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ABSTRACT

Anefficientoptimalpowerflow(OPF)algorithmallowsthefinestsettingoftheplantbysolving
multi-objectiveoptimizationproblemtominimisetheoveralloperatingcost.Thispaperproposesthe
quasioppositionalbacktracksearchalgorithm(QOBSA)foroptimalsettingofOPFcontrolvariables.
The QOBSA is stochastic algorithm which gives committed and robust results compared to the
traditionalmethods.ThistechniquehasbeenimplementedtotestthecontrolparametersfortheIEEE
30-buswithsingleandmulti-objectivefunctionsliketheminimizationoffuelcost,minimization
oftotalvoltagedeviation(TVD),voltagestabilityenhancement,emissionreduction,andmulti-fuel
costminimization.TheresultprovidesbettervoltageprofileateverybusbasedonL-indexwhich
in turn greatly reduces the burden on load buses. The QOBSA code has been developed in the
MATLABplatformandtestedwiththehelpofIEEE30-busandtheoutcomeshavebeencompared
withongoingliterature.
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Multi-Objective Optimization, Opposition-Based Learning (OBL), Optimal Power Flow (OPF), Quasi 
Oppositional Backtrack Search Algorithm (QOBSA)

1. INTROdUCTION

Carpentierhasintroducedthetermoptimalpowerflow(OPF)in1962(Carpentier1962).TheOPF
isanimportanttoolforanefficientpowersystemoperationandplanninginmodernpowersystem
(Shaheen,Ragab,andSobhy2016).ThemainpurposeoftheOPFistosetcontrolvariableinsuchaway
thateconomicandsecureoperationofpowersystemtakeplace.Activeandreactivepowergenerations
atthegeneratingstation,reactivepoweroutputfromthedifferentreactivepowersourceslikeshunt
capacitor,onloadtapchangingtransformeretc.arechosentocontroltheirparametersforgetting
multi-objectivesolutions.TheOPFproblemisanon-linearandhighlyconstrainedproblem.Many
traditionaloptimizationtechniqueshavebeensuccessfullyimplementedtosolvetheOPFproblems.
Mostcommontraditionaltechniquescanbementionedasgradientalgorithms(Peschon,Bree,and
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Hajdu1971;Burchettetal.1982),Newtonmethod(CrisanandMohtadi1992),linearprogramming
(LP)(Lobatoetal.2001;ZeharandSayah2008),quadraticprogramming(QP)(ReidandHasdorff
1973;GranelliandMontagna2000)andinteriorpointmethod(IPM)(Vargas,Quintana,andVannelli
1993;MomohandZhu1999).Thesemethodshaveaverageconvergencecharacteristicsandsome
ofthemwidelypopularincommonpractice.However,thesemethodsgivelocaloptimumsolution
forcomplexobjectivefunctionproblemsinapowersystem.Manymeta-heuristictechniques,single
objectiveandmultiobjectivestructures(Housseinetal.2022a,2022b;Bhattacharjeeetal.2014,2015,
Sonyetal.2022;Rani2016;Das2014)arealsousedtosolveOPFproblems.ThemodellingofOPF
reflectsoperatingissuesasperitsobjectivefunction.Geneticalgorithm(GA)(Bakirtzis,Anastasios
G.,etal.2002;Attia,Turki,andAbusorrah2012)isoneofthemostpopulartechniques.In(Bakirtzis,
AnastasiosG.,etal.2002),authorshaveusedenhancedgeneticalgorithm(EGA)tosolvetheOPF
problem.Variouscontrolvariablessuchasswitchableshuntdevices,transformertap-setting,generator
busvoltagemagnitudes,andactivepoweroutputsareconsideredfortheoptimization.Authorshave
proposedadaptivegeneticalgorithmin(Attia,Turki,andAbusorrah2012).Themaincontribution,
foradaptivegeneticalgorithm,isdescribedasadjustingpopulationsize.KritsanaandAkihiko(2009)
havepresentedimprovedevolutionaryprogramming(EP)tosolveOPFproblemconsideringvoltage
stabilityproblem.Differentialevaluation(DE)basedapproachhasbeenproposedbytheauthors
(Abou,Abido,andSpea2010).IntheproposedDEmethod,non-smoothpiecewisequadraticfunction
hasbeenused.Improvedevolutionaryprogramming(IEP)hasbeenofferedbyauthors(Ongsakul,
andTantimaporn2006)withGaussianandCauchymutationoperatorsforsolvingOPFproblems.
Multi-objectiveOPFhasbeensolvedwithparticleswarmoptimization(PSO)(ChoudhuryandPatra
2016).Simulatedannealingoptimizationtechniqueisusedin(Roa-SepulvedaandPavez-Lazo2003).
AuthorsRoy,Ghoshal,andThakur(2010)haveproposedanovelbiogeographybasedoptimization
(BBO)methodtosolveOPFwithvalvepointnon-linearitiesofgenerators.Optimalreactivepowerflow
problemhasbeensolvedusingartificialbeecolonyalgorithmin(KürşatandKılıç2012).Modified
shufflefrogleapingalgorithm(Niknam,Narimani,Jabbari,andMalekpour2011)hasbeenapplied
toOPFconsideringenvironmentalandemissionissues.Modifiedsine-cosinealgorithm(MSCA)has
beenappliedtoOPFproblemsconsideringfuelcostminimizationandreactivepowerallocationsin
(Attiaa,Sehiemya,andHasanienb2018).AnEnhancedgeneticalgorithm(EGA)calledNSGA–III
integratedwithadaptiveeliminationstratagem(Zhangab,Wanga,Tanga,Zhoua,Zengb2019).A
modified teaching learningbasedoptimization formulti-objectiveOPFproblem implemented in
(Haghighia,Seifia,andNiknamb2014).Quasi-OppositionalmodifiedJayaalgorithmformulti-
objectiveimplementedin(Warid,Hizam,Mariun,andWahab2018).

Anewoptimizationtechniquebacktrackingsearchoptimizationalgorithm(BSA)isproposedby
PinarCivicioglu(2013).Thistechniqueisbasedontheconceptofselection,mutation,andcrossover
operators.TheBSAcancontrolthevalueofsearchdirectioneffectivelyinmutationoperation.The
operatorsgenerateverylargevaluewhichhelpstofindsolutionfromitscurrentstate.Thisaccelerates
theprocessoffindingglobalsolution.Theoperatorscanalsogeneratesmallvaluesofthevariables
atthatsametime.Thishelpsthealgorithmtofindasolutionintheneighbourhoodofitscurrentstate
andthesamesuitabletogetglobalsearchvalue.ThereisanotheradvantageoftheBSAisthatithas
memorytostorepopulationfromrandomlychosenpastgeneration.Thisisusedingeneratingsearch
directionmatrixfornextiteration.ThememoryofBSAhelpstogainadvantagefrompastvalueand
tofindnextgeneration.Thecrossoveroperatorusesacomplexandnonlinearstructuretocreatenew
individualineachgeneration.TheseattractiveandversatilequalitiesofBSA(BhattacharjeeK.,etal.
2021,2018,2015)motivatedauthorstoimplementinsolvingmultiobjectiveOPFproblemwithBSA.

Thekeycontributionsofthisworkcanbementionedas,(a)theQOBSAhasbeenintroducedfor
thefirsttimetosolvetheOPFprobleminthispaper,(b)crucialcontrolvariablesforOPFe.g.the
minimizationoffuelcost,minimizationofTVD,voltagestabilityenhancement,emissionreduction,
andmulti-fuelcostminimizationhavebeenaccountedtobuildrobustOPFalgorithm,(c)L-index
hasbeenusedinthisworktoencourageimprovedvoltageprofileforthesystem,(d)theproposed
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approachhasbeenverifiedwithIEEE30-busstandardsystem,andtheoutcomeshowsthesuperiority
ofthealgorithmoversomeoftherecentlydevelopedapproach.

Section2ofthemanuscriptprovidesamathematicalformulationoftheOPFproblem.Section
3providesashortdescriptiononBSAalgorithm.Section4presentstheoppositionalbasedleaning.
Section5providesinformationonstepstofollowtogetsolutionofOPFproblembyBSA.Thevarious
testsystemandresultsarediscussedinsection6.Theconclusionofthemanuscriptisgiveninsection7.

2. PROBLeM FORMULATION

ThesolutionofOPFproblemischallengingduetonon-linearity,non-convexity,andhighlyconstraint
problemdefinition.TheOPFproblemisusedtooptimizegivenobjective,subjectedtosystemphysical
limits(Bhattacharjee,Bhattacharya,Shah,andPatel2021).Duethiscomplexity,OPFproblemremain
popularbutchallengingtaskamongpowersystemresearcher.TheOPFproblemcanbecomputed
asfollows.

The outcome of OPF problem is taken under consideration of steady state performance of
powersystemwithdifferentsetofobjectivefunctions.Thiscanbedonethroughoptimaladaptionof
independentvariablewhilefulfillingvariousinequalityandequalityconstraints.TheOPFproblem
maybeillustratedinmathematicalformasgivenbelow:

MinimizeJ J x J x J x J x
x n
� ,� ,�� �= ( ) ( ) ( )…… ( ){ }1 2 3

 (1)

Subjected to G x i m
i

� ,� � � ,�� , , �,( )≥ = …0 0 1  (2)

�H x
i ( ) = 0 , , , ,i p= …0 1  (3)

where   J x
n ( ) representsthemth objectivefunction.Therearemnumberofobjectivefunctions.

Herem and p arenumberofequalityandinequalityconstraints.

2.1. Problem Objective
The prime objective of solving OPF problems includes environmental, economic, and technical
benefits. Most common objective function found in common practice is minimizing FC. It is
consideredasprimaryormostcommoneconomicalobjectivefunction.Othertechnicalobjectivescan
bementionedasreductionofAPLandTVD,voltagestabilityimprovementwithhelpofL−index,
etc.Lastly,minimizingthetotalemissioncanbeobservedasenvironmentalobjective.

AsmentionedearlieroneofthemostpopularobjectivesfortheOPFproblemistheminimization
ofFCforgeneratedactivepowerofaninterconnectedsystem.Itismathematicallyformulatedin
quadraticfunctionandcanberepresentedastheF1isexpressesasfollows:

MinF a b P c P
i

NG

i i G i Gi i
�
1

1

2= + +( )
=
∑ $ / h( )  (4)

ThesecondobjectivefunctionoftheOPFproblemisAPLminimization(F2).Itcanbeexpressed
asfollows:
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Min F x G V V VV
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Thethirdobjective F
3( ) istominimizetheTVDatPQbuses.Itcanbestatedasfollows:

Min F x V
i

NB

i
��� �

3
1

1( ) = −
=
∑  (6)

The fourthobjective function is the totalemissionminimization.Nowadays thesuperfluous
emissionsofgreenhousegasesleaveadverseeffecttotheenvironment.Thisisimpliedthatthefossil-
fuelbasedpowerplantshavegreenhousegasesasamajorby-product.Oneofthemainmotivesof
thisworkistoenhancesocialwelfarebydecreasingtheseemissions.Thenon-linearformofemission
functioncanbeexpressedasfollows:

Min F x a b P c P e
i

NG

i i G i G i

P

i i
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4

1

2 210( ) = + +( )+
=

−∑ ξ
λ
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Thefifthobjectivefunctionisenhancementofvoltagestability.Withhelpofpopular L index−( ) ,
itcanbementionedasfollows:

L F
V

V
j NL

j i
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ij
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j
ij i j
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F Y Y
ji LL LG
= −








−1
 (9)

Now,themaximumvalueof  L
j
istakenasaglobalindicatorforthecompletesystem.Lower

valuesofL
max

assurestheimprovedstabilityofthesystem:

F x L L j NL
max j5

1 2( ) = = ( ) = …� max , , ,  (10)

2.2. Constraints for the Proposed Objective Functions
SameastheotheroptimizationproblemstheOPFproblemsarealsodealtwithequalityandinequality
constraints.

2.2.1 Equality Constraints
Here,  r isthesetofequalityconstraintsrepresentingthetypicalloadflowequations:

P P V V B G
Gi Di i

NB

i i i i
− − +( ) =

=∑ j j j j j j1
0sin cosθ θ 
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where:

i NB= …1 2 3, , , ,  (11)

Q Q V V G B
Gi Di i j

NB

j ij ij ij ij
− − +( ) =

=∑ 1
0sin cosθ θ 

where:

i NB= …1 2 3, , , ,  (12)

NB  is total number of buses, P
G

 andQ
G

 are the active and reactive power generation,
respectively.G

ij
 and B

ij
are the transfer conductance and Susceptance between bus i and j ,

respectively.Y G B
ij ij ij
= +� � �  is the admittance matrix. The phase angle difference θ

ij
 is between

voltagesatbusesiandj.

2.2.2 Inequality Constraints
Here,hissetofinequalityconstraintsasfollows.
2.2.2.1 Physical Limit of Generator
Forallgenerator,includingreferencebus:activeandreactivepoweroutputsandvoltagesarelimited
withintheirpermittedlowerandupperboundasfollows:

V V V
Gi
min

Gi Gi
max≤ ≤ , i NG= …1  (13)

P P P
Gi
min

Gi Gi
max≤ ≤ , i NG= …1  (14)

Q Q Q
Gi
min

Gi Gi
max≤ ≤ , i NG= …1  (15)

2.2.2.2 Physical Limit of Transformer
Tapsettingoftransformerarelimitedwithintheirpermittedlowerandupperboundasfollows:

T T T i NT
Ti Ti Ti
min max, , ,≤ ≤ = …1  (16)

2.2.2.3 Physical Limit of Shunt VAR Compensator
ShuntVARcompensatorconstraintspermittedwithintheirlowerandupperboundasfollows:

Q Q Q i NC
Ci
min

ci Ci
max≤ ≤ = …, , ,1  (17)
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2.2.2.4 Security Constraints
Theseincludetheconstraintsofvoltageatloadbusesandtransmissionlineloading.Voltageofeach
PQbusarerestrictedwithintheirlowerandupperlimits.Lineflowthrougheachtransmissionline
isrestrictedbytheircapacitylimits.Theseconstraintsareexpressesasfollows:

V V V i NL
L
min

L L
max

i i i
≤ ≤ = …, , ,1  (18)

S S i nl
l l

max

i i
≤ = …, , ,1  (19)

TheInequalityconstraintsλ λ λ λ
P V Q s
, , , ofdependentvariableswhichcontainsP V Q

G L G1
, , ,S

l


canbeincludedintoanobjectivefunctionasquadraticnaturedpenaltytermssothatfinaloutput
remainswithinoperatinglimits.Penaltyfunctioncanbeexpressedasfollows:

J J P P V V Q Q
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V
i

NL
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Q
i

NG
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= + −( ) + −( ) + −

= =
∑ ∑λ λ λ
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2

1
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S
i
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S S( ) + −( )

=
∑

2

1

2

1
λ  (20)

Here, xlim isthelimitvalueofdependentvariable.If x ishigherthantheupperlimitvalueor
x islowerthanthelowerlimitvaluethenittakesvaluesasfollows:

x
x x x

x x x
lim

max max

min min=
>

<








,

,
 (21)

3. QUASI OPPOSITIONAL BACKTRACKING SeARCH ALGORITHM (QOBSA)

QOBSAalgorithmhasbeendiscussedintwopartsinthissection.AtfirsttheconventionalBSA
algorithmhasbeenmentionedthentheprocessforhybridizationhasbeenmentioned.

3.1 Backtracking Search Algorithm (BSA)
Itisapopulationbasedstochasticevolutionaryalgorithm.Thisisabio-inspiredalgorithm.Itreplicates
andmostlysimilartothesocialgroupoflivingcreaturereturnonrandomintervaltothehunting
areasthatwereformerlyfoundproductiveforgettingfood.ThestructureofBSAcanbeclassified
intofiveprocessesi.e.initialization,selection-I,mutation,crossover,andselection-II.Forthebetter
understandingofthebasicBSAalgorithm,thestepshavebeendescribedinthefollowingsection.

3.1.1 Initialization
Sameastheotheroptimizationalgorithms,BSArandomlygeneratesthestartingpopulationwithin
itsspecifiedboundarycondition:

for i popsize� := 1 
for j problemsize� := 1 

pop i j rand up j low j low j, *( ) = ( )− ( )( )+ ( )  (22)
end 
end 
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where � , , ,i popsize= …1 2 3 ; j problemsize= …1 2 3, , , ., ;  low j( )  and up j( )  are the lower and
upperboundsoftheproblemsizerespectively.

3.1.2 Selection-I
Asdiscussedabove,thisalgorithmstoresthelocationofenrichingfoodresources.Previouslocation
ishelpfultofindfeasiblesearchdimensionmatrix.Historicalpopulation hist pop_( ) canbecalculated
asfollows:

hist pop i j rand up j low j low j_ , *( ) = ( )− ( )( )+ ( )  (23)

Here, hist pop_ setisupdateduntilabetterfitnessvalueisfound.Historicalpopulationis
updatedasfollows:

if arand brand  <  (24)

� _ , ,hist pop i j pop i j( ) = ( )  (25)

where,arand andbrand arerandomnumberbetween0and1.Afterthisorderof � _ �hist pop is
randomlyshuffledasfollows:

� _ � _ ,:hist pop hist pop randperm popsize= ( )( )  (26)

where,randperm israndompermutationofpopsize anditisusedtochangethepositionofdifferent
setwithinthe � _hist pop .

3.1.3 Mutation
ThestartingformoftrialpopulationMutant isgeneratedusingequation(27)andthisprocessis
calledasmutation:

Mutant pop F hist pop pop� � � * � _= + −( )  (27)

where � _hist pop pop− isthesearchdirectionmatrixandFistheamplitudeofsearchdirection
matrix. So it basically controls the search dimension matrix. Due to the experience of previous
generation, BSA generates trial population. The value of F  is given by F randn� � �*�=4 , where
randnN� ,�0 1( ) .Here,N isthestandardnormaldistribution.

3.1.4 Crossover
TheinitialvalueoftrialpopforthecrossoverisMutant .Thetargetpopulationindividualsbelong
totrialindividualwithbetterfitnessvalue.ThecrossoverprocessofBSAdividedintotwosteps.The
firststepuses,map ,binaryinteger-valuedmatrix,iscreated.Thesizeofmap ispopSize problemSize× .
ThemapindicatestheindividualtrialpopulationT tobeupdatedwithindividualvalueofpop.If
map i j,( ) = 1 ,thentrialpopupdatedwithT i j pop i j, ,( ) = ( ) .Inthesecondstep,itusesmixrate 
anditisusedtocontroltheindividualpopulationelementwhichwillmutatewiththetrialpopusing
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mixrate rand ProblemSize* *( ) .Inthisscenario,mixrate isrelativelydifferingfromthecrossover
processworksinotheralgorithms.

3.1.5 Selection-II

Thisisthesecondstageselection.Trialpopulation T( ) andpop arecomparedwithcorrespondingvalue
andthenthepop isupdated.Afterthis,ifbestindependentpopulation pop( ) hadsuperiorfitnessvalue
thanglobalminimumvaluethenglobalminimumvaluereplacebybestindependentpopulation pop( ) .
3.2 Opposition-Based Learning (OBL)
TheconvictionofOBLisgivenbyTizhoosh(2005)andWaridetal.(2018).Thismethodaccelerates
therateofconvergenceandhelpstofindoutglobaloptimumsolution.Inthismethod,twopopulations
aretobegenerated,i.e.currentpopulationandoppositionpopulationwithinthefeasiblespace.Here,
oppositenumberneedstobegeneratedclosertotheglobalsolutionthenanyrandomlygenerated
number.OppositenumberandoppositepointarecalculatedasbelowMandalandRoy(2011).

3.2.1 Opposite Number

Lety bearealnumberbetween m n,

 .Now,itsoppositionnumberyo iscalculatedas:

y m n yo = + −  (28)

wherem andn aretwominimaandmaximapointsinsearchspace.

3.2.2 Opposite Point

Here,P y y y y
q1 2 3

, , ,...,( ) isapointinq -dimensionalspace,thentheoppositepointOP y y yo o
q
o

1 2
, ,...,( ) 

canbecalculatedasbelow:

y
i
op = m n y

i i i
+ −  (29)

where:

y m n i q
i i i
∈ 


 = …, ; , , ,1 2 

3.2.3 Quasi-Opposite Number
Itisthenumberformedbetweenthecentreoffeasiblespaceanditsoppositenumber.Here,yisany
realnumberbetween[m,n].Itsquasi-oppositepointy

i
op iscalculatedas:

y rand
m n

y
i
qo

i
op=

+







2

,  (30)

BasicflowofOPFwithQOBSAhasbeenmentionedinthebelowsteps:

Step 1:Initializethepenaltyfactors,  mixrate .Statetheminimumandmaximumlimitsofallthe
dependentvariable.SetterminationcriteriaasMaxIter .
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Step 2:Initializepopulationas pop ,qopop (Quasi-Oppositepopulation)withinthecontrollimits.
Step 3:Ifqopop hasbettervaluethan pop thenupdate pop withthatvalue.Runtheloadflow

usingNRmethod.Checkalltheconstraints;theconstraintsspecifiedinequation(13)to(19).
Ifthereisanyviolationofconstraint,thengotostep2.

Step 4:Computethevalueof fitness , fitness pop( ) forindividual popsize and problemsize .
This paper contains different fitness  functions so all the objective function taken under
consideration.

Step 5:Initializethe hist pop_ usingequation(23).Update hist pop_ ifequation(24)istrue.
Nextrandomlyshufflethehist pop_ usingequation(26).

Step 6:Proceedwithmutationprocessasperequation(27).
Step 7:Proceedwiththecrossoverprocessasgivenabove.
Step 8:Runtheloadflowagainwiththehelpofindividualtrialpopulation T( ) .Trialpopulation T( ) 

shouldfulfiltherespectivecontrollimitforcomputeddependentvariables.Ifthisconditionsatisfies
thensolutionsettobeconsideredasfeasiblesolution.Ifthevaluesarenotwithincontrollimitthen
solutioncanbeprevioussolution.Ifallconstraintsaresatisfied,thengofornextobjectivefunction.

Step 9: qopop  can be calculated centred on jumping rate_  with help of equation (30). The
jumping rate_ isdeterminedasfollows:

a jumping rate jumping rate
max min

= −_ _  (31)

b a
MaxIter Iter

MaxIter
=

−









*
�  (32)

jumping rate a b_ = −  (33)

wherea jumping rate
max

= _ andb jumping rate
min

= _ consideredatmaximumandminimum
value. Iter ispresentiteration.

Step 10:Comparethecomputedresultswithtrialpopulation T( ) .Thepopneedstobeupdatedif
trialpopulation T( ) hasbetterfeasiblesolution.Sortingofallthreepopulationsisdonethen
whicheverhasabettersolutionthanglobalsolution,replacethecurrentglobalsolutionwiththat
otherwiseitisthesame.

Step 11:Repeattheprocessagainfromstep2fornextiteration.Ifstoppingcriteriareached(inthis
case,MaxIter )thenterminateloopandprinttheresults.

4. SIMULATION ANd ReSULTS

InordertoillustratetheeffectivenessoftheproposedQOBSAtechnique,ithasbeentestedonIEEE
30bustestsystem.

4.1 Characteristics of the Test System
CharacteristicsofIEEE30-bussystemshowninTable1.Thebusdata,linedata,generatordataand
lowerandupperlimitsofalltheindependentvariablesarepresentedin(Zimmermanetal.).The
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proposedalgorithmhasbeenappliedtosolvemulti-objectivefunctionOPFproblemwithsystem
physicallimits.Theemissioncostcoefficientdatatakenfrom(Mahdietal.2019).

VoltageofeachPQbusislimitedwithintheirlowerandupperbounds.Flowoflinethrough
eachtransmissionlineislimitedbytheircapacitylimits.

4.1.1 Definition of Different Case Studies for OPF Problem
Thisworkcontains11casestudiesandtheirdefinitiontabulatedinTable2.Thecasestudiesreflect
differentobjectivefunctions.Themainmotivetosimulatethecasestudiesseparatelyandalltogether
istounderstandtheeffectofeachoftheparametersseparatelyfortheOPF.

4.2. Results of Single Objective Case Studies
Optimalsettingsoftheindependentvariables,obtainedinproposedQOBSA,aregiveninTables
3 and 4. There are three events for the single objective case study. Here, event 1 considers the
minimizationofFC.TheconvergencecharacteristicforFCisshowninFigure1.ThetotalFCis
decreasedto799.079$/hcomparedtoinitialcaseFCof901.88$/hwhichgivesreductionsalmost

Table 1. Details of test system IEEE-30 bus system

System components Numbers Positions at buses/lines

Buses 30 ----

Branches 41 ----

Generators 6 Atbuses1,2,5,8,11and13

Shuntcapacitors 9 Atbuses10,12,15,17,20,21,23,24and29

Transformers 4 lines6–9,6–10,4–12,and28–27

Table 2. Different case studies involving single/multiple objective

Test System Case
Fuel cost 

F
1( )

V.D 

F
2( )

APL 

F
3( )

L-max 

F
4( )

Emission 

F
5( )

IEEE-30bus

1 ü - - - -

2 - - ü - -

3 ü ü - - -

4 ü - - ü -

5 ü - ü - -

6 ü - - - ü

7 ü ü - ü -

8 ü - ü - ü

9 ü ü - - ü

10 ü ü ü - -

11 ü ü ü ü -

12 ü ü ü - ü

13 ü ü ü ü ü
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equalto11.3985%.ThiselaboratestheefficacyoftheproposedalgorithmforsolvingOPFproblem.
Case2isabouttheminimizationofAPL.TheconvergencecharacteristicsofAPLminimizationhas
beenshowninFigure2.ThecomparisonoftheabovecasestudiesisdescribedinTable5.

4.3 Results of Bi-Objective Case Studies
Inthesingleobjectiveanalysis,theremaybeviolationofsomequantities,likeduringcase1thereisa
violationofTVD.Sothisbi-objectivestudyhelpstoimprovetheresponsesofthosequantities.Here,
casestudy3advocatesFCandTVDminimization.Casestudy4statesFCandL-indexminimization.
Ontheotherside,casestudy5includesFCandAPLminimization,andcasestudy6includesFC
andemissionminimization.ComparativestudiesofabovetestcasesaregiveninTable6.Figure
3,Figure4,Figure5,andFigure6showtheresultsofcasestudiesfrom3to6.Theutilizationof
suggestedQOBSAcanleadstomoreaggressivesolutionresultsforvariouscasestudiescompared
withmethoddescribedinliterature.

4.4 Triple Objective Cases
Inthispartofstudy,threeobjectiveshavebeenconsideredtogether.Here,casestudy7includesFC,TVD,
andL-maxminimization.Casestudy8combinesFC,APL,andemissionminimization.Comparative
studiesfortheabovetestcasesaregiveninTable7.Figure7showstheresultsofcasestudy7.Incase
studies7and8,resultsofFCarebetterthanthedescribedintheliterature.Moreover,inthecasestudy
8,resultofemissionisbettercomparedtodescribeintheliterature.Similarexplanationscanbegiven
forcase9and10.Theconvergencecharacteristicsforcase9and10havebeenplottedinFigures9and
10.TheseresultsshowanotabledifferenceandeffectivenessofsuggestedQOBSAalgorithm.

Figure 1. Convergence characteristics for case 1

Figure 2. Convergence characteristics for case 2
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continued on following page

Table 3. Simulation results for OPF problem of cases 1-6 for IEEE 30-bus power system

Min Max Initial 
Case Case 1 Case 2 Case 3 Case 4 Case 5 Case 6

P
1 50 200 99.21 176.973 51.7938 174.7498 174.7781 173.0902 112.8198

P
2 20 80 80 48.606 79.6016 48.7258 47.5106 48.6233 56.4426

P
5 15 50 50 21.445 50.0000 21.4475 21.0692 21.7382 29.6647

P
8 10 35 20 21.095 35.0000 22.4164 21.7741 23.6578 35.0000

P
11 10 30 20 11.90 30.0000 12.4906 13.5389 12.6303 28.6011

P
13 12 40 20 12.00 40.0000 13.1155 13.7053 12.0000 26.3652

V
1 0.95 1.10 1.05 1.10 1.0686 1.0435 1.0734 1.0998 1.0694

V
2 0.95 1.10 1.04 1.087 1.0645 1.0271 1.0561 1.0849 1.0563

V
5 0.95 1.10 1.01 1.062 1.0484 1.0103 1.0301 1.0544 1.0071

V
8 0.95 1.10 1.01 1.067 1.0521 1.0017 1.0566 1.0634 1.0410

V
11 0.95 1.10 1.05 1.10 1.1000 1.0315 1.09 1.0994 1.0684

V
13 0.95 1.10 1.05 1.099 1.0993 1.0086 1.0963 1.1000 1.1000

T
11

 6 9−( ) 0.90 1.10 1.078 1.018 1.0321 0.9973 0.9666 1.0092 0.9829

T
12

 6 10−( ) 0.90 1.10 1.069 0.934 0.9000 0.9442 0.9395 0.9111 0.9937

T
15

 4 12−( ) 0.90 1.10 1.032 0.991 0.9595 0.9751 0.9558 0.9776 1.0359

T
36

 28 27−( )
0.90 1.10 1.068 0.991 0.9624 0.9646 0.9411 0.9609 0.9671

Q
C10

0 5 0.0 0.966 5.0000 2.4365 5.0000 4.7407 1.7407
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4.5 Results of Quad and Quanta-Objective Case Studies
Quad-objectivecasestudycontainsfourdifferentobjectivefunctionsnamely,FC,APL,TVD,and
emission(casestudy11and12).Comparativeresultsofthepresentcasestudyhavebeenshownin
Table8.ResultsofpresentstudyhavelowestTVDandincreasedvoltagestabilityofthesystem.The
presentcasestudygivesbestsolutionwhencomparedwithindividualcasestudieswithoutviolating
restrictedlimitofvoltages.Resultsforthepresentcasestudiesi.e.11and12havebeenshownin
Fig.11and12.Quanta-objectivecasestudiescontainfivedifferentobjectivesi.e.FC,APL,TVD,
emission,andL-max.Ithasbeenseenthat,thiscasestudygivesbetterresultsofFCandL-index.
Moreover,voltagelimitsofthiscasestudyarerestrictedwithinitspermissiblelimits.Comparative
resultsofthepresentcasestudyaregiveninTable8.Outcomeforthequanta-objectivecasestudy
hasbeenshownintwopartsas13(a)and13(b)inFig.13and14.

5. TUNING OF PARAMeTeRS FOR THe QOBSA

Togettheoptimizedsolution,itrequirestoacquirepropervalueofamplitudeoffeasiblespacesearch
directionformutationandcrossoveritisoptimalvalueofmixrate .Here,fortheF ,mixrate have
beenvariedtogetallpossiblesolutionforthisproblem.Resultofcasestudy1fortuningofparameter
showninTable9.

Min Max Initial 
Case Case 1 Case 2 Case 3 Case 4 Case 5 Case 6

Q
C12 0 5 0.0 4.958 3.3809 1.6916 4.3382 4.5377 3.3780

Q
C15 0 5 0.0 4.969 4.5134 4.5364 5.0000 4.5925 4.6873

Q
C17 0 5 0.0 4.827 5.0000 0.1054 5.0000 4.7640 5.0000

Q
C20 0 5 0.0 4.997 5.0000 4.8597 4.8830 4.8416 3.4804

Q
C21 0 5 0.0 4.671 4.9596 4.0605 5.0000 4.8596 2.3131

Q
C23

0 5 0.0 4.801 3.8958 4.7985 5.0000 4.5215 4.3055

Q
C24

0 5 0.0 3.935 5.0000 4.9995 4.9779 4.6873 1.4567

Q
C29

0 5 0.0 5.000 3.0889 2.4542 4.5452 3.0259 5.0000

Fuelcost($/h) 901.88 799.079 966.1272 803.1427 800.2926 799.2276 835.055

Activepowerloss 7.53 8.619 2.9084 9.7545 8.9224 8.3269 5.5915

TotalVoltagedeviation 1.1554 1.8 1.8566 0.1061 1.8242 1.8417 1.0869

L
max

0.1681 0.117 0.1173 0.1369 0.1146 0.1167 0.1240

Emission(ton/hr) 0.3639 0.2054 0.3602 0.3550 0.3525 0.2417

Table 3. Continued
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continued on following page

Table 4. Simulation results for OPF problem of cases 7-13 for IEEE 30-bus power system

Min Max Case:7 Case:8 Case:9 Case:10 Case:11 Case:12 Case:13

P
1 50 200 176.5522 110.43 113.2057 172.5607 170.9573 112.0377 112.8047

P
2 20 80 48.7746 61.2151 59.2868 48.9721 48.3480 59.2073 58.7435

P
5 15 50 21.3157 28.8477 27.9651 22.0924 21.2704 28.3815 28.3120

P
8 10 35 21.5416 34.9443 34.8926 24.0757 24.2342 35.0000 34.9101

P
11 10 30 12.5724 30.0000 27.7718 12.9106 15.8382 28.3798 27.8161

P
13 12 40 12.5204 22.9066 26.2268 12.1204 12.1308 26.1613 26.8852

V
1 0.95 1.10 1.0585 1.1000 1.0289 1.0451 1.0596 1.0254 1.0492

V
2 0.95 1.10 1.0409 1.0922 1.0214 1.0287 1.0398 1.0189 1.0410

V
5 0.95 1.10 1.0029 1.0686 1.0112 1.0107 1.0056 1.0007 1.0073

V
8 0.95 1.10 1.0288 1.0813 0.9998 1.0060 1.0290 1.0023 1.0320

V
11 0.95 1.10 1.0336 1.1000 1.0389 1.0025 1.0579 1.0192 1.0364

V
13 0.95 1.10 1.0097 1.1000 0.9980 1.0078 1.0125 1.0121 1.0030

T
11
6 9−( ) 0.90 1.10 1.0646 1.0468 1.0148 1.0166 1.0662 1.0274 1.0480

T
12



6 10−( ) 0.90 1.10 0.9881 0.9022 0.9449 0.9054 1.0215 0.9154 1.0232

T
15



4 12−( ) 0.90 1.10 1.0336 1.0058 0.9552 0.9756 1.0170 0.9838 1.0201

T
36



28 27−( ) 0.90 1.10 0.9004 0.9913 0.9555 0.9665 0.9000 0.9612 0.9000

Q
C10 0 5 4.9948 3.0108 4.8201 3.9088 5.0000 5.0000 4.9597
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5.1 Sensitivity Analysis
Thebest,median,maximum,andstandarddeviationhasbeenshownfor theproposedapproach.
Itcanbeseenfromthebelowtablethatproposedapproachisgivingsignificantimprovementin
performanceovertheexisting.

5.2 Annual Saving
Annual saving is another important parameter to analyse the cost-effectiveness of the solutions
obtainedfromanyOPFapproach.Inthiswork,theannualsavinganalysishasbeendoneandithas

Table 5. Comparison of results of single objective case studies

Cases NISSO (Nguyen 
2019)

MODA (Herbadji 
2017)

SCA (Attiaa 
2018)

MSCA (Attiaa 
2018)

FAHSPSO-DE 
(Naderi 2021) QOBSA

Case:1 799.76242 802.32 799.7627 799.31 799.8066 799.079

Case:2 2.9454 - 2.9425 2.9334 4.9989 2.9084

Min Max Case:7 Case:8 Case:9 Case:10 Case:11 Case:12 Case:13

Q
C12 0 5 5.0000 4.2441 0.2188 0.6984 4.9717 1.6021 4.9948

Q
C15 0 5 4.9858 5.0000 4.3296 5.0000 4.8825 4.2852 4.9481

Q
C17 0 5 4.9960 5.0000 0.6818 0.0875 5.0000 1.1491 4.9451

Q
C20 0 5 5.0000 4.5504 4.9401 5.0000 4.7092 4.9851 4.9906

Q
C21 0 5 5.0000 1.8473 4.5061 4.9526 5.0000 4.4393 5.0000

Q
C23

0 5 4.9808 3.6853 5.0000 4.9859 5.0000 5.0000 4.9956

Q
C24

0 5 4.9951 3.6209 4.8703 4.9245 4.9913 4.9448 5.0000

Q
C29

0 5 4.9575 4.8635 1.6252 2.2823 5.0000 2.5414 5.0000

Fuelcost($/h) 803.8310 836.8511 838.7109 803.0669 803.7119 839.9799 840.2082

Activepower
loss 9.9185 5.1567 5.8877 9.4298 9.5905 5.8659 6.1385

TotalVoltage
deviation 0.4832 1.7081 0.1108 0.1102 0.4995 0.1026 0.4947

L
max

0.1199 0.1184 0.1368 0.1372 0.1199 0.1369 0.1197

Emission
(ton/hr) 0.3617 0.2383 0.2396 0.3509 0.3460 0.2380 0.2389

Table 4. Continued
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Figure 4. Convergence characteristics for case 4

Table 6. Comparison of results of bi-objective case studies

Cases Objective

Methods

MODA 
(Herbadji 

2017)

MOICA 
(Ghasemi et al. 

2014)

MOBSA 
(Daqaq 
2017)

MOMICA 
(Ghasemi et al. 

2014)

QOMJaya 
(Warid et al. 

2018)
MOQOBSA

Case:3 Fuel
cost($/h) 807.2807 805.0345 800.1085 804.96 - 803.1427

V.D 0.023 0.1004 0.3657 0.095 - 0.1061

Case:4 FuelCost - 799.8808 - 800.8923 800.2926

L-index - 0.1336 - 0.12485 0.1146

Case:5 FuelCost 850.9001 - 848.0544 826.9651 799.2276

ActivePower 4.5625 - 4.5603 5.7596 8.3269

Case:6 Fuelcost 838.604 865.3134 - 865.066 - 835.055

Emission 0.254 0.2246 - 0.2221 - 0.2417

Figure 3. Convergence characteristics for case 3
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Figure 5. Convergence characteristics for case 5

Figure 6. Convergence characteristics for case 6

Table 7. comparison of results of tri-objective case studies

Cases Objective Method

Case:7

MODA(Herbadji2017) MOBSA(Daqaq2018) MOQOBSA

Fuelcost - 804.3982 803.8310

V.D - 0.3167 0.4832

L-index - 0.1274 0.1199

Case:8
(Iter=300)

Fuelcost 867.9070 - 836.8511

APL 4.5342 - 5.1567

Emission 0.2640 - 0.2373

Case:9

Fuelcost - - 838.7109

V.D - - 0.1108

Emission - - 0.2396

Case:10

Fuelcost - - 803.0669

V.D - - 0.1102

APL - - 9.4298
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Figure 8. Convergence characteristics for case 8

Figure 9. Convergence characteristics for case 9

Figure 7. Convergence characteristics for case 7
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beennoticedthatproposedMOQOBSAcansavehugerevenuewhencomparedtosomeoftherecent
algorithms.Table11showsthecomparativeanalysis.Table12showthereductioninemissions.For
boththecasestheoutcomesarepromising.

6. CONCLUSION

ThecomputationofOptimumPowerFlow(OPF)inthepowersystemcanbehelpfulinreal-time
controlwithhelpofvariousobjectives,operations,andplanningofneworexistingthermalplants.
In thispaper,anewoptimizationalgorithm,which isacombinationofquasi-oppositionalbased

Figure 10. Convergence characteristics for case 10

Table 8. Comparison of results of Quad and Quinta objective case studies

Cases Objective Method

Case:11 MOQOBSA

Fuelcost 803.7119

APL 9.5905

VD 0.4995

Lmax 0.1369

Case:12 MODA(Herbadji2017) MOMICA(Ghasemi2014) MOQOBSA

Fuelcost 828.49 830.188 839.9799

Activepower 5.912 5.585 5.8659

VD 0.585 0.298 0.1026

Emission 0.265 0.252 0.2380

Case:13 I-NSGA-III MOQOBSA

Fuelcost - 843.8571 840.2082

Activepower - 5.7405 6.1385

VD - 0.2388 0.4947

Emission - 0.1485 0.2389

L-max - 0.1253 0.1197
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learningandbacktracksearchalgorithm,hasbeensuggested.Thirteendistinctcasestudieshave
beenconsideredtoverifytheefficacyoftheproposedapproach.Thesuggestedalgorithmhasbeen
successfullyimplementedforIEEE-30buswithmulti-objectivefunctions.Theresultofproposed
algorithm outperforms the other algorithm in the literature at allowable levels of economic,
environmental,andtechnicalobjectives.Thissuggestedtechniqueleadstolowestleveloffuelcost

Figure 12. Convergence characteristics for case 12

Figure 11. Convergence characteristics for case 11
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andemission.Moreover,thisalgorithmisrobustandproveseffectivenesscomparedwithsomeofthe
otheralgorithms.Recently,duetothemassivepenetrationofrenewableenergyresources,including
electric vehicles, power system engineers are facing new operational challenges. The proposed
approachcanbeusedasarobusttoolforsolvingthegeneration-demandproblemsinmosteconomical
wayincludingvariousoperationalconstraints.

Figure 13. Convergence characteristics for Case: 13(a)

Figure 14. Convergence characteristics for Case: 13(b)

Table 9. Effect of various parameters on the performance of QOBSA

F Mix rate_

1 0.9 0.7 0.5 0.3 0.1

3 * randn 799.094 799.109 799.128 799.183 799.134 799.208

4 * randn 799.079 799.081 799.127 799.152 799.159 799.159

� , *lognrnd rand rand5( ) 799.094 799.119 799.104 799.202 799.182 799.245

1 0 5/ ,normrnd ( ) 799.147 799.173 799.158 799.109 799.104 799.118
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Table 10. Best, median, maximum, and standard deviation values for objectives

Objective Best Median Max S.D

MOQOBSA
Fuelcost 799.0736 799.8928 806.7935 1.294855

APL 2.995624 3.322479 4.503163 0.303047

FAHSPSO-DE(Naderi
2021)

Fuelcost 799.8066 800.7713 801.9021 1.2635

APL 4.9989 5.4412 5.8838 0.4423

Table 11. Annual saving for case studies under consideration

Case Methods Saving ($/h) Annual saving ($)

Case:1
MOQOBSA MSCA(Naderi2021)

799.0736 799.31 0.2364 2070.864

Case:5
MOQOBSA QOMJaya(Daqaq2017)

799.2276 826.9651 27.7375 2,42,980.5

Case:14
MOQOBSA I-NSGA-III (Zhangab2019)

840.2082 843.8571 3.6489 31,964.364

Table 12. Annual saving in emission

Case Methods Saving (ton/h) Annual saving (ton)

Case:8
MOQOBSA MODA(Herbadji2017)

0.2373 0.2640 0.0267 233.892

Case:12
MOQOBSA MOMICA(Ghasemi2014)

0.2380 0.252 0.014 122.64
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