j

=
=∑ 1

 (10)

and:

S pi
j

i

j=
=
∑

1

 (11)

where Si isthesumof p j from1to i .Consequently,amorefittedsolutionwillbeselectedwith
higherprobabilityanditwillgetmoreoffsprings.Theaveragewillstayandtheworstwilldieoff.

3.7.2. Crossover Operator
Thecrossoverisageneticoperatortochangetheprogrammingofachromosome.Acrossoverisused
asaprocedureofreplacingsomeofthegenesinoneparentbycorrespondinggenesoftheother.In
thetaskschedulingproblem,thecrossoveroperatoriscombiningtwovalidparents,whosesubtasks
areorderedtopologicallytogeneratetwooffspringswhichwillalsobevalid.Figure4representsthe
singlepointcrossover.

3.7.3. Mutation Operator
Themutationoperatorisageneticoperatortomaintaindiversity.Thisoperatorchangesgenesofa
chromosomeandtransformsitfromonegenerationofapopulationtothenextgenerationandhelps
thesearchalgorithmtoavoidfromfallingtolocallyoptimalsolutionsbypreventingthepopulation
frombecomingtoosimilartoeachother,orcooperateswithcrossoveroperatortoachieveabetter
solution.Figure5representsthemutationoperator.

Figure 4. Single point crossover operator
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4. EXPERIMENTAL RESULTS

Thissectionpresentssimulationresultstoevaluatetheperformanceoftheproposedmethodinterms
ofenergyconsumptionandmakespanwithACOandHEFT-upwardrank.Therestofthissection
isorganizedasfollows.SimulationtoolsareintroducedinSection4.1.Simulationparametersand
datasetarepresentedinSection4.2and4.3,respectively.Finally,theacquiredresultsarepresented
inSection4.4.

4.1. Simulation Tools
TheproposedalgorithmisperformedinC#programminglanguageincloudazureenvironment,similar
to(Keshanchi&Navimipour,2016;Keshanchietal.,2017).Azurewasintroducedaswindowsazure
in2008byMicrosoft(Copeland,Soh,Puca,Manning,&Gollob,2015)anditisacloudcomputing
serviceforbuilding,deploying,andmanagingapplicationsandservicesthroughaglobalnetwork
ofMicrosoft-manageddatacenters.ItprovidesSaaS,PaaS,andIaaSandsupportsmanydifferent
programminglanguages,tools,andframeworks,includingbothMicrosoft-specificandthird-party
softwareandsystems.Simulationandalgorithmrunninghavebeendoneonapersonalcomputer
withanIntelprocessorwithcorei5and33.3GHzCPUand4GBRAM.

4.2. Simulation Parameters
Crossoverandmutationprobabilityareconsidered0.3and0.7,respectively.Also,theevaporationrate
ofACOalgorithmisconsidered0.5.Finally,energyconsumptionofprocessorsisarandomnumber
between0.001to0.004.ThesesimulationparametersareshowninTable3.

4.3. dataset
RandomgeneratedDAGsisusedinthissectiontoevaluatetheperformanceofproposedmethod
comparedwithothermethods.Sothecostofcomputingandcommunicationthrougharangeofgraphs
randomlyselected.Weranoursimulationthreetimeswith10,20,50tasksand3,6processorand
populationsizeineachroundisconsidered100,150,200.Table4representsdatasetinformation.

Figure 5. Mutation operator

Table 3. Simulation parameters

Parameters Values

crossoverprobability 0.3

mutationprobability 0.7

Evaporationrate 0.5

Energyconsumptionofprocessors 0.001–0.004

Terminationcondition 50iterations
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4.4. Obtained Results
Figure6showsschedulingresultsof50graphswith10tasks.Totalaveragegraphcompletiontime
fortheHEFT-upwardrankmethodis105.22,fortheACOis102.08andfortheproposedmethodis
106.48.Also,theresultsofenergyconsumptionassociatedwiththeresultsofFigure6aregivenin
Figure7andfortheHEFT-upwardrank,theACOandtheproposedmethod,are0.369,0.253and
0.204,respectively.Theresultsindicatethattheproposedmethodintermsofmakespanisfurther
narrowlythanothermethods,butithasbetterperformanceintermsoftheaveragevalueofenergy
consumption.Figure8showstheconvergencebehaviorofthesolutiontooneofthegraphsshown
inFigure6.

Figure9showsthemakespanof50randomgraphswith20tasks.Thetotalaverageofcompletion
timefortheHEFT-upwardrankis199.48,fortheACOis210.55andfortheproposedmethodis225.
Also,theresultsofenergyconsumptionassociatedwiththeresultsofFigure9aregiveninFigure
10whichfortheHEFT-upwardranks,theACO,andtheproposedmethodare0.736,0.431,0.282
watts,respectively.TheresultswhicharedisplayedinFigure11showtheconvergencebehaviorof
thesolutiontooneofthegraphsshowninFigure9.

Figure12showsthemakespanof50randomgeneratedgraphwith50tasks.Thetotalaverage
ofcompletiontimeforthreemethodsincludingHEFT-upwardrank,ACO,andproposedmethodare
486.78,570and579,respectively.Theresultsofenergyconsumptionassociatedwiththeresultsof
Figure12forthreemethodssuchasHEFT-upwardrank,ACO,andtheproposedmethodare1.651,
1.005,0.756watts,respectively.TheresultsareplottedinFigure13.Theproposedmethodinterms
ofprogramcompletiontimecomparedtoothermethodsisnon-optimalnarrowlybutquantitatively

Table 4. Dataset information

NumberofDAGs 50

Numberoftasks 10,20,50

Numberofprocessors 3,6

Populationsize 100,150,200

Figure 6. Makespan of 50 random generated DAG (number of tasks = 10, number of resources = 3, number of population = 100)
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significantlyminimizestheenergyconsumptionofothermethods.Figure14showstheconvergence
behaviorofthesolution.

4.4.1. Results for Graph of Figure 1
TheResultsforthegraphofFigure1areshowninFigure15and16.Completedtimeofthreemethods,
includingHEFT-upwardrank,ACOandproposedmethodasabarforgraphFigure1with10tasks

Figure 7. Energy consumption for 50 random generated DAG (number of tasks = 10, number of resources = 3, number of 
population = 100)

Figure 8. Convergence of the best solutions in each repeat of selected sample of 50 graphs in Figure 6
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aredisplayedinFigure15.TheresultsofthetestformakespanoftheHEFT-upwardrankis82,the
ACOis76andtheproposedmethodis77.Also,Figure16showstheamountofenergyconsumption
for these three techniques. The amount of energy consumption in scheduling for HEFT-upward
rankis0.297,forACOis0.225andforproposedmethodis0.216watts.Theresultsshowthatthe

Figure 9. Makespan of 50 random generated DAG (number of tasks = 20, number of resources = 6, number of population = 150)

Figure 10. Energy consumption for 50 random generated DAG (number of tasks = 20, number of resources = 6, number of 
population = 150)
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proposedmethodinthisgraphisbetterthantheothertwomethodsintermsofenergyconsumption
andmakespanshowsbetterperformancethantheHEFT-upwardrankmethod.

5. CONCLUSION ANd FUTURE wORK

Thispaperstudiesthetaskschedulingproblemwithprioritylimitation.Intheproposedmethod,
thetotalexecutiontimeandenergyconsumptionareconsideredastwofactorsunderinvestigation.

Figure 11. Convergence of the best solutions in each repeat of selected sample of 50 graphs in Figure 9

Figure 12. Makespan of 50 random generated DAG (number of tasks = 50, number of resources = 6, number of population = 200)
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Consideringtheimportanceofthesetwofactors,anewmethodispresentedthatcombinesACOand
culturalalgorithmforschedulingthetasksandprioritiesingreencomputing.Inthisway,wetriedto
takeadvantagesandavoiddisadvantagesofbothalgorithms.Theresultsrepresentthattheproposed
methodoutperformsHEFT-upwardrankalgorithmandACOintermsofenergyconsumptionand

Figure 13. Energy consumption for 50 random generated DAG (number of tasks = 50, number of resources = 6, number of 
population = 200)

Figure 14. Convergence of the best solutions in each repeat of selected sample of 50 graphs in Figure 12
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Figure 15. Makespan of the DAG in Figure 1 using different methods

Figure 16. Results of energy consumption of the DAG in Figure 1 using different methods
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outperformstheHEFT-upwardrankintermsofmakespan.However,theproposedmethodimproves
themakespanbutcouldnotexcelfromACO.

Thecommunicationoverhead,thevoltage/frequencyswitchingoverheadandotheruncertain
parametersintheactualpresenceofaheterogeneousenvironmentwillbediscussedinthefuture
research.WeplantouseDVFStechniquetoinfluenceonaserver’spowerefficiency.
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