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ABSTRACT

Theproblemofnodeplacementinaruralwirelessmeshnetwork(RWMN)consistsofdetermining
routerplacementwhichminimizesthenumberofrouterswhileprovidinggoodcoverageoftheareaof
interest.ThisproblemisNP-hardwithafactorialcomplexity.Thisarticleintroducesanewapproach,
calledthesimulatedannealing-basedcentreofmass(SAC)forsolvingthisplacementproblem.The
intentofthisapproachistoimprovetherobustnessandthequalityofsolution,andtominimizethe
convergencetimeofasimulatedannealing(SA)approachinsolvingthesameprobleminsmalland
largescale.SACiscomparedtothecentreofmass(CM)andsimulatedannealing(SA)approaches.
Theperformancesofthesealgorithmswereevaluatedonasetof24instances.Theexperimentalresults
showthattheSACapproachprovidesthebestrobustnessandsolutionquality,whiledecreasingby
halftheconvergencetimeoftheSAalgorithm.
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1. INTROdUCTION

TheninthUnitedNationsSustainableDevelopmentGoalistobuildresilientinfrastructure.Oneof
histargetsistosignificantlyincreaseaccesstoICTandstrivetoprovideuniversalandaffordable
accesstointernetinLeastDevelopedCountriesby2020.Universalandaffordableaccessmeans
“LeaveNoOneBehind”.Butthebulkoftheunconnectedislocatedinruralandhard-to-wireareas,
with technicalandfinancial limitations.Fortunately,WirelessMeshNetwork(WMN)(Akyildiz,
Wang,&Wang,2005)hasappearedasanappealingcost-effectivesolution tobridge thedigital
divideandtoconnecttheunconnected.AWirelessMeshNetwork(WMN)isawirelessnetworkin
whichnodesareconnectedinameshtopology.Itisbasedonoff-the-shelfWi-Fitechnology.For
economicreasons,RuralWirelessMeshNetworks(RWMN)are typicallycomposedofonlyone
gatewayandasetofmeshrouters(MRs)whichaimtocoveronlyareasofinterestinthelocality.
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ThesolegatewayusuallyconnectsthenetworktoInternetviaalastmilesolutionsuchasVSAT.The
successoftheplanningofsuchnetworksdependsonthedeterminationofanoptimalplacementof
meshnodeswhichprovidesgoodcoveragewhilerequiringfewestnodes.Theplanningofwireless
networksinruralregionsismorecoverage-driventhancapacity-driven(Bernardi,Marina,Talamona,
&Rykovanov,2011),whichmeanswearemoreconcernedbytheareatocoverthanthecapacity
toprovide.Theaimduringtheplanningistominimizetheoverallcostofthearchitecture,while
maximizingthecoveragepercentageoftheareaofinterest.Forrealisticdeploymentscenarios,the
problemofmeshnodeplacementisaNP-hardcombinatorialoptimizationproblemwhichcannotbe
solvedinpolynomialtime.Thisiswhymetaheuristicsareusuallyrequiredtooptimizetheplanning.

Convergencetimeandrobustnessareimportantissueswhenitcomestodevelopingorapplying
astochasticoptimisationtechnique.Simulatedannealing(SA)isaprobabilisticglobaloptimisation
technique used in large search spaces, which accepts some non-improving solutions in order to
escapelocaloptima.SinceitsintroductionbyKirkpatricketal.(1983),SAhasbeenappliedtoa
largevarietyofoptimizationscenarios,includingtheproblemofnodeplacementinRuralWireless
MeshNetworks(RWMN).SeveralyearsofexperienceusingSAhasledtothefollowinggeneral
observations(Ingber,1989):

• SAyieldshigh-qualitysolutions,butmayrequirelargeamountsofcomputationtime;
• SAisespeciallyadvantageousinpracticalsituations,wheretailoredalgorithmsareunavailable,

duetoitsgeneralapplicabilityanditseaseofimplementation.

SeveralauthorshaveattemptedtoreducetheconvergencetimeforSAalgorithms(Varanelli&
Cohoon,1999;Yuping,Shouwei,&Chunli,2005).Otherauthorshaverecentlytriedtoimprovethe
solutionqualityofSAbyprovidinghybridapproaches(Ezugwu,Adewumi,&Frîncu,2017;Chen,
Chien,Chena,&Chiena,2011;Yannibelli&Amandi,2013;Jia,Ma,Wang,&Liu,2011).Inthispaper,
wetackletheproblemofimprovingthequalityofsolutionandtherobustnesswhileminimisingthe
convergencetimeoftheSAapproachinsolvingtheproblemofnodeplacementinaRuralWireless
MeshNetwork(RWMN).Weconsiderthenetworkmodelproposedin(Fendji,Thron,&Nlong,
2015).Inthismodel,agivenareatocoverisdecomposedintoelementaryareaswhichareidentified
as“required”or“optional”intermsofcoverage,and“possible”or“notpossible”intermsofnode
placement.Weconsideralsothepresenceofobstaclesthatcanhindertheconnectivity.Theaimis
thereforetodeterminethelocationofmeshrouterswhichmaximizesthecoverageofareaofinterest
whileensuringtheconnectivity.Toreachthisgoal,aplacementapproachbasedonthecalculation
ofthecentreofmass(CM)ofareacoveredperrouterisproposed.Thisapproachislatercombined
withtheSAapproachdefinedin(Fendji,Thron,&Nlong,2016)inordertoobtainahybridmethod,
SimulatedAnnealingbasedCentreofmass(SAC).

Therestofthepaperisorganizedasfollows:Section2brieflypresentsrelatedworkinWMN
design. Section 3 defines the network model and formulates the placement problem. The SA
optimizationtechniqueispresentedinSection4.Section5explainsthethreedifferentapproaches
(SA,CM,SAC).Section5presentstheexperimentalsetupandcomparestheperformanceofthe
differentapproaches.Thispaperendswithaconclusionandfuturework.

2. deSIGN OF wIReLeSS MeSH NeTwORK

MuchresearchhasbeenconductedinthedesignofWMNs:typically,theaimistooptimizesome
criteriarelatedtothenetworkconfigurationoroperation.AgoodsurveyonthedesignofWMNs
canbefoundin(Benyamina,Hafid,&Gendreau,2012),inwhichthedesignproblemisclassified
accordingtotheflexibilityofthenetworktopology:fixed(predefined)andunfixed(not-predefined).
Wediscussthesetwocategoriesbelow.
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2.1. Predefined Topology
Inpredefinedtopologies,eachmeshrouterisinstalledinapredefinedlocationandcannotbemoved
elsewhere.Theplanningprobleminvolvesimprovingthewayeachnodeinthenetworksendsand
receivesinformation.Inparticular,efficientuseoftransmissionchannelscanreduceinterference
andincreasethecapacityofthenetwork(Gupta&Kumar,2000).Someapproachesincludenew
MACprotocols(Garces&Garcia-Luna-Aceves,2000;Darties,Theoleyre,&Duda,2009);channel
bondingtechnique(Xu,Yamamoto,&Murata,2008);crosslayerdesign(Akyildiz&Wang,2008;
Fu,Xiao,Deng,&Zeng,2014);networktopologycontroldesign(Liu&Liao,2009;Marina,Das,
&Subramanian,2010);networkvirtualbackboneconstruction(F.Wang,Thai,&Du,2009);multi-
channelroutingalgorithms;channelassignmentschemes(Das,Alazemi,Vijayakumar,&Roy,2005;
Chaudhry,Hafez,Aboul-Magd,&Mahmoud,2010);andjoiningapproaches.Aninterestingsurvey
injoiningapproachesisfoundin(Pathak&Dutta,2011).

2.2. Not-Predefined Topology
Innot-predefinedtopology,theplanningproblemaimstooptimallyplacethenodesofthenetwork:
Internetgateway(s),meshrouters,orboth.

2.2.1. Internet Gateway(s) Placement
TheInternetgateway(s)placementproblemhasreceivedmuchattention,sincethegatewayisthe
mainmechanismforinternetworkingandismoreexpensivethansimplemeshrouters.Thenumberof
Internetgateway(s),theirlocationandthenumberofhopsinthenetworkhaveadirecteffectonthe
performance,thescalability,andtheoverallcostofthenetwork.Planningapproachesintheliterature
fallintotwocategories:cluster-basedapproaches,wherethenetworkispartitionedintosubsetsof
nodes,eachsubsetbeingservedbyoneInternetgateway(Aoun,Boutaba,Iraqi,&Kenward,2006;
Tang,2009;DjoharaBenyamina,Hafid,&Gendreau,2009;Jingzhi,Jianxiao,&Zhifeng,2009);
andnon-clusteringapproaches,whichconsiderthenetworkasawhole(Zhou,Wang,Manoj,&Rao,
2010;Franklin&Murthy,2007;Xin&Wang,2009;WenjiaWu,JunzhouLuo,&MingYang,2009).

Althoughtherearedifferentobjectivesindifferentgatewayplacementproblems,theyalltake
intoaccounttheplacementofmeshrouters.

2.2.2. Mesh Router Placement
Inbasicmeshrouterplacementproblems,theInternetgatewaysaretakenasfixed,andmeshrouter
locationsaresoughtwhichoptimisetheobjective(s)subjecttogivenconstraints.Forexample,in
(Sen&Raman,2007),theauthorstakeanexistinglandlinenodeastheInternetgateway,andobtain
alow-costsolutionthatconnectsneighbourvillages.Thecostsrelatedtotheheightoftheantenna
towersandthemulti-hoptopologyareminimizedsubjecttothroughput,powerandinterference
constraints.(Chen&Chekuri,2007)considertheplanningofarobustandfault-toleranturban
WMNcomposedofmeshroutersthatusedirectionalantennas.Theaiminthisplanningproblem
isthemaximisationofthedeploymentprofitexpressedintermsofamountofservicesprovided,
whilemaintainingthecostwithinthebudget.In(Roh&Lee,2010),theauthorsconsiderawireless
networkthatconsistsofmultiplefixednodesandasinglerelaynodethathascontrollablemobility.
Theobjectivewastomaximisetheweightedthroughputofanodethatachievesthelowestweighted
throughputamongallnodes.

2.2.3. Planning From Scratch
Unlike thebasic placement problemsdescribed above, inmost practical situations themesh
routerplacementandgatewayplacementproblemsarenottakenindependently,butratherare
differentaspectsoftheoverallnetworkplanningproblem.Werefertosuchcasesasplanning
thenetwork“fromscratch”.Planninganetworkfromscratchconsistsnotonlyinfindingthe
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optimallocationsandnodetypesinthenetwork,butalsoindeterminingajudiciousnumberof
interfacesandchannelassignmentforeachnodewhileminimizingthecostandensuringthe
connectivity,therequiredcoverageandaminimumQoS.(Wang,Xie,Cai,&Agrawal,2007)
provideanapproachfornodeplacementwherethesetofcandidatepositionsispredetermined.
Theaimistodetermineaminimumsetofpositionssatisfyingnetworkcoverage,connectivity
andInternettrafficdemandrequirements.(Beljadid,Hafid,&Gendreau,2007)addressasimilar
problemwith theobjectiveofminimising theoverall costof thenetwork. (Amaldi,Capone,
Cesana,Filippini,&Malucelli,2008)formulatetheplanningmodelofaWMNconsideringthe
coverageand topologyplanningfor realsizenetworks (60nodes).Theyuseamixed integer
linearprogrammingmodeltosolvetheirplacementproblem.(Wu,Luo,&Yang,2010)definethe
WMNplacementproblemasanintegerlinearprogram.Theyproposeamethodfordetermining
meshaccesspointlocations,Internetgatewayselectionandmeshrouteradditionwiththeaim
ofminimisingthecostofthenetwork.

TheearliestresearchinWMNplanninguseddeterministicmethodstosolvethenodeplacement
problem,afterformulatingitasasingle-objectivelinearprogrammingproblem.Themaindrawback
ofthisformulationistherestrictionofthenetworksize,especiallywhenthenumberofconstraints
is important.For realistically-sizednetworks,probability techniquesareused, including:genetic
algorithms(GA)(DeMarco,2009),(Xhafa,Sanchez,&Barolli,2010);ParticleSwarmOptimisation
(PSO)(Benyamina,Hafid,&Gendreau,2008),(Benyamina,Hallam,&Hafid,2008);Simulated
Annealing(SA)(Xhafa,Barolli,Sanchez,&Barolli,2011);andadhocandneighbourhoodsearch
method(Xhafa,Sanchez,&Barolli,2009).

Some researchersprovideamulti-objective formulation for theWMNplanningproblem. In
(Xhafaetal.,2011),theproblemisdefinedasahierarchicalmulti-objectiveoptimizationproblemin
whichapriorityisdefinedbetweenthetwoobjectivesofcoverageandsizeofthegiantcomponent
(connectivity).Anon-hierarchicalmulti-objectiveformulationbasedonParetooptimisationisprovided
in(Benyamina,Hafid,&Gendreau,2008a).

2.3. wMN Planning in Rural Regions
WMNplanninginruralregionsisusuallyframedasameshrouterplacementproblem,asin(Sen
&Raman,2007)whereindifferentvillagesareconnectedfromalandlinenode.WMN’sinrural
regionsareusuallycomposedofasetofmeshroutersandasolegatewaythatconnectsthenetwork
totheInternetviaalastmilesolutionsuchlikeVSAT.ThisisthecaseofMachanetworkinZambia
(Backens,Mweemba,&VanStam,2010).

ThemainconstraintwhenplanningaruralWMNis thecostof thesolution.Sincerural
populationsaretypicallysparselydistributed,plannersmayreducecostwithoutsignificantly
affectingservicebyservingonlyareaspresentingthehighestpotentialusage.Usersaretypically
notfixed,sothecoverageconstraint ismoreappropriatelyexpressedasaspecificationofan
arearatherthanasetofclientstoserve.Inthisconfiguration,theplanningproblemresembles
basicnetworkplanningwithonlythelocationoftheInternetgateway(IGW)takenasknown.
Figure1illustratesaRuralWirelessMeshNetworkwithasolegatewayconnectedtoInternet
viaVSAT.Incontrast tourbanregionswheretheplanningofnetworksis typicallycapacity-
driven,inruralregionstheplanningofnetworksisrathercoverage-driven(Bernardietal.,2011).
Coverage-drivenplanningisespeciallyappropriateinsituationswhenmostoftheapplications
accessiblethroughthenetworkaretextandaudio-basedratherthanvideo-based:thisisoften
thecaseforruralWMN’s.

Theworkbegunin(Fendji,Thron,&Nlong,2014)andextendedin(Fendjietal.,2015)introduces
anewplacementproblemofmeshroutersinaruralregion.Regionstobecoveredaredecomposedinto
smallelementaryareaswhichmayormaynotrequirecoverageorbeavailablefornodeplacement.
Aplacementapproachbasedonmetropolisalgorithmhasthereforebeenused.
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3. FORMULATION OF THe PLACeMeNT PROBLeM

Inpreviousworks,thecoverageconstrainthasbeenusuallyrepresentedasasetofclientsdistributed
inaregion.Following(Fendjietal.,2015),hereweconsiderinsteadthecoverageconstraintasan
areatocover.Inthisplacementproblem,agivenregioniscomposedofareasofinterestthatshould
becovered.Thecoverageofaregionisconsideredasoptionalwhenthisregionisnotofinterest.
Agivenregioncomprisedalsoprohibitedareaswhereanodecannotbeplaced(lake,river,road,
etc.),andasetofobstaclesthatcouldhindertheconnectivity.Theareatocoverismodelledasa
two-dimensional irregularformina two-dimensionalcoordinateplane.Weconsider thesmallest
rectanglethatcancontaintheirregularform,anddividethisrectangleintosmallsquareswhichare
indexedbyapairofintegers(x,y).Thesesquaresarecalledelementaryareas(EA).EachEAcan
beofoneormoretypes:

• EAI:ElementaryAreaofInterest
• OEA:OptionalElementaryArea
• NEA:Non-line-of-sight(NLOS)ElementaryArea
• PEA:ProhibitedElementaryArea

Figure2illustratestheresultofadecompositionofaregionintoasetofEA.WhenanEAis
notanEAI,itisautomaticallyanoptionalEA(OEA);thatmeansanEAiseitheranEAIoranOEA.
However,anEAIcanbeaNEAoraPEA.ThenetworkhasasingleInternetgateway,labelledasIGW.

Inordertodescribethesituationmathematically,wecandefineseveraltwo-dimensionalmatrices
tocharacteriseeachEAtype:thematrixCoverindicateswhetherornotanEArequirescoverage;Place
indicateswhetherornotwecanplaceanodeinanEA;CoverDepthindicatesthenumberofrouters
coveringanEA;andPathlossindicatingwhetherornotanEAcontainsanobstacle.Specifically,
matrixentriesforposition(x,y).aredefinedby(1-4):

Figure 1. A rural wireless mesh network
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Thefollowingexpressionsareconsidered:

• Theareatocoverisdenotedby ⊂ ×N� N ,sinceitisdiscretizedintoelementaryelements;
• M R R R

nr
= … }{ 1 2

, , , isthesetofmeshrouters;

• Eachmeshrouternodehasauniqueintegeridentifier j nr� � ,�∈

1 ;

• ThesetsofEA,EAI,andPEAarerepresentedrespectivelyby ,i ,andp ;
• ThenumberofEA,EAI,andPEAaregivenrespectivelyby n

ea
=  , n i

eai
=  ,

and n p
pea
=  ;

• ThesetofEAcoveredbyR j N
j
, ,∈


 ∩1  isrepresentedbyC

j
 ;

Figure 2. Example of the decomposition of an area into EA
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• ThesetofEAIcoveredbyR j N
j
, ,∈


 ∩1  isrepresentedbyC i

j
 ;

• ThesetofEAIcoveredbyR j N
j
, ,∈


 ∩1 N�aloneisrepresentedbyC is

j
 ;

• ThenumberofEAIcoveredbyR j N
j
, ,∈


 ∩1  isrepresentedbyCov C i

j j
=  ;

• ThenumberofEAIcoveredbyR j N
j
, ,∈


 ∩1  alongwithatleastoneotherMRisrepresented

bymCov C m
j j
=  ;

• ThenumberofEAIcoveredby � ,� � ,�R j N
j
∈


 ∩1  aloneisrepresentedbysCov C s

j j
=  ;

• ThecentreofmassofthesetofEAIcoveredbyR j N
j
, ,∈


 ∩1  isrepresentedby  CM

j
.

Letp beanEAatposition x y,( ).IfRj islocatedinp,thenthesetofEAscoveredbyR
j
isgivenby(5):

C
j j
 = ( ) −( ) + −( ) <{ }a b x a y b r, ,

2 2 2 withCov C
j j
=   (5)

ForanyR j N
j
, ,∈


 ∩1  ,thefollowingequationshold:

C s C m
j j

 ∩ = ∅  (6)

C s C m C i
j j j

  ∪ =  (7)

3.1. Assumptions
Tosimplifytheproblem,weassumethattheattenuationfactorofanyobstacleinthelineofsightbetween
tworoutersishighenoughtopreventanywirelesslinkbetweenthoserouters.Wealsoassumethatallrouters
areequippedwithanomnidirectionalantennaandhavingthesametransmissionrange.Thetransmission
rangeisexpressedinunitsofEAwidth,soforexampler=6meansthattheradiusstretchesacross6EAs.

Themeshrouterplacementprobleminruralregionscanbedescribedasthedeterminationof
aminimumsetofpositions,whichmaximizesthecoverageofareasofinterest,whileminimising
thecostofthearchitecture.Thiscostcanbeminimisedjustbyminimisingthenumberofrouters
requiredtocovertheregion.

Thebasicplacementproblemofnrroutersinthisarearequirestheevaluationofthenumberof
combinationsgivenby(8)forcheckingtheoptimalcoverage:

C
p

n p n
p

n

r r

r

 

 

 −
=

−( )
− −( )

!

! !
 (8)

Forareal-lifescenario,wesuppose = ×50 50, r=60, p = 100 .Wealsosupposethat

halfof theregionisoptional in termsofcoverage.Thus, i = =
50 50

2
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* .Therefore, the
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This number increases exponentially with the size of   and nr . Since the number of
combinationsistoohigh,anexhaustivedeterministicalgorithmisnotpracticallypossible.Therefore,
ameta-heuristicshouldbeused.

4. SIMULATed ANNeALING BASed CeNTRe OF MASS (SAC)

ThissectiondiscussesthetwobasicalgorithmsthatarecombinedtoobtaintheSACalgorithmfor
solvingtheproblemofmeshnodesplacementinRWMN.

4.1. Simulated Annealing Algorithm
TheSAalgorithmhasbeendevelopedby(Kirkpatricketal.,1983).Itisinspiredfromtheannealingprocess
inmetallurgyandmaterialscience,wherebyasubstanceisheatedtoaspecifictemperatureandthenslowly
cooledtoreducethedefectsandtoobtainastrongcrystallinestructurereachingaminimal(optimal)energy
level.TheenergychangesinthecoolingprocessofasystemaresimulatedbytheSAalgorithmuntilan
equilibriumstate(anoptimum)isreached.Thefirstdevelopmentofanoptimisationtechniquebasedon
anannealingprocessdatesbacktoMetropolis(Metropolis,Rosenbluth,&Teller,1953).

4.1.1. Basic Algorithm
TheSAalgorithmproceedsasfollow:First,aninitialsolutionisgenerated;severaliterationsareperformed
fromthissolution.Anewrandomsolutionisgeneratedateachiteration.Ifthesolutionimprovesthevalue
oftheobjectivefunction,itisdirectlyaccepted.Otherwise,thisnon-improvingsolutionisacceptedwith
aprobabilitydependingonthecurrenttemperatureT andthedifference∆E .betweenthevalueofits
objective function f s '( )  and thatof theprevious solution f s( ) .Since the temperaturedecreases
progressively,theprobabilityofacceptingnon-improvingsolutionsalsodecreases.Usually,theprobability
intheSAalgorithmfollowstheBoltzmanndistributiongivenin(9)(Talbi,2009)(Algorithm1):

P E T e
E

T∆( ) =
−∆

,  (9)

ThebasicversionoftheSAalgorithmisgiveninAlgorithm1.

Algorithm1.Simulatedannealingformaximisingproblem

Input: f  . the objective function to be maximised
Output: s . the best solution found
Begin
  T �:= T

initial
; s := InitialSolution(); v := f s( )

  while (stopping condition not met) do
    while (equilibrium condition not met) do
      s’ := GenerateSolution()
      v’:= f s’( )
      ∆E := � ’v v−
      if ∆ ≥E 0  then s = s’

      else accept s’ with probability e
E

T
−
∆

    Update (T).
  Return s
End
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4.1.2. Influencing Parameters
Several parameters influence the efficiency of the SA algorithm, and should be optimized in
ordertominimizethecomputationaltime.Themainparametersare:theinitialtemperature,the
equilibriumstate, the temperatureupdatescheme, theacceptanceprobability,and thestopping
condition(Talbi,2009).

4.1.3. Initial Temperature
The initial temperature should not be too high in order to avoid the cooling process to be time
consumingintheSAalgorithm.Butitshouldalsonotbetoolowtoescapefromlocaloptimawhich
maybeneartheinitialsolution.

4.1.4. Equilibrium State
Anequilibriumstateshouldbereachedateachtemperature;thenthetemperatureisdecreased.Two
possiblestrategiesmaybeusedtoindicateanequilibriumstate:staticoradaptive.Forthestaticstrategy,
thenumberofmovestoperformateachtemperatureispredefined:thisstrategyhasdrawbacksin
thatthenumberofiterationscanbetoolong(increasingtherunningtimeofthealgorithm)ortoo
short(leadingtosuboptimalsolutions).Fortheadaptivestrategy,thenumberofmovesisdynamic:
forinstance,agivennumberofmoveswithoutimprovementofthesolutioncanbeconsideredasa
sufficientconditiontoupdatethetemperature.

4.2. Temperature Update Scheme
Temperatureupdatesdecreaseinvalueasaccordingtothefollowinggeneralscheme:

( ) ( , ) (lim )T T T i T
i i i

i
i

> ∧ > ∀ ∈ ∧ =+
→∞

0 0
1

�N� 

Thedecreaseofthetemperaturecanbebasedondifferentschemes.Themostcommonschemes
ofupdatesare:linear;geometric(e.g.Cauchyannealing);orlogarithmic(e.g.Boltzmannannealing).

4.2.1. Stopping Condition
The most commonly-used stopping condition is to stop at a fixed temperature threshold.
Anotherproposedstoppingconditionistoperformanumberofafixednumberoftemperature
changeswithoutimprovingthebestsolutionfound.IfatatemperatureTi.theequilibriumstate
isreachedwithoutimprovementofthesolution,thealgorithmcanstopwithoutnecessarily
reachingthefinaltemperature.

4.2.2. Simulated Annealing for RWMN
ThebasicSAalgorithmisasinglesolution-basedmetaheuristic(S-metaheuristic)thatsearchesfor
theglobaloptimumofasingleobjectivefunction.Itisusuallyusedinasingle-objectiveoptimization
problem.However,inourproblem,boththeextentofcoverageandthenumberofroutersisconsidered
asobjectives tobeoptimized.Thismeans that the solutions that the algorithmwill seekPareto
optimalsolutions.Weassumethenumberofrouterstoplacetobeunknownatthebeginninginthis
placementapproach.

TheparticularizationoftheSAalgorithmaimstodefinesuitablevaluesofitsparametersin
ordertoenabletheapproachtobemoreefficient.WeconsidertheparticularizationofSAapproach
foundin(Fendji,Thron,&Nlong,2016).
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4.2.3. Initial Solution
Theinitialsolutionisobtainedbyplacingroutersrandomlyintheareatocoverwhileensuringthat
thecentreoftherouterislocatedatanEA(x,y)forwhichCover x y,( ) =1,andPlace x y,( ) =1.

4.2.4. Cooling Schedule
Theinitial temperatureT=0.25hasbeendeterminedempirically.Weselectageometricupdate
schemeasdefinedin(10)withα=0.5.WhenthetemperatureislessthanTmin=0.01,thecooling
processstops:

T T
i i+ =1

α  (10)

4.2.5. Move
Onlyonerouterismovedatatime:bothdirectionanddistancearerandomlyselectedbasedona
uniformdistributionfunction.ThemovementfromthecurrentEAa= ( )x y, tothenewEAb= ( )x y’, ’ 
issimulatedifandonlyifCover x y′ ′( ) =, 1 and � ’, ’Place x y( ) = 1 .Initiallygreatmoves(r,r/2)
areselectedtoallowarapidconvergence.Thesizeofmovesdecreaseswiththetemperature;when
thetemperatureisclosetoTmin,thesizeofmovesisoneEA.

4.2.6. Fitness Function
WecountthenumberofEAIsthatarecoveredtoevaluatethefitnessfunction.Thisisdoneby(11)
aftertheinitialization:

f sign CoverDepth *Cover= ∑ ( ).  (11)

Sincewemoveonlyone routerat the same time,weconsideralsoonly theEAswhichare
affectedbythemotion.

4.2.7. Acceptance Criterion

Whenmovingaselectedrouter  R
j
fromanEAa= x y,( ) toanEAb= � ,′ ′( )x y ifC is

j
 increases

(thatmeans∆E ispositive),thenthecoverageisdirectlyaccepted.ButifC is
j

 decreases(that
means∆E isnegative),thechangeisacceptedwithacertainprobabilityfollowingtheBoltzmann
distributiongivenin(9).

4.2.8. Equilibrium State and Stopping Condition
Theequilibriumstateforagiventemperatureispresumedtobereachedifafteranumber
(Stop)ofmovesnosolutionhasbeenaccepted.Thestoppingconditiondependson Imp 
and on  T

min
. At each temperatureT

i
, Imp  indicates whether the solution has improved.

WhentheequilibriumstateatatemperatureT
i
isreached,beforedecreasingthetemperature

wecheckwhetherthesolutionhasimproved.Incaseofanimprovement,wedecreasethe
temperatureandmovetothenextiteration.Butifthereisnoimprovementorthetemperature
islessthan  T

min
,westopthesearchprocessandsupposehavingreachedanoptimum.
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4.3. Centre of Mass of Single Coverage (CM)
4.3.1. Algorithm
Theideabehindtheapproachofthecentreofmassofsinglecoverageistoreducetheareacovered
bymultipleroutersbymovingroutersinhigh-coverageregionstothecentreofmassofareasthatare
notyetcovered.Thisapproachismotivatedbythefactthatbymovingrouterstothecentreofmass
oftheirsinglecoverage,newnon-coveredEAIcanbereachedinarelativeshortnumberofmoves.
Sincemoveseffectivelyreducemultiplecoverage,thecoverageimprovesmorerapidlythanwiththe
SAapproach.Infact,theSAapproachsometimesmovesrouterstoareasthatarealreadycovered.
TheCMalgorithmisgiveninAlgorithm2.

Algorithm2.Centreofmassofsinglecoverage

Input: f  : the objective function to be maximized
Output: s : the best solution found
1.  Begin
2.    s  = InitialSolution();
3.    v  = f s( )
4.    while (stopping condition not met) do
5.       R

i
 = selectARouter();

6.    if mCov
i
 is too large a fraction then

      // Jump Operation
7.      P

tmp
 Search for EA with CoverDepth  = 0, Cover  = 1, and Place = 1

8.     SimulateR
i
 to P

tmp

9.    Move R
i
 to CM

i

10.  else
     //Shift Operation
11.   Move R

i
 to CM

i

12.    s := NewSolution(R
i
);

13.    v := f s( )
    Return s
    End

4.3.2. Algorithm Explanation

• Initial Solution:Theinitialsolutionisobtained,asinSAalgorithm,byplacingroutersrandomly
intheareatocoverwhileensuringthatCover x y,( ) =1,andPlace x y,( ) =1;

• Moves based on single or multiple coverage:Toimprovetheinitialsolution,arouterR
j
is

movedatthesametime.TwotypesofmovearedefineddependingonmCov
j  

andsCov
j
:Shift 

operationandJump operation;
• Shift operation:ConsistsintomovingR

j
 to  CM

j
.ThatmeansR

j
ismovedtotheCentreof

Massofitssinglecoverage  C is
j

 .AnexampleofShioperationisillustratedinFigure3c;
• Jump operation:ConsistsintofirstrandomlyselectinganEA= x y,( ) with � ,CoverDepth x y( ) = 0 ,
Cover x y,( ) = 1 ,andPlace x y,( ) = 1 ;thenrelocatingR

j
toCM

j '
whichistheCentreofMassof

thesinglecoverageofthenewselectedEA.AnexampleofJumpoperationisillustratedinFigure3b.
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ShiftandJumpoperationsareexclusiveandselecteddependingoncondition(12). rand x( ) isa
functionfollowingauniformdistribution.WecanremarkthatwhensCov

j
istoogreatcomparedto

 mCov
j
,expressionin(12)hasagreatprobabilitytobenotsatisfied.Ifitisthecase,theshiftoperation

isappliedon  R
j
reducingeventuallyitsmultiplecoverage.OtherwisetheJumpoperationisapplied:

sCov mCov rand mCov
j j j
+( ) ( ) < ( )� *

2 2
x  (12)

• Fitness Function (lines 3 and 13):Theevaluationoffitnessfunctionconsists,asitisthecasein
theSAalgorithm,tocountthenumberofcoveredEAI.Thisisdoneby(11)aftertheinitialization;

• New Solution (line 12):Itisobtainedbykeepingotherroutersintheirpreviouspositionsand
consideringthenewpositionofrouter  i ;

• Stopping Condition: If thevalueof the fitness functiondoesnot improveafter a certain
numberofiterationTTS(Timetosearch),wesupposethereforehavingreachedanoptimum.
ThevalueofTTShasadirectincidenceontheconvergencetimeofthealgorithm.Asmall
valueleadsautomaticallytoarapidconvergence,whileagreatvaluewillextendtherunning
timeofthealgorithm.

4.3. SAC Framework for Solving RwMN Problem
SACapproachisahybridofCentreofMassandSimulatedAnnealing.Itiscomposedoftwo
main phases: A Speedup phase based on Centre of Mass approach, and a Refinement phase

Figure 3. (a) Configuration at a time t; (b) Configuration at a time t+1 after a Jump operation if black router is selected; (c) 
Configuration at a time t+1 after a Shift operation if Red router is selected



International Journal of Operations Research and Information Systems
Volume 11 • Issue 1 • January-March 2020

49

basedonSimulatedAnnealing.FlowchartisgiveninFigure4.Bestisanarchivewhichkeeps
thebestsolutionforeachnumberofrouters.nRunisthenumberoftimestheSACalgorithm
willbeexecuted.

Thenumberofroutersisunknownatthebeginningandtheformoftheregionisirregular.Since
routersshouldoverlaptoensuretheconnectivity,westartwithagreatnumberofrouters,andthen
wereducethisnumberwhiletryingtomaintainalargecoveragepercentageoftheareaofinterest.A
lowerboundtothenumberofrouterstocoveroftheareaofinterestwhenallroutershavethesame
transmissionrangeisgivenby(13).Atoogreatnumberofroutersatthebeginningisnotefficient
sincethereductionofthenumberofrouterswilllastlonger.Theinitialnumberofrouterswaschosen
between1.5-2timesthelowerbound,asin(14):

nr Cover x y r *
min
= ∑ ( ) ( ), .2 3 14  (13)

3

2
2nr nr nr

initmin min
≤ ≤  (14)

4.4. Initial Solution
Routersareplaced randomly in the regionduring the initializationphaseof theSACalgorithm,
butonlyinareasofinterest.WerandomlyselectanEAforeachrouter.WecheckifCover(EA)=
1,andPlace(EA)=1,and,ifarouterisnotalreadysetatthislocationthenthecurrentroutercan

Figure 4. Flowchart of the SAC approach for solving mesh nodes placement in RWMN
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beplacedthere.Otherwise,wecontinuebyselectinganotherEA.Theinitializationendswhenall
routersareplaced.

4.5. SpeedUp Phase with CM
Theaimofthisphasecomingrightaftertheinitializationistoachievearapidexplorationofthe
searchspace.ThisstageconsistsofCMalgorithm.TTSissetatthebeginning.Arouterisrandomly
chosenandthesuitableoperationbetweenJumpandShiftisperformed.Ifthereisnoimprovement
ofthecurrentsolution,TTSdecreases;otherwiseitisreset.ThisphasestopswhenTTSreaches0.

4.6. Refinement Phase with SA
ThisstageaimstoimprovetheintermediatesolutionprovidedbytheSpeedupphase.Thisisachieved
bytheSAalgorithmwhichmakeandexploitationofthesearchspaceintheneighbourhoodofthe
intermediatesolution.

4.7. Reduction of the Number of Routers and Stopping Condition
Atthebeginningnrinitroutersareused.TheSACalgorithmisrunningnRuntimesforeachnumber
ofrouters,andthebestsolutioniskeptinBest.Aftercompletingtherunsfornrrouters,thenumber
ofroutersisreducedaccordingto(15).Thealgorithmstopswhennrbecomeslessthannr

min
:

nr nr= − γnr
min

 (15)

5. PeRFORMANCe eVALUATION

5.1. Performance Metrics
Differentmetricsareconsideredfortheevaluationofperformanceofthepresentedalgorithms.

5.1.1. Coverage Percentage of Area of Interest
Thefirstmetricisthecoveragepercentageoftheareaofinterest.Itisdeterminedbythefitnessfunction
definedin(11).Thecloserthispercentageisto100percent,thebetteristhequalityofthesolution.
Sincewereducethenumberofroutersprogressively,wecomparethealgorithms’performancefor
eachgivennumberofrouters;bestcase,meanandmediancoveragepercentagesarerecordedafter
nRunrunsofthealgorithm.

5.1.2. Robustness
Animportantcharacteristicofstochasticoptimisationapproachesistherobustness,definedasthe
abilitytoprovidesimilarresultsafterrepeated.Therobustnessreflectsthedegreeofconsistency
(or reproducibility) invaluesobtainedby thestochasticapproach.Wecompute twomeasuresof
robustness:thestandarddeviationandinterquartilerange(IQR)ofcoveragepercentagesofthearea
ofinterestforalltherunswiththesamenumberofrouters.

5.1.3. Convergence Time
Theconvergencetimeisanotherimportantconsideration,particularlyinonlineoptimisationwhere
thetimetoreachasolutionisapracticalconstraint.Ingeneral,betterqualitysolutionsareobtained
attheexpensesoflongerrunningtimes.Weevaluatetheconvergencetimebycomputingthebest,the
mean,andthemedianvaluesofallruns:andweevaluatethedispersionbycalculatingthestandard
deviationandtheIQR.
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5.2. Simulations and discussion
5.2.1. Network Instances
Duetothelackofasuitabletestbed,wecreatedourownforthisstudy.Thetestbedwasdesignedto
mimicreal-worldscenarios.Werandomlygenerated24differentregionswithirregularforms,with
areasofinterestandprohibitedareas.FourtypicalregionsarepresentedinFigure5.Sincealgorithms
mayperformdifferentlyinbothruntimeandsolutionqualityonsmallandlargeproblems,weconsider
fourdifferentgridsizes:50×50,100×100,150×150,and200×200.Ifsize(EA)istakentobe20m,
thentheselectedgridsizescorrespondtoareasbetween1km2and16km2.Thecompletedtestbedis
availableonline(Fendji,2017).

5.2.2. Algorithm Parameters and Simulation Environment
ThealgorithmsparametersaregiveninTable1.Thetransmissionrangerissetto6.Ifsize(EA)
=20m,theradiuswillbe6×20m=120m.Thisisrealisticsince802.11nroutershaveatheoretical
outdoortransmissionrangeof250m.Weuseanumberofroutersbetween1.5nrminandnrmin(1.5nrmin,
1.4nrmin,1.3nrmin,1.2nrmin,1.1nrmin,nrmin).Foreachnumberofroutersandeachinstance,thethree
algorithmsarerun20times.SimulationsofallalgorithmsareconductedusingSCILAB5.5ona2.8
GHzCPUDesktopwith4GBRAM.

Figure 5. Four Instances in a set of 24 with irregular forms: (a) Instance 1 with  = ×50 50� , (b) Instance 2 with 
 = ×100 100� , (c) Instance 3 with  = ×150 150� , (d) Instance 4 with  = ×200 200�
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5.2.3. Discussion of Results
Table2presentsthemean,themedian,andthebestcoveragepercentagesofthealgorithms.The
tableshowsthatCMprovidestheworstresultsintermsofcoveragepercentageofAI,irrespectiveof
thenumberofroutersandthesizeofinstances.SACandSAareconsistentlyveryclosebyallthree
measures,andbothSAandSACprovidecoverageover99percentwhenNr≥1.3nrmin.However,
SACconsistentlyprovidesbetterresultsthanSAinallmetricsforlargegrids:atgridsize200×200,
themeanandmediancoverageimprovementsoverallmetricsandrouternumbersis0.4percent.
Figure6presentsstandardboxplotsofcoveragepercentagesforthethreedifferentalgorithmsfor
valuesof50×50and200×200grids.

Figure 7 shows coverage percentages as a function of number of routers (Nr) for the three
algorithmsfordifferentgridsizes.Asexpected,thecoveragepercentagesconsistentlydecreaseas

Table 1. Algorithm parameters

Parameter Value

TTS 1000

Tinit 0.25

α 0.5

Tmin 0.01

Stop 1000

nRun 20

r 6

β [0,1]

γ 0.1

nrinit 1.5nrmin

Table 2. Comparison of mean, median, and best coverage percentages of algorithms

Number 
of 

Routers

50x50 100x100 150x150 200x200

CM SA SAC CM SA SAC CM SA SAC CM SA SAC

1,5nrmin

Mean
Median
Best

97.60
97.84
99.31

99.86
100.00
100.00

99.95
100.00
100.00

96.26
96.48
97.42

99.78
99.84
100.00

99.93
99.96
100.00

95.96
96.16
96.81

99.53
99.74
99.99

99.93
99.94
100.00

95.98
96.16
96.81

99.60
99.64
99.91

99.90
99.93
99.98

1,4nrmin

Mean
Median
Best

95.22
95.85
97.91

99.55
99.94
100.00

99.47
99.84
100.00

94.77
94.77
96.38

99.62
99.71
99.96

99.79
99.85
99.97

94.17
94.46
95.40

99.28
99.54
99.86

99.81
99.84
99.95

94.30
94.46
95.40

99.09
99.31
99.85

99.74
99.79
99.94

1,3nrmin

Mean
Median
Best

93.43
94.53
96.81

98.94
99.53
100.00

99.12
99.50
100.00

92.56
92.65
94.23

99.20
99.18
99.73

99.31
99.36
99.80

91.89
92.33
93.31

98.69
99.01
99.61

99.31
99.39
99.77

91.99
92.33
93.31

98.45
98.86
99.48

99.16
99.35
99.60

1,2nrmin

Mean
Median
Best

90.12
91.70
95.02

96.83
98.34
99.71

96.58
97.96
99.65

89.91
89.97
91.48

97.84
97.97
98.82

97.79
97.95
98.85

89.25
89.62
90.95

97.39
97.81
98.83

98.02
98.11
98.91

89.36
89.62
90.95

97.18
97.58
98.35

97.97
98.13
98.68

1,1nrmin

Mean
Median
Best

87.47
88.23
92.09

94.85
96.07
97.45

94.74
95.63
97.34

86.14
86.27
87.73

95.30
95.38
96.69

95.23
95.33
96.46

85.79
86.20
87.41

95.32
95.49
96.83

95.38
95.68
96.51

86.01
86.20
87.41

94.76
95.16
96.18

95.71
95.75
96.38

nrmin

Mean
Median
Best

81.44
82.85
86.67

89.59
91.02
93.05

89.64
90.57
92.87

81.58
81.75
83.52

91.21
91.46
92.65

91.08
91.13
92.65

81.41
81.72
83.26

91.34
91.63
92.89

91.55
91.75
92.74

81.92
81.72
83.26

90.99
91.34
92.62

91.57
91.67
92.23
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Nrdecreases.WhenNr=nrmin,SAandSACachieveover90percentcoverageindependentofgrid
size:whenNr=1.3nrmin,thisincreasesto98percent.Largergridsizesareassociatedwithhigher
coveragepercentages,andthedifferenceincreasesasNrdecreases.Thelargestdifferenceachieved
between50×50and200×200coveragerateswas2percent,atNr=nrminwithSAC.

Table 3 presents the standard deviation and IQR of coverage percentages provided by the
threealgorithms.Asfarasrelativeperformanceofthethreealgorithms,thesituationissimilarto
coveragepercentagemetrics.CMisconsistentlyworst,andforthesmallestgridsizesSAandSAC
arecomparable.Butforlargergridsizes,therobustnessmeasuresforSACareabout2-7timessmaller
thanthoseforSA:theimprovementtendstobelargerforlargerrouternumbers.Apartfromthis,we
maynoteageneraltendencytowardsgreaterrobustnessforlargergridsizes,andlargerrouternumbers.

Two-sidedp-valueshavebeencomputedtotestthestatisticalsignificancewhencomparingSAC
tootherapproaches.Thep-valueiscomputedforeachnumberofroutersbycomputingmeansand
standarddeviationsforthetwentyrunsofeachofthesixinstancesforagivengridsize(120runs
total)forthetwoalgorithmsbeingcompared.WhencomparingCMwithSAC,thep-valuewasalways
lessthan0.00001,indicatingthatSACimprovementsoverCMarehighlystatisticallysignificant.The
p-valuesforSACandSAarepresentedinTable4.FromthisTable,SAprovidesabettercoverage
thanSAConlywith50x50gridandwhenthenumberofroutersislessthan1.3nrmin.Forthesmallest

Figure 6. Average coverage percentage provided by the different algorithms: (a) Instance 1 with  = ×50 50� ; (b) Instance 
4 with  = ×200 200�
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numberofrouters(nrminand1.1nrmin)in100x100grid,thesuperiorityofoneapproachoverthesecond
onecannotbeproved.However,forlargergridsizes,thesuperiorityofSACoverSAintermsof
coverageisconfidentsincepisalwayslessthan0.05.

Table5presents themeanandmedianCPUtimesrequiredby thedifferentalgorithms.CM
approachprovidestheshortestrunningtime,regardlessthenumberofroutersandthesizeofinstances.
However,thisisclearlytiedtotherelativelypoorcoverageperformanceofCM—theCMalgorithm
exploreslessofthesolutionspace,sotherunningtimeislessbutbettersolutionsaremissed.SA
providestheworstCPUtime,rangingfromaboutthreetimestheCPUtimeusedbytheCMapproach
forsmallinstances,uptotwelvetimesforlargerinstances.ComparedtoSA,SACshows40-60percent

Figure 7. Average coverage percentage provided by the different algorithms

Table 3. Comparison of standard deviation and IQR of coverage percentage for three algorithms

Number 
of 

Routers

50x50 100x100 150x150 200x200

CM SA SAC CM SA SAC CM SA SAC CM SA SAC

1,5nrmin
Dev
IQR

0.69
0.92

0.16
0.05

0.07
0.00

0.49
0.63

0.28
0.23

0.06
0.06

0.35
0.50

0.32
0.29

0.05
0.05

0.26
0.50

0.30
0.34

0.04
0.04

1,4nrmin
Dev
IQR

1.04
1.41

0.24
0.18

0.26
0.28

0.52
0.55

0.41
0.37

0.12
0.16

0.42
0.56

0.35
0.34

0.08
0.11

0.29
0.56

0.42
0.58

0.08
0.11

1,3nrmin
Dev
IQR

1.12
1.57

0.51
0.62

0.37
0.53

0.56
0.75

0.53
0.60

0.25
0.34

0.46
0.58

0.49
0.61

0.17
0.21

0.32
0.58

0.52
0.56

0.15
0.17

1,2nrmin
Dev
IQR

1.54
2.38

1.03
1.42

0.95
1.47

0.70
0.96

0.94
0.86

0.41
0.54

0.49
0.67

0.62
0.60

0.28
0.37

0.38
0.67

0.48
0.52

0.21
0.27

1,1nrmin
Dev
IQR

1.51
2.05

0.97
1.21

1.03
1.38

0.77
1.03

0.78
0.86

0.46
0.65

0.57
0.72

0.67
0.72

0.39
0.60

0.43
0.72

0.62
0.75

0.26
0.42

nrmin
Dev
IQR

1.67
2.40

1.14
1.34

1.05
1.32

0.74
0.99

0.86
1.08

0.60
0.76

0.59
0.76

0.73
0.91

0.38
0.54

0.51
0.76

0.58
0.75

0.27
0.38
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reductionsinCPUtime,wherereductionsdecreaseasgridsizeincreases.TherunningtimeofSAC
scalesroughlylinearlywiththegridsizeasshowninFigure8.Foragivengridsize,runningtime
fordifferentrouternumbersvariesbylessthan40%.

StandardDeviationandIQRforCPUtimesofalgorithmsarepresentedinTable6.IQRand
StdDevforSAisroughlytwicethatofSAC.So,intermsofrobustnessaswellasmeanrunningtime,
theSACismarkedlysuperiortoSA.

Wehave supposed at thebeginning that thenumberof routers is unknown.So, an implicit
objectivewastodetermineanoptimalnumberofroutersthatcanprovideagoodcoverage.From
simulation,first,therewasnoneedtouseaninitialnumberofroutersgreaterthan1.5Nr_min,since
thisnumberprovidedacoveragepercentageof100%withSACalgorithm.Secondly,1.3Nr_min
canbeconsideredasagoodcompromise,sinceSACalgorithmcanachieveacoveragepercentage
greaterthan99%withthisnumberofrouters.Thisalgorithmimprovesresultspreviouslyachieved
intheliteraturebySAalgorithmwhichis98%using1.3Nr_minrouters(Fendjietal.,2016),and
outperformstheapproachbasedonmetropolisproposedearlierin(Fendjietal.,2014).

Figure9-12presentsthecoverageofareaofinterestandthenetworktopologyachievedbySAC
approachusing1.3nrminonfourinstancesofdifferentsizes.Wecanobservethatthegreatpercentage
ofEAIiscoveredbyonlyonerouter,whilethepercentagecoveredbytworoutersislowandthe
percentagecoveredbythreeisalmostzero.

Table 4. Two-sided p-values when comparing mean coverage percentages of SAC and SA. Numbers in italics correspond to 
instances where the SA mean coverage percentage is higher than SAC, while numbers in regular case indicate instances 
where SAC mean percentage coverage was higher than for SA. Significance at p<0.05 is indicated in bold.

Number of Routers 50x50 100x100 150x150 200x200

1,5nrmin 0.01364 0.00001 0.00001 0.00001

1,4nrmin 0.007047 0.00001 0.00001 0.00001

1,3nrmin 0.393277 0.00001 0.00001 0.00001

1,2nrmin 0.022995 0.012899 0.00001 0.00001

1,1nrmin 0.004611 0.12259 0.000215 0.00001

nrmin 0.024758 0.213914 0.000204 0.00001

Table 5. Comparison of mean and median CPU times of algorithms

Number of Routers
50x50 100x100 150x150 200x200

CM SA SAC CM SA SAC CM SA SAC CM SA SAC

1,5nrmin
Mean
Median

9.91
9.23

28.53
28.83

13.41
13.32

11.55
11.07

63.58
63.19

24.55
26.30

12.80
12.39

107.82
115.28

45.83
46.40

14.97
14.25

169.20
170.62

69.61
70.97

1,4nrmin
Mean
Median

8.50
8.02

29.88
29.09

14.24
14.10

9.94
10.22

61.82
65.95

29.80
31.79

11.52
11.39

115.09
116.45

56.33
54.93

13.99
13.49

176.25
175.18

84.92
84.75

1,3nrmin
Mean
Median

8.76
8.92

28.07
28.43

15.23
15.09

9.27
9.24

64.36
67.37

33.07
35.52

11.09
11.56

115.49
117.29

61.59
64.20

13.71
13.17

178.14
181.84

97.69
98.12

1,2nrmin
Mean
Median

10.00
8.57

26.48
26.46

12.82
13.50

9.75
9.75

62.89
66.18

33.37
36.33

11.92
10.69

117.38
119.35

65.73
67.35

12.60
12.95

181.64
182.74

101.39
106.27

1,1nrmin
Mean
Median

8.28
9.01

25.02
24.42

12.69
13.15

10.32
10.31

59.88
62.32

33.02
34.66

12.01
11.30

112.35
117.89

63.18
66.65

13.47
12.97

171.76
176.77

100.77
108.11

nrmin
Mean
Median

9.24
9.07

21.11
20.27

11.85
12.36

10.76
10.11

56.78
60.73

32.94
33.05

12.02
11.50

104.63
109.02

61.19
63.68

13.88
14.69

171.95
173.87

96.88
103.69
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6. CONCLUSION ANd FURTHeR wORK

In thispaper, anewalgorithmfornodeplacement in ruralwirelessmeshnetworks isproposed.
SimulatedAnnealingbasedCentreofMass(SAC)combinesthebestfeaturesoftheCentreofMass
(CM)andSimulatedAnnealing(SA)algorithms.CMisadescentalgorithmwhichconvergesquickly
toalocaloptimum;whileSAemploysstochasticitytoexplorealargerareaofthesolutionspace.
SACcombinesbothinsuchawayastopreservetheexplorationpropertiesofSA,whileemploying
CMcharacteristicstomoreeffectivelyseekoutlocaloptimaintheregionsexplored.

SACachievedbetterperformancethanpreviousalgorithms.99%coveragewasachievedwhen
routernumber=1.3nrmin,whichsurpassesthe98%foundin(Fendjietal.,2016),and95%foundin
(Fendjietal.,2015;Fendjietal.,2014).

Simulationresultson24benchmarkinstancesshowthatSACconsistentlyachievesmuch
betteraveragecoveragethanCMforallgridsizes(p<0.00001),andalsobettercoveragethan
SAforlargergridsizes(p<0.00001).Inaddition,comparedwithSA,SACbothreducesthe

Table 6. Comparison of standard deviation and IQR CPU times of algorithms

Number 
of 

Routers

50x50 100x100 150x150 200x200

CM SA SAC CM SA SAC CM SA SAC CM SA SAC

1,5nrmin
Dev
IQR

3.15
4.10

6.71
8.44

2.83
3.38

3.84
5.09

10.43
13.41

4.17
5.16

4.45
6.66

15.33
20.45

6.43
8.30

4.02
5.72

20.33
23.22

10.14
13.28

1,4nrmin
Dev
IQR

2.99
4.22

6.07
5.32

3.38
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Figure 8. Average CPU time used by the different algorithms
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Figure 9. (a) Router coverage and (b) Network Topology provided by SAC approach on a 50x50 Instance using 1.3nr_min routers. 
Blue areas are covered by one router, red areas by two, and white areas by three routers.
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Figure 10. (a) Router coverage and (b) Network Topology provided by SAC approach on a 100x100 Instance using 1.3nr_min 
routers. Blue areas are covered by one router, red areas by two, and white areas by three routers.
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Figure 11. (a) Router coverage and (b) Network Topology provided by SAC approach on a 150x150 Instance using 1.3nr_min 
routers. Blue areas are covered by one router, red areas by two, and white areas by three routers.
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Figure 12. (a) Router coverage and (b) Network Topology provided by SAC approach on a 200x200 Instance using 1.3nr_min 
routers. Blue areas are covered by one router, red areas by two, and white areas by three routers.
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runningtime(forallgridsizes)andimprovesthecoveragerobustnessbyreducingthevariance
ofsolutions(forlargergridsizes).

TheaboveresultsindicatethatSACholdspromiseasahigh-performingalgorithmforpractical
designofruralWMN’s.Onamanagerialpointofview,SAC’scontributionistwofold.First,SAC
reducesthetimeconsumedduringthenetworkplanningphase.Secondly,SACincreasesthenetwork
coveragepercentageforagivennumberofrouters.Thatmeans,forthesamecoveragepercentage
SACwillrequirefewernodes(reducingthecostofthearchitecture),orforagivennumberofnodes,
SACwillprovideagreaternetworkcoverage(improvingthenetworkcoverage).

Future work may include application of the algorithm to areas of interest with different
characteristics, including non-continuous areas. Additionally, the question of guaranteeing good
connectivityhasnotbeenaddressed: this issue isparticularly important inareasof interestwith
significantobstaclesthatmayblockcommunicationbetweenmeshrouters.Modifiedalgorithmsmay
bedevelopedtoaddressthisissuebyensuringbi-ortri-connectivityofthenetwork,whichincreases
robustnessofthefunctioningnetwork.Finally,theSACapproachmaybemademoreefficientby
developingamoreintelligentstrategyforroutermovesintheSAsubsystemofSAC,toreplacethe
purelyrandommovesemployedinthecurrentalgorithm.
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