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ABSTRACT

TheprevalentapplicationsofWSNhavefascinatedaplethoraofresearchefforts.Sensornodeshave
serious limitations such as battery lifetime, memory constraints, and computational capabilities.
Clustering isan importantmethodformaximizingthenetworklifetime.Inclustering,anetwork
isdividedintovirtualgroups,andCHssendtheirdatatotheBSeitherdirectlyorusingmulti-hop
routing.CHsaresomespecialnodeshavingmoreenergythannormalnodes.Infact,thesespecial
nodesarealsobatteryoperatedandconsequentlypowerconstrained;thus,theyplayavitalrolein
networklifetime.Clusterformationisveryimportantandimproperdesignmaycauseoverload.This
paperpresentsamodifiedGA-basedloadbalancedclustering(MGALBC)algorithmforWSN.Itis
betterthanGA-basedloadbalancedclustering(GALBC)algorithmbecauseitbalancestheloadby
consideringtheresidualenergy.TheresultshowsthattheproposedmethodisbetterthanGALBCin
termsofenergyconsumption,numberofactivesensornodesandnetworklife.
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1. INTRodUCTIoN

Wireless sensor networks (WSN), are geographically distributed autonomous sensors which are
deployedeitherarbitrarilyorusingsomepredefinedprovision.Itisusedtomonitorthephysicalor
environmentalcharacteristicssuchastemperature,pressure,humidity,soundetc.showninFigure1.
Thecollecteddataiscooperativelyforwardedtothebasestationforapplicationspecificdecisions.
Furthermoresensornodeshaveseriouslimitationsintermsofbatterylifetime,memoryconstraints
andcomputationalandcommunicationcapabilities.

Lotsofworkshavebeenproposedinthefieldofenergyefficientclusteringandroutingbutthey
haveseriouslimitationsintermsofimplementationcomplexity,loadbalancing,datafusionandthe
energyconservation.
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InaWSNmostoftheenergyisconsumedintransmission.Inordertomaximizenetworklifetime
wedividethenetworkintovirtualgroupsandCHssendtheirdatatotheBSeitherdirectlyorusing
multi-hoprouting.WehaveseveralwaysfortheselectionofCHs,herewehaveassumedourCHs
aresomespecialnodeshavingmoreenergythannormalnodes.Infactthesespecialnodesarealso
battery operated and consequently power constrained, thusplay a vital role in network lifetime.
Clusterformationisveryimportantandimproperdesignmaycauseoverload.Thus,overloadedCHs
increaseslatencyincommunicationandconsumesmoreenergyinturnminimizestheperformance
ofthenetwork.

In literature, we have several methods for load balancing, such as GA based load balanced
clusteringproblemforwirelesssensornetworks(GALBC)protocol(Kuliaetal.,2013).Theyhave
usedGAforminimizingthemaximumloadofeachgateway.Theproposedalgorithmdiffersfrom
the traditionalGAbecause itgenerateschildrenchromosomes thatensuresbetter loadbalancing
whereasintraditionalGAinwhichmutationpointisselectedrandomly.Theproposedstrategyof
generatinginitialpopulationmakestheproposedalgorithmconvergesfasterthanthetraditionalGA
but,ithasaseriousdrawback.Thismethodbalancestheloadofthegatewayswithoutconsidering
theirresidualenergy.Theproposedmethodisnotpracticalbecauseitforciblybalancestheloadand
inturnchoosestheincorrectnodewhichmaycreatenetworkfailure.

OurpresentedalgorithmEnergyEfficientLoadBalancedClusteringAlgorithmforWSNisa
GAbasedloadbalancedclustering-basedprotocolwhichisbetterthanGALBCbecauseitbalances
theloadbyconsideringtheresidualenergy.WehaveusedthesamemethodanddesignasGALBC
butwehaveaddedresidualenergyasaconstraints loadbalancing.Wehaveconductedgrievous
simulationsinourindigenoustooldevelopedinCprogramminglanguage.Theresultshowsthatour
proposedmethodisbetterthanGALBCintermsofenergyconsumption,numberofactivesensor
nodesandnetworklife.Therestofthepaperisorganizedasfollows.Therelatedworkisexplained

Figure 1. Sensor network
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inSection2.Section3describestheproposedmodel.SimulationresultsarepresentedinSection4.
Finally,Section5concludesthepaper.

2. RELATEd WoRK

LotsofworkshavebeenproposedinthefieldofclusteringandenergyefficiencyforWSNs.LiuX
(2012)proposedasurveyonclusteringroutingprotocolsinwirelesssensornetworks.Here,weare
presentingsomeofthereviewandresearchworkonthistopic.

LowEnergyAdaptiveClusteringHierarchy(LEACH)protocol(Heinzelman,2000)isapopular
TDMAbasedMACprotocolwhichimprovesthelifespanofWSN.LEACHprotocolusestwophases
namelyset-upphaseandsteadyphase.Itbalancestheloadofroutingbydynamicallyrotatingthe
workloadoftheCHsbetweenthesensornodes.Ontheotherhand,thelimitationofthisapproachis
thatitselectsanodeasCHwithoutconsideringitsresidualenergy.InadditiontothatinLEACHa
CHcommunicateswiththebasestationinasinglehop.

Someofthealgorithms(Liuetal.,2008;Alietal.,2008;Al-Refaietal.,2011;Tyagi&Kumar,
2013;Kulia&Jana,2012;Guptaetal.,2017;Hanetal.,2017;Nayak&Vathasavai,2017)havebeen
proposedforclusteringandroutingtoimproveclusteringprotocolbutithasseriousconnectivity
issueswithCHs.

Huruialaetal.(2010)havepresentedaGAbasedclusteringandroutingalgorithmdesignedto
extendthelifeofthenetwork.Itminimizestheenergyconsumptionandlatencybychoosingthebest
nodesascluster-heads.Thisalgorithmusesamulti-objectivegeneticalgorithmonthebasestation
andthencommunicateswiththenetwork.

AclusteringalgorithmbasedongeneticalgorithmhasbeenproposedbyMehr,M.A.(2011).It
usesdifferentparameterssuchasresidualenergy,requiredenergyneededtosendamessageandnumber
ofclusterheadstoincreasethenetworklifetime,buttheydonotconsideranyloadbalancingofCHs.

Kongetal.(2017)proposedageneticalgorithmbasedenergy-awareroutingprotocolforamiddle
layerorientedwirelesssensornetwork.Theproposeddesignhas twophases,selectingcandidate
middlelayerphaseandgeneticalgorithmphase.Theauthorclaimsthatthedesignlowersthetraffic
oftherelaystationswithfullcoverage.

Yuanetal.(2017)proposedaGAbased,self-organizingnetworkclustering(GASONeC)method
thatintroducesaframeworkfordynamicoptimizationofwirelesssensornodeclusters.GASONeC
usesresidualenergy,expectedenergyexpenditure,distancetothebasestation,andthenumberof
nodesforsearchinganoptimalanddynamicnetworkstructure.Thismethodenhancesnetworklife
upto43.44%becausenodedensitygreatlyaffectsthenetworklongevity.

Kumar&Rai(2017)proposedanenergyefficientandoptimized loadbalanced localization
method using CDS with one-hop neighborhood and genetic algorithm in WSNs. The proposed
algorithmusesgeneticalgorithmforbalancingandcalculatingthecomputationalloadamonganchor
nodesforlocationcalculation.Theyhaveusedanoptimizedbackbonetolocatetheunknownnodes.
Thisalgorithmimprovesthenetworklifetimebecauseitdistributesthecomputationalloadefficiently
amongtheanchornodes.

Kuliaetal.(2013)proposedaGAbasedclusteringalgorithmtosolveloadbalancingproblem.
InthisworktheyhaveusedGAforminimizingthemaximumloadofeachgateway.Theproposed
algorithmdiffersfromthetraditionalGAbecauseitgenerateschildrenchromosomesthatensures
betterloadbalancingwhereasintraditionalGAinwhichmutationpointisselectedrandomly.Thus,
theproposedstrategyofgeneratinginitialpopulationmakestheproposedalgorithmconvergesfaster
thanthetraditionalGA.Wehaveusedthispaperasourbasepaper.
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3. PRoPoSEd ARCHITECTURE

Theproposeddesignisverysimpleandefficient,andmeetstherequirementsofwirelessmicrosensor
networks.Thisworkinvolvesasetofnodes(microsensors)deployedmanuallyorrandomlyintothe
targetarea.InourproposedWSNmodeltherearetherearetwotypesofnodesinthenetwork,sensor
nodesandlessenergyconstraintclusterheads.Sensornodesareaccountabletosenselocaldataand
sendittotheirrespectiveCHs.While,theCHsreceivethedatafromtheirmembersensornodes,
aggregatethereceiveddataandforwardthemtotheirnext-hopClusterHead(CH)ortowardsthe
BaseStation(BS).Weareassumingtheallsensornodesarestationaryafterdeployment.Ascenario
oftheproposedarchitectureisgiveninFigure2.InWSNindividualnodesdataarecorrelatedto
obtainameaningfulresultusingahigh-levelfunctionofthedatathatdescribestheeventsoccurring
intheenvironment.

InthisworkweproposedaGAbasedmethodtominimizeenergydissipationinwirelesssensor
networks.Themethodiscluster-basedapproachlikeLEACH.Wehavetwophasesinourworknamely
set-upphaseandsteady-statephase.

Set-up Phase:Intheset-upphaseoneormoreclustersarecreatedonthebasisofsinglehopneighbors
oronehopdistance.TheonehopdistanceiscomputedonthebasisofCHandnormalnode
locationsasshowninFigure2.Aclustercontainsclusterheadandsensornodes(SN)/normal
nodes(NN).ItissimilartoLEACHandtheset-upphaseisperformedonlyonetime.Normal
nodesareassignedtotheclustersbasedontheirdistancestotheCHs.Thesenormalnodesjoin
intotheclustersonthebasisofonehopdistanceshowninFigure3.

LetCH=(x1,y1)andNN=(x2,y2),thentheEuclideandistanceiscomputedusing:

Figure 2. Proposed Architecture
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AsensorisinthecoverageareaofaclusterifEuclideandistanceislessthanorequaltothe
thresholdcommunicationrange.Ontheotherhand,whenaNNiswithinthecoverageoftwoor
moreCHs,thentheminimumEuclideandistanceisthebasisforselectingaNNasamemberforthe
cluster.IftwoormoreNNsareatthesamedistancefromtheNN,inthatcasetheNNisaddedto
anyoneoftheCHs.AclusterwithCHandNNsisshowninFigure4,inwhichNNsorSNsarein
thecoverageareaofCHandtheyareatonehopdistance.

Steady-state Phase:Inthisphase,nodescommunicatedirectlywiththeirCHsusingTimeDivision
Multiple Access (TDMA) technology. TDMA allows multiple accesses and share same
radio channel by dividing each channel into time slots to facilitate data transmissions. For
communicationwiththebasestationtheCHreceivesfromallnodes,thenfusesthedatapackets

Figure 3. Euclidean distance (d) between CH and NN

Figure 4. Cluster
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intoonepacketandsendsittothebasestation.IfallCHssendtheirdatatotheBS,aroundis
completed.

3.1. Energy Model
InthispaperwehaveusedthesameradiomodelforenergyasdiscussedbyHeinzelman(2000).This
modeltakesthedistancebetweenthetransmitterandreceivertochoosethefreespaceandmulti-path
fadingchannelsareused.Ifthedistanceislessthanathresholddcross,thenitchoosefreespace(frs)
modelelsethemultipath(mpath)model.Thus,totransmitl-bitmessageoveradistancedtheenergy
requiredbytheradioisgivenasfollows:

E l d
lElec frs d d d

lElec mpath d d d
cross
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Inordertoreceivethismessage,theradioexpends:

E l lElec
RX

( )= 

TheEelecistheelectronicenergyrequiredbythecircuit,anditdependsonseveralfactorssuch
asdigitalcoding,modulation,andfilteringofthesignal.Theparametersεfrsd2andεmpathd4arethe
energyrequiredbyamplifierinfreespaceandmultipathrespectivelyanditdependsontherequired
receiversensitivityandnoise.

3.2. Network Model
Inthisarticle,weassumeasensornetworkmodelsimilartoGALBC(Kuliaetal.,2013),butwehave
addedresidualenergyasaconstraintforloadbalancing.Ithasfollowingproperties:

• Thereisafixedbasestationlocatedfarawayfromthesensornodes.Inthestudy,wedonot
considertheenergyconsumptionoftheBSandassumethatithassufficientenergysupply.

• ThesetofsensornodesisdenotedbyS={s1,s2…,sn}.Allsensornodeshavesameconfiguration
andlimitedenergy.Eachnodehasthesamestartingenergyandtheyaregeneratingequaltraffic
inthenetwork.Allnodesarestationary.

• ThesetofClusterHeadisdenotedbyCH={CH1,CH2,CH3,…,CHm}.
• didenotesthetrafficloadcontributedbythesensornodesi,siÎS.
• CHjdenotesthesetofCHstowhichsensornodesjmaybeassigned.
• Eidenoteslifetimeof theclusterHeadCHi,calculatedusingEnergyconsumptionperround

ECon_P_Round(CHi)andresidualenergyofCHiEResidual(CHi):

Ei= EResidual(Chi) / ECon_P_Round(CHi)

• TdenotesthresholdenergyrequiredbyaCHtoparticipateintransmission.
• LibetheloadoftheclusterheadCHiandmaximumoverloadisdenotedas:

Minimize L L E CH CH
i i i

 = − ∀ ∈{ }max 
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Now,weaddresstheproblemoftrafficloadandresidualenergy:

Goal:Theobjectivefunctionistominimizetheoverallmaximumloadoftheclustersonthebasis
ofresidualenergy.

LetCijbeaBooleanvariablesuchthatCij=1,ifthesensornodesiisassignedtothecluster
headCHjandCij=0,ifitisnot.Thentheproblemintermsoflinearprogrammingapproachcanbe
formulizedasfollows:

Minimize L L E CH CH
i i i

 = − ∀ ∈{ }max 

subjectto:

C s S
ij

CH CH
i

j

= ∀ ∈
∈
∑ 1  (2)

d C L CH CH
i ij

s S
j

i

× ≤ = ∀ ∈
∈
∑ 1  (3)

Ei T>  (4)

The above constraints (2), (3) is similar to GALBC with an additional constraint (4). Here
constraint(2)indicatesasensornodecanbeassignedtoonlyoneCH,constraint(2)describesthat
thetotalloadallthesensornodesassignedtoaCHandshouldbelessthanorequaltotheoverall
maximumloadofthegatewayandthethirdconstraintdenoteslifetimeofCHishouldbegreaterthan
orequaltosomethresholdenergyrequiredbyaCHtoparticipateintransmission.

3.3. Genetic Algorithm (GA)
The genetic algorithm is a method generally used for solving constrained and unconstrained
optimizationproblems.Thismethodisbasedontheprocessofnaturalselectiondrivesfrombiological
evolution.Thegeneticalgorithmstartswithsomeknownsolutionsknownasinitialpopulationand
repeatedlymodifiesthesolutions.Firstly,thisalgorithmselectsindividuals/chromosomesfromthe
initialpopulationandusethemgeneratethechildrenforthenextgeneration,andwegetanoptimal
solutioninsuccessivegenerations

Ineachstepitfollowsthreebasicrulestogetthenextgenerationfromthecurrentpopulation:

• Selection:This rule selects the individuals commonlyknownasparents, used to create the
populationforthenextgeneration.

• Crossover:Thisrulecombinestwoparentstoproducechildrenforthenextgeneration.
• Mutation:Thisrulepertainarbitrarychangestoindividualparentsneededtoformchildren.

WehaveshownthestepsofasimpleGAintheflowchartinFigure5.Theproposedalgorithm
differsfromthetraditionalGAintermsofgenerationofinitialpopulationandmutation.Thisalgorithm
isamodifiedversionofGALBC.
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3.4. Proposed Algorithm
Clusterformationisveryimportantandimproperdesignmaycauseoverload.Thus,overloadedCHs
increaseslatencyincommunicationandconsumesmoreenergyinturnminimizestheperformance
ofthenetwork.Theproposedalgorithmbalancestheloadbyconsideringtheresidualenergy.We
haveusedthesamemethodanddesignasdiscussedGALBC,butwehaveaddedresidualenergyas
aconstraintforloadbalancing.

3.4.1. Gene and Chromosomes
AchromosomeisacollectionofgenesforexamplethestringofCHs(Chakrabortyetal.,2011).It
isanorderpairofGeneIndexesandGenevalues.Forexample,ifKijdenotesachromosome,thenit
impliesthatasensornodesiisassignedtoCHj.Achromosomeisdefinedasanintegerstringofsize
mandeachchromosomeencodesanarrangementofCHs.Ifwehavemnumberofgenesthenthere

Figure 5. Flow Chart
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ism!numberofarrangements.Table1showsachromosomecontaining5genes,theGeneIndexes
areshowninFirstRowandGenevalueisshowninSecondRow.

3.4.2. Initialization
AninitialpopulationisgeneratedfromarandomlysetofchromosomeswhichisastringofCHs.
ThisstepissimilartoGABCLalgorithm.Wehaveusedthesamestrategyforthegenerationofinitial
populationbecauseGALBCalgorithmconvergesfasterthanthetraditionalGA.Wehaveshownthe
initialpopulationgenerationmethodinFigure6.Themethodrandomizesthegenesofthenormal
andmodelchromosomes.

3.4.3. Selection
Theselectionprocessdetermineshowweselectchromosomesforreproductiononthebasisoffitness
value.Inthisstep,weusedroulettewheelsamplingforselectingthechromosomesonthebasisof
fitnessvalues.Inthismethodafixedpointisselectedonthewheelcircumferencewhenthewheelis
rotated.Theprobabilityofchoosinganindividualchromosomeusingroulettewheelsamplingmethod
directlydependsonitsfitnessvalue.TheSelect()methodisshowninFigure7.

3.4.4. Crossover
Inthisoperation,morethanoneparentchromosomesareselectedandoneormoreoff-springsare
producedusingseveralmethodssuchasonepoint,twopoint,anduniformcrossover.Inone-point
crossover,weselectarandomcrossoverpointandthetailsofthetwoparentsareswappedfornew
off-springs.

Table 1. An analogy to represent a string of CHs in terms of Gene and Chromosome

0 1 2 3 4 →GeneIndexes

2 4 7 5 3 →GeneValue

Figure 6. Initialize_Population() method
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Theprocessofcrossoverisgivenbelow:

ChromosomeX:10010011
ChromosomeY:10110101

Ifwewantcrossoverfromthepoint||(onepointcrossover):

ChromosomeA:1001||0011
ChromosomeB:1011||0101

Aftercrossoverwegetthefollowingchromosomes:

NewChromosomeA:10010101
NewChromosomeB:10110011

3.4.5. Mutation
Mutationisasmallrandomtweakataselectedgeneinthechromosome,toobtainanewsolution.In
thisstepwehaveusedthesametechniqueasGALBC,butwehaveaddedadditionalresidualenergy
asaconstraintforloadbalancing.Weselecttheclusterheadfromthechromosomehavingmaximum
optimumloadcomputedusingthegivenequation:

OLi=Li-Ei (5)

Inthisprocess,weselectagenerandomlyandreplaceitsCHonthebasisofOLusingequation
5.ThecrossoverandmutationispresentedusingRe_produce()methodshowninFigure8.

3.4.6. Fitness Function
Evolutionaryalgorithmsneedametricfunctioninordertocompareandevaluatethefittestcandidate.
WehavemodifiedtheGALBCfitnessfunctionbyaddingtheresidualenergyconstraint.Ourfitness

Figure 7. Select () method
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functionisconstructedonthebasisofthestandarddeviation(s)oftheclusterheadloadandresidual
energy.LetusconsideraWSNinwhichwehavemnumberofCHsandnnumberofsensornode.
Thenthefitnessfunctionisgivenby:

σ =
−( )

=
∑ A OL

m

j
j

m 2

1  (6)

where:

• Adenotesaverageloadcalculatedusingthegivenfunction:

A d m
i

i

n

=
=
∑ /

1

 (7)

• didenotesloadofthesensornodesi;
• OLjistheoptimumloadoftheCHj.

Thefitnessfunctionimpliesthatifstandarddeviationislower,itindicatesahigherfitnessvalue.
TheEvaluateChromosome()methodisshowninFigure9.

Figure 8. Re_produce() method
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4. SIMULATIoN RESULTS

WehaveconductedgrievoussimulationsinourindigenoustooldevelopedinCprogramminglanguage.
WehavetakentheresultofGALBCandcomparedtheresultsetwithourproposedmethod.Theresult
showsthatourproposedmethodisbetterthanGALBCintermsofenergyconsumption,numberof
activesensornodesandsensorlife.

4.1. Simulation Run
Our indigenous tool starts the simulation using the Execute() method shown in Figure 10. This
methodfirstinitializethegenerationandthencalltheInitializePopulation()methodtogettheinitial
population.ThenitcalltheEvaluateChromosome()methodtogettheperfectgeneration.Ifperfect
generationmanagestheloadasperOLvaluethenitstopsotherwiseitreproducenewgenerationby
callingtheRe_Produce()function.

TheoutputofourtoolisshowninTable5.WehavetakenaWSNof12sensornodesand4
CH,i.e.,S{s1,s2…,s10}andCH{CH1,CH2,CH3,CH4}.Afterthattheselect()methodgeneratesan
individualfromtheinitialpopulationshowninTable2.Inthisworkwehavecalculatedtheoptimum
load(OL)showninTable3usingequation5.ThenageneisselectedonthebasisofminimumOL
showninTable3.GALBCreplacessensornodegatewayonthebasisofmaximumloadwhichisCH3
orCH4inthisexample.Thus,wecanseethatitisnotaperfectchoicebecauseoflimitedresidual
energy.But,ouralgorithmreplacesaCHonthebasisofOLanditisagoodchoicebecauseofthe
additionalenergyconstraint.

ApositivevalueindicatesthatCH4haslessenergy.
Table4showsthatGALBCalgorithmreplacessensornodes11and12toeither3or4asper

maximumload,butreplacingCHonthebasisofmaximumloadisnotpractical.

Figure 9. EvaluateChromosome() method
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Table5showsthatMGALBCalgorithmreplacessensornodes11and12toCH2onthebasis
ofOL.Thus,ourproposedalgorithmisbetterthanGALBC,becauseitreplacesthecorrectnodeon
thebasisofOL.

Figure 10. Execute() method

Table 2. Chromosome representation

S 1 2 3 4 5 6 7 8 9 10 11 12

CH 1 2 1 2 2 1 3 4 1 4 1 1

Table 3. Calculation of optimum load (OL)

CH 1 2 3 4

L 6 3 1 2

E 10 10 1 2

OL -4 -7 0 0

Table 4. GALBC Output

S 1 2 3 4 5 6 7 8 9 10 11 12

CH 1 2 1 2 2 1 3 4 1 4 3or4 3or4

Table 5. MGALBC Output

S 1 2 3 4 5 6 7 8 9 10 11 12

CH 1 2 1 2 2 1 3 4 1 4 2 2
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4.2. Comparison
Wehavegeneratedfrequencypolygonsrepresentinglifedistributionsofsensornodes,associated
frequency tables, andclassdistributions.Thesedata relate lifeof sensornodes.Table6and
Table7showsassociatedfrequencytables,classdistributionsandadditionalinformationof100
sensornodes.WehavegatheredthesedatadistributionusingGALBCandMGALBCalgorithm.
ThehistogramshowsthatwehaveachievedbetterresultthanGALBCintermsofsensorlife
inturnnetworklife.

Figure 11 shows the histogram representing the frequency distribution of 100 sensor nodes
createdusingSocialScienceStatisticstool(SocialScienceStatistics,2017).

Figure12andFigure13showstheComparisonoftheproposedmethodwithGA(Hussainet
al.,2007)andGALBC(Kuliaetal.,2013)intermsofactivesensornodesperroundandenergy
consumptionperround.Ourproposedalgorithmhasmoreactivesensorsaswellasconsumesless
energythanGALBC.

Figure14andFigure15showsthecomparisonoftheproposedmethodwithGA(Hussainetal.,
2007)andGALBC(Kuliaetal.,2013)intermsofminimumexecutiontimeandloadofthesensor
nodes.OurproposedalgorithmtakesminimumexecutiontimecomparedtoGAandGALBCaswell
asmanagesloadbetterthanGAandGALBC.

5. CoNCLUSIoN

Inthispaper,wehavemodifiedtheGAbasedloadbalancedclusteringalgorithmforWSN
(GALBC).InGALBC,authorshaveusedGAforminimizingthemaximumloadofeachgateway.

Table 6. GALBC Polygon

Frequency (GALBC)

Class Count

5-54 0

55-104 20

105-154 16

155-204 19

205-254 15

255-304 13

305-354 5

355-404 4

405-454 7

455-504 1

505-554 0

Polygon 2

Lowest Score 55

Highest Score 465

Total Number of Scores 100

Number of Distinct Scores 85
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GALBCconvergesfasterthanthetraditionalGAbut,ithasaseriousdrawback.Thismethod
balancestheloadofthegatewayswithoutconsideringtheirresidualenergy.GALBCisnota
practicalmethodbecauseitforciblybalancestheloadandinturnchoosestheincorrectnode
whichmaycreatenetworkfailure.OurproposedalgorithmisbetterthanGALBCbecauseit
balancestheloadbyconsideringtheresidualenergy.Wehaveusedthesamemethodanddesign
asdiscussedinGALBCbutwehaveaddedresidualenergyasaconstraintsloadbalancing.
WehaveshownthatGALBCalgorithmreplacesaCHonthebasisofmaximumload,butour
algorithm replaces aCHon thebasisofoptimum load (OL).Wehaveconductedgrievous
simulationon100sensornodesandgathereddatausingbothalgorithms.Theresultshows
thatourproposedmethodisbetterthanGALBCintermsofenergyconsumption,numberof
activesensornodes,andnetworklife.

Table 7. MGALBC Polygon

Frequency (MGALBC)

Class Count

5-54 0

55-104 1

105-154 21

155-204 19

205-254 21

255-304 10

305-354 12

355-404 6

405-454 5

455-504 5

505-554 0

Polygon 1

Lowest Score 101

Highest Score 500

Total Number of Scores 100

Number of Distinct Scores 85

Lowest Class Value 5

Highest Class Value 554

Number of Classes 11

Class Range 50
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Figure 11. Frequency distribution of 100 sensor nodes

Figure 12. Active sensor nodes per round



International Journal of Embedded and Real-Time Communication Systems
Volume 12 • Issue 1 • January-March 2021

60

Figure 13. Energy consumption per round

Figure 14. Execution Time
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Figure 15. Standard Deviation of Equal Load
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