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ABSTRACT

Economicloaddispatchisusedtoallocatepowerdemandeconomicallyamongconnectedgenerators
byconsideringvariousconstraints.Thethermalgeneratingunitsareincorporatedwithrenewable
sourceslikewindandsolarunitstoreducepollutionanddependencyonfuelcost.Theuncertaintyof
outputpowerfromwindandsolarplantsisconsideredhere.The2-mpointestimationmethodisused
togetgeneratedpowerfromwindandsolarunits.Thepopulation-basedSineCosineAlgorithmis
proposedtogettheoptimumsolutionofthepresentedcomplexELDproblem.Therandomlyplaced
searchagentsfindanoptimumsolutionaccordingtotheirfitnessvaluesandkeeppathtowardsbest
solutionattainedbyeachsearchagent.Thesearchagentsavoidlocaloptimainexplorationstageand
movetowardsthesolutionexploitationstageusingsineandcosinefunctions.Theproposedalgorithm
hasbeentestedinvariousfourtestsystems.Theresultsprovedthattheproposedalgorithmgives
quiteaneffective,efficient,andpromisingsolutioncomparedtoothertechniques.
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1. INTRoDUCTIoN

Duetoincreasedpowerdemandbycommercialandresidentialusers,thecostofpowergeneration
becomesahugeconcerninpowersystemoperationandcontrol.Ifthereisaslightdecreaseinthecost
ofpowergeneration,itwillcreateamajoreffectontheeconomicsofthepowersystem.Researchers
andengineershaveintroducedEconomicLoadDispatch(ELD)termtorunpowergeneratingunitsat
minimumcostwithsatisfyingpowerdemand.Theeconomicsofpowersystemsencourageresearchers
toinventtechniquesthatreducethecostofpowergenerationsignificantly.Thetraditionalnumerical
techniqueslikelambdaiterationmethod(Zhanetal.,2014),gradientmethod(Ray,2014), linear
programmingmethodandquadraticprogrammingmethod(dosSantosCoelho&Mariani,2006)used
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tosolveELDproblem.Thesemethodsarebasedonlinearcostapproximation.ThepracticalELD
problembecomeshighlynonlinearafterconsideringvariousoperatingconstraintslikegenerating
operatingconstraintsandvalvepoint loadingeffect (VPLE).Manymetaheuristic techniques like
GeneticAlgorithm(GA)(Bakirtzis,1994),DifferentialEvaluation(DE)(Royetal.,2014),Particle
SwarmOptimization(PSO)(Gaing,2003),EvolutionaryProgramming(EP)(Daoetal.,2015),Hybrid
EvolutionaryProgramming(HEP)(Sinhaetal.,2003),CivilizedSwarmOptimization(CSO)(Narang
etal.,2017),ModifiedPSO(MPSO)(Kambojetal.,2016),AdaptiveRealCodedGA(ARCGA)
(Nietal.,2017),BacteriaForagingOptimization(BFO)(Ali&Abd-Elazim,2ss011),SearchGroup
Optimization(SGO)(Bhattacharjee&Patel,2019),SeekerOptimizationAlgorithm(SOA)(Shawet
al.,2012)usedduetocapableoffindinghighdimensionalELDproblem.Sometimes,thesemethods
convergetolocaloptimaanddonotguaranteetheglobalbestsolution.

Tosolvetheissueofanenergyshortageandenvironmentaleffect,therenewableenergysources
(RES)incorporatedwiththeELDproblemhavereceivedmuchattention(Sujathaetal.,2020).The
powergenerationfromRESisverylessandcouldnotmeetthedemand(Sonietal.,2020).Thus,
theyareinterconnectedwiththermalgeneratingunitstosupplypowerdemand.Windandsolarunits
areincorporatedintheELDproblemduetotheirloweroperatingcost(Kaluri&CH,2018).The
powergenerationfromwindandsolarunitsisuncertainduetotheirdependencyonwindvelocity
and solar irradiance respectively. The Weibull and beta Probability Density Function (PDF) are
usedtorandomlygeneratewindvelocityandsolarirradiance(Azadetal.,2014).The2-mPoint
EstimationMethod(PEM)isusedtogetmeanandstandarddeviation(SD)(Bhattacharjeeetal.,
2014).Thus,theobjectivefunctionoftherenewable-basedELDproblembecomeshighlynonlinear
and complex (Kaluri & Pradeep Reddy, 2017). Many hybrid techniques like Strength Pareto
EvolutionaryAlgorithm(SPEA)(Kambojetal.,2017)andacombinationofSequentialQuadratic
Programming(SQP)andPSO(Bhattacharjee&Patel,2020)wereapplied.Thesehybridmethods
giveprematureresultsbecausetheproblemhasmultipleminima.Manymetaheuristictechniqueslike
ArtificialBeeColony(ABC)(Dubeyetal.,2020),HarmonySearchAlgorithm(HAS)(Ravikumar
Pandietal.,2010),FlowerPollinationAlgorithm(FPA)(Shilaja&Ravi,2017),Teaching-Learning
BasedOptimization(TLBO)(Bhattacharjeeetal.,2015),BacktrackingSearchAlgorithm(BSA)
(Jin&Yin,2020),andTabuSearch(TS)(Soni&Pandya,2018)usedall thermalELDproblems
withoutrenewables.Unfortunately,thesemethodshaveverylowefficiencyandarefrequentlystuck
inlocaloptima.ManyartificialtechniqueslikeFireflyAlgorithm(FFA)(Banerjee&Sarkar,2021),
DragonflyAlgorithm(DA)(Dasetal.,2020),MultipleGroupSearchOptimization(MGSO)(Gou,
2021),ArtificialImmuneSystemAlgorithm(AISA)(Naderietal.,2009),ImperialistCompetitive
Algorithm(ICA)(Morshed&Asgharpour,2014),JayaAlgorithm(JA)(Trivedietal.,2016),Cuckoo
SearchAlgorithm(CSA)(Bhoyeetal.,2016),AntLionOptimizer(ALO)(Hatata&Hafez,2019),
OppositionalReal-CodedChemicalReactionOptimization(ORCCRO)(Bhattacharjeeetal.,2014),
Biogeography-BasedOptimization(BBO)(Xiongetal.,2013),AdaptiveJayaAlgorithm(AJA)(R.V.
Raoetal.,2020),BatAlgorithm(BA)(Algburi&Karataş,2021),PlantGrowSimulationAlgorithm
(PGSA)(R.S.Raoetal.,2011),MagneticOptimizationAlgorithm(MOA)(Kushwahaetal.,2018),
GravitationalSearchAlgorithm(GSA) (Youneset al.,2021)andChargedSystemSearch (CSS)
(Zakian&Kaveh,2018)havebeenappliedtosolverenewable-basedELDproblem.However,some
oftheabove-mentionedmethodshavealowconvergencerateandsomemaystickinfindinglocal
optima.Thus,apowerfuloptimizationtechniqueisneededtoovercomeallofthesedisadvantages.

Recently,thepopulation-basedSineCosineAlgorithm(SCA)hasbeenproposedbyMirjaliliet
al.(Mirjalili,2016).Thenineteenunimodal,multimodal,andcompositebenchmarkfunctionshave
beensolvedbyMirjalilietal.(Mirjalili,2016).InSCA,themultipleinitialrandompopulationsare
generatedandmovedoutwardortowardthebestsolution.Thetrigonometricsineandcosinefunction
ofSCAisusedtofindthefitnessvalueofpopulations.SCAhastheexplorationandexploitation
property.TherandomlygeneratedsolutionbySCAgetstobenefitfromhigherexplorationandavoids
localoptimavalue.Suchafeatureisnotavailableinotheralgorithms.Thesepropertieshelptoavoid



International Journal of Swarm Intelligence Research
Volume 13 • Issue 1

3

localoptimaandmovedirectlytoglobaloptimainverylesscomputationaltime.Theadvantages
ofSCAhaveencouragedpresentauthorstousethisnewlydevelopedalgorithmtoresolvehighly
nonlinearandcomplexrenewable-basedELDproblems.Thekeycontributionsofthispaperhave
beenlistedasfollows:

• ThetrigonometricfunctionssineandcosinebasedSCAalgorithmhasbeenproposedfirst
timetosolvehighlycomplexandnon-linearELDproblemwithhighpenetrationofrenewable
energysources.

• ThevariousoperatingconstraintslikeVPLE,generatoroperatinglimit,andpowerbalancing
constraintshavebeenconsideredtomakesystemmorerealistic.

• TheprobabilitydensityfunctionslikeWeibullandbetadistributionhavebeenusedtogetuncertain
valuesofwindvelocityandsolarirradiancerespectively.

• The2-mpointestimationmethodhasbeenusedtoestimateoutputpowerfromwindfarmsand
solarunits.

• Theproposedalgorithmhasbeentestedindifferentsmall,medium,andlargetestsystemto
proverobustnessofthealgorithm.

• Theresultsobtainedbyproposedalgorithmhavebeencomparedwiththeresultsofsomerecently
developedalgorithmstoprovebetterperformanceoftheproposedalgorithm.

TheproblemformulationoftheELDproblemwithRESisgiveninSection2.Themathematical
modelingofwindandsolarisexplainedinSection3.Section4providesinformationontheoriginal
SCAmethod.ThePEMisexplainedinSection5.Thestepsinvolvedforthesolutionoftherenewable-
basedELDproblemusingSCAarediscussedinSection6.Section7showsthesimulationresultsof
varioustestcases.Finally,theconclusionofthemanuscriptispointedoutinSection8.

2. PRoBLEM FoRMULATIoN

Themainaimofthisresearchistosupplypowerdemandbyminimizingthetotalpowergeneration
costofwind-solar-thermalunitsandbysatisfyingallequalityandinequalityconstraints.Theobjective
functionoftherenewable-basedELDproblemisformulatedbelow.

2.1 objective Function
2.1.1 The Total Cost Function of ELD Incorporating With Wind-Solar Without VPLE
Theobjectivefunctionofcostforthethermalunitisasecond-orderpolynomialequation.Theobjective
functionofcostforwind-solarELDwithoutVPLEisshownasbelow:
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whereaiT,biTandciTarethermalcostco-efficientofithunit;Nistotalconnectedthermalunits;TiT
isthepowergeneratedbyeachthermalunit;Ti

min,Ti
maxaretheminimumandmaximumpowerlimit

ofeachunit;WP,SParetheoutputpowerofwindandsolarinMW;Cwiscostcoefficientofwindin
$/h;Nw,NsisTotalnumberofwindandsolarplant;BidlisBidrateoflthsolarplant.

2.1.2 The Total Cost Function of ELD Incorporating With Wind-Solar With VPLE
ToconsidertherealisticandpracticalapplicationoftheELDproblem,thesinusoidalphraseofVLPE
isaddedintheobjectivefunction.Thecostfunctionofwind-solarELDwithVPLEisstatedas:
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whereeiTandfiTareco-efficientofthermalithunitrepresentingVPLE.Theobjectivefunction(1)
and(2)areminimizedsubjecttosubsequentconstraints.

2.2 Constraints
The following equality and inequality constraints are considered while optimizing the total cost
function.

2.2.1 Thermal Generator Operating Limit
Thepowergeneratedbyeachgeneratorhasaminimumandmaximumpermissiblepowerlimitfor
efficientoperation:
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2.2.2 Power Balance
Thetotalrealpowergeneratedmustbalancetotalloaddemand:
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whereTDisTotalloaddemandandTLisTotaltransmissionloss.

3. MoDELING oF WIND AND SoLAR PoWER

TheREShasgotmuchattentionfromresearchersduetoitsmanyadvantages.TheseRESareintegrated
withconventionalsourcestodecreasetheuseoffossilfuels.ThemathematicalmodelofRESlike
windandsolarisformulatedasthefollowing.

3.1 Modelling of Wind Power
Theoutputpowerofwindisuncertainduetodependencyonwindspeed.Manymethodswereused
togetuncertaincurveofwindspeedcharacteristics(Heetal.,2019).WeibullPDFisusedtodescribe
stochasticwindspeedprofiles.ThePDFforwindspeedisformulatedas(Azadetal.,2014):
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whereSshfandSscfareshapefactorandscalefactorofwindturbine;visinstantaneouswindspeed.
Aftercalculatingtheuncertainbehaviorofwindspeedasanarbitraryvariable,thewindpoweris
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computedasanarbitraryvariablethroughaconversionfromwindspeedtooutputpower.Thewind
poweriscomputedusingthespeed-powercurveas:
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wherevandvrareinstantaneousspeedandratedspeedofwindunit;vinandvoutarecutinandcutout
speedofwindunit;WpandWptareoutputpowerandratedpowerofwindturbine.

3.2 Modelling of Solar Power
Theoutput powerof solar dependsupon irradiance and temperature. betaPDF is used to show
uncertainbehaviorofsolarirradiance(Sheng&Wang,2018).Thebetadistributionisexpressedas:
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whereωareψbetadistributionparameters;Γisthegammafunction.Thereactivepowerofthesolar
systemisassumedzerotoinjectsolarpowerintothegridataunitypowerfactor(Namilakonda&
Guduri,2021).The.Therelationbetweenthemisformulatedas:
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whereSrad(t)issolarradiationofcellattimet;Srad,stcissolarradiationforthestandardcondition;SP,stc
issolarpowerforstandardcondition;γiscoefficientoftemperaturein%/°C;Tcellisthetemperature
ofsolarcell;Tcell,stcistemperatureofsolarcellinstandardtestcondition;NscareNpcarenumberof
seriesandparallelsolarcell.ThetemperatureofcellTcellcanbecomputedusingthefollowingformula:
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whereTcellisambienttemperaturein°CandNTCisthenormaltemperatureofsolarcell.

4. PoINT ESTIMATIoN METHoD

PEMispresentedbyRosenbluethin1975tosolveprobabilisticproblems.However,itwasnotuseful
forsymmetricvariables.Therefore,Hongsproposed2-mPEMtogettheprobabilisticbehaviorof
thearbitraryvariable.Theprobabilisticrenewable-basedELDproblemismathematicallydenotedas:
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whereSeistotalpowergenerationincludingwindandsolarandIkisinputvariables.Thepredicted
valueisdifferentfromactualvaluesinaprobabilisticproblem.Ifbisthenumberofanarbitrary
variable,theequationismodifiedas:
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The PDF f(zl) of each arbitrary variable zb is changed by two-point using three moments
namelymeanμ,varianceσ,andskewnessλcoefficient.Thefunctionfiscomputed2btimesto
getthesemoments:
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Thestepsof2-mPEMaresummarizedasbelow:

1.Decideb(inputarbitraryvariable).

2. Setallmoments(firstandsecond)ofoutputarbitraryvariableequaltozero:
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4. Computeskewnessλzy:
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5. Computetwostandardlocation:
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6. Calculatetwoprojectedlocation:
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7. ComputedeterministicELDfortwoprojectedlocation:
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8. Computetwoweightingfactors:
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9. Updatethemomentofeachoutputarbitraryvariable:
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10.Repeatsteps3to9untilallunpredictableparameteraretakenintoaccount.
11.CalculatemeanandSD:
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5. SINE CoSINE ALGoRITHM

SCAstartstheoptimizationusingarandomsearchagentbecauseitisapopulation-basedtechnique
(Mirjalili,2016).Therandomsearchpopulationisevaluatedrepetitivelyandupgradedusingaset
ofrules.SCAhasanexplorationandexploitationstage.In theexplorationstage,all therandom
solutionsarecombinedatahigherrandomnessratetogetsearchspaceareawherehigherpossibility
ofgettingtheglobalsolution.Intheexploitationstage,therandomsolutionsarechangedslowlyand
thatvariationisverylessascomparedtotheexplorationstage.

Thefourparametersg1,g2,g3andg4arethemaininSCA.Theg1parameterrepresentsthe
nextpositionthatcanbeinspacebetweenthesolutionanddestinationorexteriorofit.Theg2
parameterrepresentsdistancethatpopulationhavetogointhedirectionofthesolution.The
g3parameterhelpstofindweightsfordestination.Theweightsgreaterthanoneandlessthan
onerepresentsemphasizeanddeemphasizeonsolutionrespectively.Theg4parameterswitches
betweensineandcosinetermsin(23).Thetrigonometricsineandcosinefunctionisinvolvedin
thisformulation.Thus,itiscalledasSCA.ThefollowingequationsofSCAareusedtoupdate
resultsineveryiteration:
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whereg1,g2andg3areconstantvariables.theg4variableisgivenarandomvariablebetween0and
1.Theequations(21)and(22)aremodifiedasbelow:
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where P
h
t+1 isthepositionofthepopulationatcurrent(t+1)thiterationandhthdimension; P

h
t is

positionofpopulationatprevioustthiterationandhthdimension;PO
h
t ispositionofdestinationpoint

atprevioustthiterationandhthdimension.ThesequentialstepsofSCAaregivenbelow.

5.1 Sequential Steps of SCA

1. Initializationoflowerandupperboundlimitofeachsearchagent.Decidethetotalnumberof
iterationandpopulationsize.

2. Theobjectiveiscomputedbyconsideringinputvariables.
3. Evaluatethefitnessfunctionvalueofeachpopulationusinganobjectivefunction.
4. Ifthefitnessfunctionvalueislowerthanthepreviousone,itisconsideredaslocalminima.The

parametersg1,g2andg3areinitiallyassigned.Aftereachiteration,thevalueofparameterswill
change.Theparameterg4switchesbetweensineandcosinefunction.

5. Thechangedvaluesofthepopulationischeckedifitviolatedornot.Ifyes,fixtheirboundarylimits.
6. Thesearchagentswillmoveinthewholesearchspacetofindglobaloptimaintheexplorationstage.
7. Oncethedestinationpointisfound,thepopulationwillmoveinthatdirectionintheexploitationstage.
8. Repeatsteps3to7untilterminationcriteriaisreached.

6. SCA USED IN RENEWABLE BASED ELD PRoBLEM

Thestepsforsolvingtherenewable-basedELDproblembyusingSCAarediscussedinthissection.
TheflowchartoftheSCAusedinsolvingtherenewable-basedELDproblemisgiveninFigure1.
Thestepstosolvetheproblemasshownbelow:

Step 1:Initializethenumberofgenerators,populationsize,lowerboundandupperboundofthermal
generators,windandsolarparameters.

Step 2:GeneratewindvelocityandsolarirradianceusingWeibulldistributionandbetadistribution
functionrespectivelyusingEquations(5)and(7).

Step 3:Implementthe2m-PEMMethodandfindmeanwindandsolarpower,twoestimatedlocations,
andtheircorrespondingweightingfactorusingequationsfrom(13)to(18).

Step 4:Foreachsearchagentsrandomlyinitializethepopulationmatrixforthermalpowerplants
andevaluatethefitnessfunction.

Step 5:Randomlygenerateg2,g3andg4parametersanddeterminethevalueofg1.
Step 6:Updatethepositionofeachsearchagentsusingequation(23).
Step 7:Checkforconstraintlimitsofeachgeneratorbasedonequations(3)and(4).
Step 8: Computethefitnessfunctionandupdatethelocalbestpositionofeachsearchagent.Update

bestmeancostandSD.
Step 9:Repeatstep(5)untiltheterminationcriterionisreached.
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7. RESULTS AND DISCUSSIoN

TocheckandvalidatetheeffectivenessoftheSCAalgorithm,fourtestsystemshavebeenconsidered
in thismanuscriptasshowninTable1.Thesefour testsystems includesmalland large thermal
generatingunitswithtwosolarandtwowindunits.ThefinalresultsofSCAarecomparedwith
resultsofotherwell-knownalgorithmslikeDA(Dasetal.,2020),CSA(Bhoyeetal.,2016),ALO
(Hatata&Hafez,2019),BBO(Xiongetal.,2013),PSO(Gaing,2003),GA(Bakirtzis,1994)and
ORCCRO(Bhattacharjeeetal.,2014).MATLAB2021asoftwareisusedtosimulatetheproblem
andvalidatedin1.7GHzintelcore,4GBRAMpersonalcomputer.

7.1 Test Case 1
Threethermalgeneratorsareconsideredwithtwowindandtwosolarplantsinthistestsystem.The
VPLEisconsidered.Theinputdataforsolarandwindunitsaretakenfrom(Dasetal.,2020).The
inputdataforthermalunitsaretakenfrom(Mallikarjunaetal.,2014).Thegeneratingcapacityof

Figure 1. Flowchart of SCA used in solving renewable-based ELD problem
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eachsolarandwindunitis10MWand0.8MWrespectively.Thepowerdemandofthesystemis
1050MW.Thealgorithmrequires200iterationsand3.6585secondstogettheoptimumsolution.
The2-msetsofattainedoutputpowerareshowninFigure2.ThemeancostandSDattainedbySCA
arecomparedwithDA(Dasetal.,2020),GA(Bakirtzis,1994),PSO(Gaing,2003),CSA(Bhoye
etal.,2016),ORCCRO(Bhattacharjeeetal.,2014),BBO(Xiongetal.,2013)andALO(Hatata&
Hafez,2019)asshowninTable2.ItisnoticedthattheminimumcostattainedbySCAis10,023.93
$/hwhichisverylesscomparedtoDA(Dasetal.,2020),GA(Bakirtzis,1994),PSO(Gaing,2003),
CSA(Bhoyeetal.,2016),ORCCRO(Bhattacharjeeetal.,2014)andALO(Hatata&Hafez,2019).It
isalsoobservedthatSCAgetstheoptimumsolutioninverylesstimeascomparedtoothertechniques.
TheconvergencecharacteristicbySCAisshowninFigure3.

7.2 Test Case 2
Five thermal generators are considered with two wind and two solar plants. The VPLE is
consideredinthiscase.Thegeneratingcapacityofeachsolarandwindunitis10MWand0.8
MWrespectively.The inputdataforsolarandwindunitsareavailable in(Dasetal.,2020).
Theinputdataforthermalunitsaretakenfrom(Royetal.,2014).Thepowerdemandofthe
systemis730MW.Thealgorithmrequires600iterationsand9.28secondstogettheoptimum
solution.The2-msetsofattainedbestoutputpowerinthiscasearegiveninFigure4.Themean
costattainedbytheSCAalgorithmis2014.1967$/hwhichisverylessascomparedtoother
algorithmslikeDA(Dasetal.,2020),GA(Bakirtzis,1994),PSO(Gaing,2003),CSA(Bhoye
etal.,2016),ORCCRO(Bhattacharjeeetal.,2014),BBO(Xiongetal.,2013)andALO(Hatata
&Hafez,2019)asshowninTable3.TheconvergencecharacteristicbytheSCAalgorithmis
showninFigure5.

Figure 2. 2-m set of attained best output power for test case 1

Table 1. Details of test system

Case 1 2 3 4

No.ofThermalUnits 3 5 6 15

No.ofWindplant 2 2 2 2

No.ofSolarPlant 2 2 2 2

TotalDemand(MW) 1050 730 1263 2630

ValvePointLoading Yes Yes No No
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Table 2. Performance study of well-known methods for test case 1

Methods Mean Cost ($/h) Simulation Time 
(seconds) SD

SCA 10,023.9367 3.6585 0.1147

DA(Dasetal.,2020) 10,049.1948 8 0.5394

CSA(Bhoyeetal.,2016) 10,065.7013 10 1.2365

ALO(Hatata&Hafez,2019) 10,079.2323 12 3.0214

ORCCRO(Bhattacharjeeetal.,2014) 10,080.8028 14.6 8.7412

BBO(Xiongetal.,2013) 10,088.8563 17.8 13.2557

PSO(Gaing,2003) 10,089.0073 20.5 15.3369

GA(Bakirtzis,1994) 10,096.199 24.2 18.3698

Figure 3. Convergence characteristics by SCA algorithm for case 1

Figure 4. 2-m set of attained best output power for test case 2
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7.3 Test Case 3
Sixthermalgeneratingunitsareconnectedwithtwosolarandtwowindplant.Theinputdataforsolar
andwindunitsareavailablein(Dasetal.,2020).Theinputdataforthermalunitsareprovidedin(Royet
al.,2014).Thegeneratingcapacityofeachsolarandwindunitis10MWand0.8MWrespectively.The
powerdemandis1263MW.Thealgorithmrequires150iterationsand4.58secondstogettheoptimum
solution.The2-msetsofattainedbestoutputpowerinthiscaseareshowninFigure6.Themeancost
attainedbytheSCAalgorithmis15,203.842$/hwhichisverylessascomparedtootheralgorithmslike
DA(Dasetal.,2020),GA(Bakirtzis,1994),PSO(Gaing,2003),CSA(Bhoyeetal.,2016),ORCCRO
(Bhattacharjeeetal.,2014),BBO(Xiongetal.,2013)andALO(Hatata&Hafez,2019)asshownin
Table4.ItisalsoobservedthatSCArequiresverylesstimetogettheoptimumsolutionascompared
toothertechniques.TheconvergencecharacteristicbytheSCAalgorithmisshowninFigure7.

7.4. Test Case 4
The15thermalgeneratingunitsareconnectedwithtwosolarandtwowindplant.Theinputdatafor
solarandwindunitsareavailablein(Dasetal.,2020).Theinputdataforthermalunitsareprovided

Table 3. Performance study of well-known methods for test case 2

Methods Mean Cost 
($/h) Simulation Time (seconds) SD

SCA 2014.1967 9.28 2.2582

DA(Dasetal.,2020) 2018.0762 12 2.5111

CSA(Bhoyeetal.,2016) 2021.5229 12.6 4.2210

ALO(Hatata&Hafez,2019) 2025.8236 14.5 6.3258

ORCCRO(Bhattacharjeeetal.,2014) 2046.6344 17.2 9.8871

BBO(Xiongetal.,2013) 2058.5299 21 14.2558

PSO(Gaing,2003) 2060.8011 25 18.7324

GA(Bakirtzis,1994) 2073.8957 28 23.1892

Figure 5. Convergence characteristic by SCA algorithm for case 2
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Figure 6. 2-m set of attained best output power for test case 3

Table 4. Performance study of well-known methods for test case 3

Methods Mean Cost ($/h) Simulation Time 
(seconds) SD

SCA 15,203.8424 4.58 4.2867

DA(Dasetal.,2020) 15,268.8325 15 13.1266

CSA(Bhoyeetal.,2016) 15,277.2396 18 15.3321

ALO(Hatata&Hafez,2019) 15,278.2188 19.2 16.9127

ORCCRO(Bhattacharjeeetal.,2014) 15,280.1136 23.9 18.2114

BBO(Xiongetal.,2013) 15,284.9752 24 21.4785

PSO(Gaing,2003) 15,286.3639 27.6 26.9874

GA(Bakirtzis,1994) 15,287.8373 28 28.7745

Figure 7. Convergence characteristic by SCA algorithm for case 3



International Journal of Swarm Intelligence Research
Volume 13 • Issue 1

14

in(Bhattacharjeeetal.,2013).Thegeneratingcapacityofeachsolarandwindunitis10MWand
0.8MWrespectively.Thepowerdemandis2630MW.Thealgorithmrequires100iterationsand
10.04secondstogettheoptimumsolution.The2-msetsofattainedbestoutputpowerinthiscase
aregiveninFigure8.ThemeancostattainedbytheSCAalgorithmis32285.3935$/h.whichisvery
lessascomparedtootheralgorithmslikeDA(Dasetal.,2020),GA(Bakirtzis,1994),PSO(Gaing,
2003),CSA(Bhoyeetal.,2016),ORCCRO(Bhattacharjeeetal.,2014),BBO(Xiongetal.,2013)
andALO(Hatata&Hafez,2019)asshowninTable5.TheconvergencecharacteristicbytheSCA
algorithmisgiveninFigure9.

7.4.1. Tuning the Parameter of the SCA
TheparametersoftheSCAalgorithmshouldbetunedtoobtainoptimumsolutioninlesscomputational
time.Thedifferentvaluesoftheparameters‘g1,g2,g3,andg4’givedifferentminimumfuelcosts.
Forsinglevaluesofg1parameter,thevaluesofotherparameters‘g2,g3andg4’havetobevariedin
allpossiblecombinations.Ittakesverylargespacetoshowhere.Thus,thesummarizedresultsof
minimumfuelcosts,after50trailsrun,forallpossiblecombinationshavebeenshowninTable6.
Theoptimalvaluesoftheparametersarelistedasg1=0.5,g2=0.6,g3=0.3,g4=0.5.

Figure 8. 2-m set of attained best output power for test case 4

Table 5. Performance study of well-known methods for test case 4

Methods Mean Cost ($/h) Simulation Time (seconds) SD

SCA 32,285.39352 10.04 3.7468

DA(Dasetal.,2020) 32,310.2922 20 10.5017

CSA(Bhoyeetal.,2016) 32,318.1056 24.3 14.2357

ALO(Hatata&Hafez,2019) 32,329.5536 26.8 16.6912

ORCCRO(Bhattacharjeeetal.,2014) 32,358.0926 29 19.7439

BBO(Xiongetal.,2013) 32,260.2696 31.4 21.3321

PSO(Gaing,2003) 32,365.9862 35 24.9874

GA(Bakirtzis,1994) 32,388.5473 36.7 26.1234
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7.5. Discussion
ThemeancostobtainedbytheSCAalgorithmandpowergeneratedbyeachunitofthermal,wind-solar
forvarioustestsystemsisshowninTable.Thetotalpowergeneratedbythesystemandtotalload
demandforvarioustestsystemisshowninFigure10,Figure11,Figure12,Figure13.Forcases1,2,3
and4,thetotalpowergeneratedbythermalunitsis1042.8003MW,724.3609MW,1256.0108MW
and2624.1559MWrespectively.Itisobservedthatthepowerfromthethermalgeneratorisreduced
duetoloadsharingbyrenewablesources.Theuseoffossilfuelsisreducedduetointegratedwith
renewablesources.Therefore,thegreenhouseeffectisalsoreduced.Fromtheresults,itisobserved
thatSCAgivesapromisingandsatisfactoryperformanceintermsofqualityandefficientoptimum
solutionascomparedtootherwell-knownoptimizationtechniques.

8. CoNCLUSIoN

TheefficienttechniqueSCAhavebeenpresentedtosolvetherenewable-basedELDproblem.The
uncertaintiesofwindandsolarpowerhavebeengeneratedusingWeibullandbetaPDF.Thepower

Figure 9. Convergence characteristic by SCA algorithm for case 4

Table 6. The minimum fuel cost for different values of SCA parameters

g1 g2 g3 g4 Minimum fuel cost ($ / hr.)

0.1 0.40 0.10 0.1 32301.9654

0.2 0.45 0.15 0.2 32295.3621

0.3 0.50 0.2 0.3 32300.1542

0.4 0.55 0.25 0.4 32290.7845

0.5 0.60 0.30 0.5 32285.3935

0.6 0.65 0.35 0.6 32289.9652

0.7 0.70 0.40 0.7 32296.1004

0.8 0.75 0.45 0.5 32306.9865
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Table 7. The output power from generating unit and mean cost obtained by SCA

3 thermal generator 
with renewable 

energy

5 thermal generator 
with renewable 

energy

6 thermal generator 
with renewable 

energy

15 thermal generator 
with renewable 

energy

T1 493.3122 229.5500 444.4860 455.0000

T2 151.1492 98.4855 169.3774 455.0000

T3 398.3387 112.9003 261.9042 130.0000

T4 74.8061 124.3520 130.0000

T5 208.6187 175.1840 203.7708

T6 80.7070 460.0000

T7 465.0000

T8 76.0636

T9 34.8050

T10 34.8050

T11 28.6470

T12 80.0000

T13 34.8050

T14 19.0094

T15 17.2496

TotalThermal
Generation 1042.8003 724.3609 1256.0108 2624.1559

TotalWindandSolar
Generation 7.1996 5.6390 6.9891 5.8440

Iteration 200 600 150 100

Mean Cost ($/h) 10,023.9367 2014.1967 15,203.842 32,285.3935

Figure 10. The total power generated by system and power demand for case 1
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Figure 11. The total power generated by system and power demand for case 2

Figure 12. The total power generated by system and power demand for case 3

Figure 13. The total power generated by system and power demand for case 4
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generated by renewable sources is computed by the 2-m PEM. The various types of operating
constraintslikeVPLEandgeneratoroperatingconstraintshavebeenconsideredhere.Tovalidate
the effectiveness andperformanceofSCA, the algorithmhasbeenapplied in fourdifferent test
systems.TheresultsattainedfromSCAhavebeencomparedwithotherwell-knownalgorithmsDA,
GA,PSO,CSA,ORCCRO,BBOandALO.Theresultswereshownintabularandgraphicalform.
Theproposedalgorithmgivesquitepromisingandeffectiveresultsinsolvingtherenewable-based
ELDproblem.AftergettingsuperiorresultsusingSCAalgorithm,itwasconcludedthattheSCA
algorithmmaybeusedinhighlycomplexoptimizationprobleminpowersystem,electricalvehicle
andelectricaldischargesystem.
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