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ABSTRACT

Intelligent TransportationSystems(ITS)showcasecutting-edgeservicesdesignedto

revolutionizetransportationand mobility,especiallywithinfuturesmartcities. Theseser-

vicesplayapivotalroleinbolsteringtraicsafety,traiclow management,infotainment,

andthedependabilityofedge-assistedautonomousdriving. Consequently,ITSintroduces

theVehicle-to-Vehicle(V2V)communicationparadigm,facilitatingcontinuousconnectiv-

itybetween movingvehiclesandtheirsurroundings. Real-timedataexchangeregarding

acceleration,position,speed,andbrakingstatusenablescollisionavoidanceandcongestion

mitigation. V2Vcommunicationstreamlinescommunicationpathways,resultinginsafer

and morecomfortabledrivingexperiences,particularlyinhigh-riskscenarios. Thisthesis

investigatestwodistinctchallengeswithinV2Vcommunications:

1. Multi-Group V2V Communications: Thisstudyaddressestheestablishmentand

schedulingofdatastreamsandpacketsbetweenvehicleswithina multi-groupcom-

municationsetup.Inscenariosinvolvingpolicecars,ambulances,buses,orcityleets,

eachgroupofvehiclescommunicateswithinitself. Theobjectiveistoestablishcom-

municationlinksbetweenallvehiclepairswithinagroup,utilizing WiFitechnologyto

alleviatetheloadoncellularnetworks.Sincenotallpairshavedirectcommunication

capabilities,theproblemextendstorelayingandschedulingdatapacketsthrough

multi-hoptransmissions. Resourceblocks,includingdesignatedchannelsandtime

slots,areallocated. Thestudyaimsto maximizecommunicationeiciencyamong

vehiclegroups whileensuringfairnessandallowingresourceblockreuseunderthe

SINRconstraint.

2. AgeofInformation(AoI) Minimization: Traditional metricslikethroughputandla-

tencydonotsuicientlycapturedatastreamtimelinessandfreshness,criticalfor

autonomousdrivingandaccidentprevention. Thisstudytargetsthe minimizationof

AoIacrossalldatastreamsinautonomousvehicularnetworks. Thegoalistoreduce

thetotaloraverageAoIoveraspeciiedtimeframe. Unliketheirststudy,directdata

streamconnectionsbetweenvehiclepairsareabsent.Instead,avehiclebroadcasts

datatonearbyvehiclesbasedondataimportance. MinimizingAoIrequiresoptimiz-

ingrelayingdecisions,transmissiontiming,anddatapacketdropping. Complexity

arisesfromoptimizingnodesfordatarelaying,transmissiontiming,andprioritizing

newerdatapackets.

Inbothstudies, mathematicalformulationsemploying mixed-integerlinearprogram-

ming(MILP)areinitiallyemployedforoptimalsolutions. Duetooptimization model

complexity,scalableheuristic methodsareproposedforlargernetworks. Tocapturedy-

namicenvironmentaldynamics,bothproblemsare modeledas MarkovDecisionProcesses
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(MDP)andtackledusingreinforcementlearning(RL)techniquessuchas Qlearningand

DoubleDeepQ-Networks(DDQN).

Additionally,hybridheuristic-based RL methodsareintroducedtoenhancelearning

behaviorandoverallperformance. Numericalresultsunderscoretheeicacyofhybrid

approachesincomparisontooptimalsolutions,randomagents,proposedheuristics,and

conventionalRL methodsacrossnetworksofvaryingsizes.

Inconclusion,thisthesiscontributestointelligenttransportationsystemsandfuture

smartcitiesbyoferinginnovativesolutionsforvehicularcommunications.Theseapproaches

holdthepotentialtoenhancedatatransmissioneiciencyandreliabilityforautonomous

vehicles,pavingthewayforsaferand moreresponsiveautonomousdrivingexperiences.
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Chapter1

Introduction

Inthepersistentdemandfor moderntransportation,Intelligent TransportationSystems

(ITS)deliverawiderangeofstate-of-the-artservicesthat mainlyfocusondrasticallyen-

hancingtransportationand mobilityonroadwaysforthefuturegeneration[1]. These

cutting-edgeservicesnotonlyexpandtraicsafety,lowcontrol,andinfotainmentbutalso

ensurethereliability,andconidentialityofedge-assistedautonomousdriving[2–4].

However,toenableseamlesscommunicationbetweenvehiclesanddynamicallyimprove

overalltraiceiciency,ITSintroducesafullyconnectedcomponentknownasavehicular

communicationnetwork,whichenablesvehicle-to-vehiclecommunicationandcreatesady-

namicandinterconnectedecosystem. Then,withthehelpofthisdynamicecosystem,V2V

communicationallows movingvehiclestostayonlineandconnectedtotheirsurroundings

byusingwirelessidelitytechnologies(WiFi),knownasDedicatedShortRangeCommuni-

cations(DSRC)[5,6].

Whilecommunicatingwithnearbyvehiclesconsidering WiFiprotocols,V2Vallowsve-

hiclestoshareastreamofdatapacketsbasedonthreedistincttypesofcommunication

methodsincludingunicast, multicast,andbroadcast,asshowninFig.1.1.Inthatsense,

V2Vcommunicationalsoprovidesseveralreal-timedecision-makinginformationonroads

suchasautonomousdriving,roadsurveillance,sourceanddestinationlocations,dangerous

situationdetection,real-timedatasharing(vehicle’sacceleration,position,speed,braking

status,andheading),informationaboutdrivingbehaviors,communicationservicesbetween

neighboringvehicles,and many more[7]. Thesesharedactivitiesresultin moreeicient,

safer,andcomfortabledrivingexperiences,especiallyinhigh-riskscenarios(i.e.,blindspots,

highway merging,andintersections),andcreatenewopportunitiesinvariousbusinesssec-

tors[8–12]. Hence,thenetworkingindustryandacademiahaveshownadeepinterestin

developingV2Vcommunicationsandleveragingrelevantservices.

Intheunicast method,ifsource-destinationpairsareinthecommunicationrange,this

approachcancommunicatedirectlythrough WiFitosenddatapacketsfromaspeciic
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Figure1.1: Anillustrationof Unicast, MulticastandBroadcastcommunication methods
whereS1,S2,S3indicatesourcenodes,D1,D2,D3indicatedestinationnodes,andH1,H2,
H3denoterelaynodesbetweensourceanddestinationnodes.

sourcenodetoaspeciicdestinationnodeandestablishapoint-to-pointconnectionbetween

them[13,14]. Unliketheirstmethod,themulticastmethodismainlyresponsibleforpoint-

to-multipointcommunicationsinwhichasendertransmitsdatapacketstomultiplereceivers

belongingtoaspeciicsetofgroups[15,16]. Ontheotherhand,thebroadcastmethodsends

packetsfromasourcenodetoallnearbynodeswithinthecommunicationrange[14,17].

Hence,theunicastand multicast methodsareone-to-oneandone-to-manycommunication

methodsrespectively, whilethebroadcast methodisaone-to-allcommunication method

thatdisseminatesinformationtomultipledestinationnodessimultaneously. However,inall

scenariosofcommunicationmethods,notallthesource-destinationpairshaveadirectlink

becauseofacommunicationrange(whichcanbedeinedbytransmissionpower,distance,

andfading). Hence,forsome, weneedtocreateapathbyrelayingtransmissionsover

multi-hopnodes.

Figure1.2: Anillustrationoffrequencydivision multipleaccess(FDMA)whereanFDMA
mediaisdividedintothreeequalorthogonalchannels(i.e.,c1,c2,andc3). Here,each
channelcontainsasinglevehicle(i.e.,c1containsavehicle1)andweconsiderthelengthof
thetimeframetobe1.
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Weconsiderafrequencydivisionmultipleaccess(FDMA)media[18]thatisapplied

tosharetheavailablefrequencyspectrumintodiferentfrequencybandsorchannels(see

Fig.1.2).Then,eachresourceorvehicleisallocatedtoaspeciicchannelfortransmissions.

Duringtheresourceallocationphase,theresourcesmightfacesomefactorssuchasinter-

ferenceandtraicconditions,particularlywhentwovehiclesareincloseproximity.Hence,

thechannelallocationmechanismplaysacrucialroleinpreventingthesecausingfactors,

tryingtoallocateallavailablechannelsoneafteranother.

Wealsoconsideratimedivisionmultipleaccess(TDMA)mediathatisusedforsharing

thesamefrequencybandorchannelintodiferenttimeslots.Here,eachtimeslotisassigned

toaspeciicvehicle. Also,theTDMA mechanismsupports multiplechannels(i.e.,3)

Figure1.3:Anillustrationoftimedivisionmultipleaccess(TDMA)whereaTDMAmecha-
nismisdividedintothreeequaltimeslots(i.e.,t1,t2,andt3).Here,eachtimeslotcontains
asinglevehicle(i.e.,t2containsavehicle2)andwerefertheentirebandwidthtoasingle
channel(c).

asshowninFig.1.3,andallows multipleresourcestobesharedonthesamechannel.

Forinstance,inascenarioofathree-timeslotTDMA,atleastthreevehiclesamongall

possibilitiesareallowedtousethecurrentchannelwithoutcausingsigniicantinterference

toothers.

Inmoderncommunicationsystems,whenwecombinetheprinciplesofbothTDMAand

FDMAthenwegetakeyconceptofthewirelessspectrumnamedResourceBlocks(RBs).

Resourceblocksaremainlyconsideredtoallocatetheavailableresourcesforcommunications

betweenvehicleswithastreamofdatapackets.Forinstance,asdepictedinFig.1.4,the

combinationofaspeciictimeslot(t3)inagiventimeframeandaspeciicorthogonal

channel(c4)fromallavailablechannelsiscalledaresourceblock(RB).

ToreduceinterferenceandincreasethesuccessrateofV2Vcommunications,weintro-

duceawell-knownapproachnamedHalfduplextransmissionmode.Inthismode,avehicle

cannotsendorreceivemultipledatapacketsatthesametimeto/fromaspeciicreceiver

ortransmitter.Instead,itcaneithertransmitapackettoaspeciicreceiverorreceivea



(t1,c3)

(t1,c4)

(t2,c2)(t3,c2)

(t2,c3)(t3,c3)

(t2,c4)(t3,c4)

(t1,c2)

(t1,c1)(t2,c1)(t3,c1)

RB

c1

c2

c3

c4

C
h
a
n
n
el
s

t1 t2 t3
Time Slots

4

7-->59-->82-->1

1-->23-->59-->7

RB

c2

c1

C
h
a
n
n
el
s

t1 t2 t3
Time Slots

Half-Duplex

Figure1.4:Anexplanationofresourceblocks(RBs)whereeachRBconsistsofoneorthog-
onalchannelandonetimeslot.Here,wedivideatimeframeintothreetimeslots(i.e.,t1,
t2,andt3)andafrequencybandintofourorthogonalchannels(i.e.,c1,c2,c3,andc4).

packetfromaspeciictransmitter.Asperthediscussionsabove,whentheresourceblockis

emptyandwehaveadatapacket(i.e.,1and2)onaresourceblock(t1,c1)thatisshownin

Fig.1.5asblackcolor,wecantransmitthepacketfromitssourcenode1toitsdestination

node2.However,owingtotheHalf-Duplexmode,anotherpacketshowninredcannotbe

transmittedfromitssourcenode(2)toitsdestinationnode(1)asbothofthemarealready

allocated.

Figure1.5: AnexplanationofHalf-Duplex(HD)communication modewhereavehicle
cannotreceiveortransmitatthesametime.Here,packetsshownonresourceblocks(RBs)
inredcolorscannotbetransmittedduetotheHalf-Duplexmode,whilethecolorsinblack
cansuccessfullybetransmittedtotheirdestinations.

Toallocateevenmoreresourcestoresourceblocksforobtainingmoresuccessfulcommu-

nication,weintroduceanothercrucialmetriccalledSignal-to-Interference-plus-NoiseRatio

(SINR).Thismetricchecksthequalityofthereceivedsignalstrength,interferencetothe

newlyallocatedreceiversfromothertransmitters,andbackgroundnoise.Iftheobtained

SINRvalueatreceiversisaboveacertainthresholdβ,thenwecanobservesimultaneous

transmissionsinthenetwork.TwodiferentscenariosareshowninFig.1.6wherewemarked

thembyblackandred.Itisobservedthatwehavetwosimultaneoustransmissionsonre-

sourceblocksof(t1,c2)and(t3,c2).Here,weassumethatthesimultaneoustransmissions

on(t1,c2)areallowedduetotheobtainedSINRvaluewhichisequaltoorgreaterthan
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Figure1.6:Anexplanationofsignal-to-interferenceplusnoiseratio(SINR).Here,wedivide
atimeframeintothreetimeslots(i.e.,t1,t2,andt3)andafrequencybandintotwo
orthogonalchannels(i.e.,c1,andc2).Also,packetsshownonresourceblocks(RBs)inred
colorscannotbetransmittedduetoeitherHalf-DuplexorSINRorbothofthem,whilethe
colorsinblackcansuccessfullybetransmittedtotheirdestinations.

theSINRthresholdβ.So,wecandosimultaneoustransmissionsfortheavailablepackets

ont1,c2.Ontheotherhand,wecannotdosimultaneoustransmissionseventhoughboth

packetssatisfytheHalf-DuplexmodeastheachievedSINRvalueisnotequalorhigher

thanthethresholdsample.Therefore,onlythesourcenode2cansenditsdatapacketto

itsreceivernode8.

Toshowtheimportanceofdataandpreventcollisionsorhazardoussituationsduring

communications,wealsointroduceametriccalledAgeofInformation(AoI)thatfocuses

onhowup-to-datetheinformationisfromtheperspectiveofthereceivers.InaV2V

communicationmechanism,thismetricnotonlyindicatesthefreshnessofdatapackets

fromitssendertoitsreceiverbutalsoshowsthetimediferencesincethemostrecently

deliveredmessagewasgeneratedatthesendernode.Forinstance,wecanconsiderascenario

whereapacketisjustgeneratedattimeslott=0byatransmitter.Inthenexttimeslot

whent=1,thenewlygeneratedpacketbyatransmitterwouldbereadyforthetransmission

tothenearestreceiverswithinitscoveragearea.Att=2,oneofthedestinationnodeswill

receivethattransmittedpacket.Now,ifwecalculatetheAoIfromtheperspectiveofthe

receiversattimeslott=2,thenthemostrecentlydeliveredmessagegeneratedatthesender

nodewillbe2seconds(i.e.,unitsareseconds).

Inthisthesis,schedulingitselfisoneofthecomplextaskswhichdeterminethefrequency

ofeachtransmissionbetweenallvehicleswithinitscoverageareainthenetwork. Then,

withtheadditionofvariouschallengingfactorssuchasmulti-hops,Half-Duplex,andSINR

ismaketheschedulingdecisionsevenmorediicult.Forinstance,insomecasesofV2V

scenarios,thetransmittedpacketmayneedtoberelayedthroughmultipleV2Vnodesbefore

reachingitsdestinationastheroutingpathsbetweensourcesanddestinationsareafected

bycommunicationdistanceorfadingissues. Hence,changingvehiclemovementwiththe
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networktopologydynamically mayafectothertransmissions.Inanother V2Vscenario

consideringtheHalf-Duplex mode,we mayhaveverylimitedresourcesasanodecannot

transmitorreceiveatthesametime. Theconsiderationofthisconstraintposesanother

majoraspectduringscheduling. Afterward,duetothedynamic movementsofvehicles,

schedulingavailableresourcesonresourceblocksundertheSINRconstraintiseven more

diicultasitisafectedbypotentialinterference,particularlyforthosevehicleswhichare

oftenincloseproximity. Atthattime,indingacorrectroutingpathandschedulelinksby

allocatingRBswithaconsiderationofvaryingpowertransmission,half-duplexandSINR

constraintsinthenetworkmaketheschedulingdecisionsevenharder. Hence,tohandlethe

arisingchallenges,welaterdeviseefectivemachinelearningandartiicialintelligence-based

approachesthatplayacrucialroleinpreventingthecomplexityoftheschedulingalgorithm

whileexchanginginformationinthenetwork.

Inthisthesis,wediscusstwoseparatestudiestodesignanefectiveautonomousvehicular

transportationsystem. Ourirststudy(MVGCF,MaximizingV2VGroupCommunications,

andFairness)describedinChapter3isreferredtoasaunicastcommunication method,

whilethesecondstudy(OnlineAgeofInformation(AoI) Minimization Method)explained

inChapter4isoferedtoasabroadcastcommunication method[19]. Thefundamental

objectivesaregivenbelow.

1. Theirststudyofthisthesisisto maximizethetotalnumberofcommunicationsfor

groupsofvehicleswhile maintainingfairnessamongallV2Vcommunicationpairs

2. Whileanothercrucialstudyofthethesisisto minimizethetotaloraverageAoIof

alldatastreamsthatareintendedforautonomousvehiclesinthenetworkwithinthe

roadsegmentfortheentiretimeframe

Study1(maximizingthetotalnumberofcommunicationswhilemaintainingfairnessfor

allV2Vcommunicationpairs):

Chapter3solvestheroutingpaths(i.e.,asetofintermediatelinksbetweensourceand

destinationpairs),resourceallocation,andlinkschedulingforastreamofpacketsbetween

vehicleswithinamulti-groupcommunicationconiguration.Forinstance,groupsofvehicles

(i.e.,policecars,ambulances,ireighters,buses,andcityleets)communicate witheach

memberofitsgroup[20]. Thischapteraimsatsettingcommunicationlinksbetweenall

vehiclepairs withinagrouputilizing WiFitechnologytoalleviatetheloadoncellular

networksandthenschedulestransmissionlinksto RBs. Sincenotallpairshavedirect

communicationcapabilities,theproblemextendstorelayingandschedulingdatapackets

through multi-hoptransmissions. Thestudyaimsto maximizecommunicationeiciency

amongvehiclegroupswhileensuringfairnessandallowingresourceblockreuseunderthe

Half-DuplexandSINRconstraint.Itisassumedthatby maximizingthetotalnumberof
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datapackets,thesystemwillalwayschooseapairofnodesthatareclosetoeachotherto

saveallocatedresources.Therefore,apairofnodesthatarefarfromeachotherandrequire

multi-hoptransmissions,hasaverylowor maybezerochancetobeconsideredforaV2V

datacommunication.

Study2(minimizingAoIforalldatastreams):

Astraditional metricslikethroughputandlatencydonotsuicientlycapturedata

streamtimelinessandfreshness[21–23],Chapter4focusesontheminimizationofAoIacross

alldatastreamsinautonomousvehicularnetworkstopreventaccidentsorhazardoussit-

uations. Unliketheirstobjective,directdatastreamconnectionsbetweenvehiclepairs

areabsent.Instead,avehiclecanparticipateinrelayingorrebroadcastingdatastreams

tonearbyvehiclesbasedondataimportancewhileconsideringthelimitationsimposedby

thehalf-duplexconstraint,transmissionrange,andSINRthresholds[24,25]. Toachieve

the mentionedobjectiveofthischapter,anarrayofdecision-makinginformation,includ-

ingrelaying,transmissiontiming,anddatapacketdropping,isrequiredto minimizethe

total/averageAoIofalldatastreamsatallnodesfortheentiretimeframe. Hence,several

complexitiesariseindecidingwhichpacketsofdatastreamstobroadcastovertransmission

links,schedulinglinksontimeslots,andensuringpacketordertransmissionon multi-hop

paths.

Thecontributionsofthethesiscanbesummarizedasfollows:

•Thestudiesof Multi-GroupV2VcommunicationsandAgeofInformation(AoI)min-

imizationareirst mathematicallyformulatedasa mixedintegerlinearprogramming

(MILP)toobtainoptimalsolutionsforstaticenvironments.

•DuetotheNP-hardnessoftheintroducedproblemsandovercomingthecomplexity

ofbothoptimization models,twoscalableheuristic-based methodsareproposed.

•Wethenformulatebothproblemsasan MDP,andthestructuredframeworkfor

modelingandanalyzingtheproblemsisdemonstrated.

•Tomakeinformedandefectivedecisionsandsolvebothproblems,tworeinforcement

learning(RL)based methods,namelyQlearningandDDQNareemployed.

•Tofurtherenhancethelearningbehaviourofeach RLagentandimprovetheper-

formanceoftheaforementioned methods,twoinnovativehybridheuristic-basedRL

methodsareemployedbycombiningthestrengthoftheheuristic methodsandRL

algorithms.

•Finally,comprehensivecomparisonsbetweenproposedapproaches;conventionalRL

methods,hybrid methods,andheuristic methods,areshownwiththe MILP-based

optimalsolutionsandRandom methodonsmallinstancesforbothproblems. Then,
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wecomparetheperformanceoftheintroduced methodsforbothproblemswithout

theoptimization modelonboth mediumandlargeinstances.Later,theefectiveness

ofthehybridapproachesintermsofthenumberofsuccessfulcommunicationsand

attainmentof max-minfairnessisshownforthe Multi-GroupV2Vcommunications

problem.Incontrast,theefectivenessofthehybridapproachisevaluatedfortheAoI

minimizationproblemintermsofeiciently minimizingtheexpectedweightedsum

ofAoI.

Therestofthethesisisorganizedasfollows.

•Chapter2providesanoverviewoftherelatedwork,suchasRoutingandSchedulingto

maximizecommunicationthroughput,Fairness,andathoroughreviewoftheAgeof

Information.Besides,weprovideexplanationsandlimitationsofthecurrentstudies.

•Chapter3givesanintroductionanddescriptionofthe Multi-Group V2VCommu-

nicationsproblem. Then,we mathematically modeltheproblem. Wealsoshowthe

hardnessoftheproblemandexplanationsoftheproposedscalable method.Further-

more,weevaluatetheperformanceoftheproposed methodswithkeyindings.

•Chapter4givesadetailedintroductionanddescriptionofthe AgeofInformation

(AoI) minimizationproblem. Wethenformulatethe mathematicalformulation. We

alsoshowthehardnessoftheproblemandexplanationsoftheproposedscalable

method. Furthermore, weevaluatetheperformanceoftheproposed methodswith

keyindings.

•Chapter5concludesthethesis,summarizingtheindingsandsuggestingpotential

avenuesforfutureresearch.
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Chapter2

Related Work

In Vehicle-to-Vehicle(V2V)communications,schedulingisconsideredtobeaprominent

processinarranging,controlling,andoptimizingtheoperationoftheserviceproviderfor

anyapplication. Asaresult,thekeygoalistoconstructanefectiveresourceallocation

systemthatallows multiplevehiclestocommunicatesimultaneouslywitheachother[26].

Alongside,anothercrucialandreliableaspectinV2Vcommunicationsisto maintainfair-

nessinvehicularnetworkstoensureequitableandefectivesharingofdataamongvarious

vehicles. Also,therecentrapidgrowthof AoIschedulingthatprovidesthefreshnessof

informationin V2Vcommunicationsstandsasaprominentresearchchallengebecauseit

requiresanoptimalselectionofbroadcastednodesinV2Vcommunications.Inthefollowing

subsections,wepresentadetailedoverviewoneachofthemandhighlightthenoveltyof

ourwork.

2.0.1 RoutingandSchedulingto maximizecommunicationthroughputs

Theauthorsin[26]investigatedTDMA,inwhichthetimeframeisdividedintonumerous

timeslotsinordertosharethesamefrequencychannel withoutinterfering withother

nodesinvehicle-to-everything(V2X)andclassifythembasedontheirschedulingtechnique

knownasfuzzylogic-basedresourceallocation. Theproposed methodwasaccomplished

byallocatingresourcestoallRBs,followedbytheHalf-Duplexcharacteristics.Similarto

ourwork,thegoalistomaximizenetworkthroughput. However,theydidnotconsiderany

priorityqueuesandfairnessintheirsystem. Theauthorsin[27]focusedon maximizing

systemthroughputthroughapowercontrolschemecalled Belief Propagationbasedon

Real-timeUpdateof Messages(BPRUM),where multiplelinkscansharethesameRB.

Ontheotherhand,theauthorsin[28]proposedabeamforming-basedmulti-pointtrans-

missionalgorithmtoimprovesystemthroughputbyconsideringsimultaneoustransmissions

onseveralchannels.Similarly,in[29],theauthorsproposedanapproachto maximizesys-

temthroughputbyreusinganRB.Additionally,theyanalyzedandprogrammedthepo-
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tentialreductioninpowerconsumptioninacellularnetworkusing MILPandsolveditby

aGurobioptimizer. Moreover,theauthorsin[30]presentedaninterference-awarerelayse-

lectionmechanismthatschedulestransmissionandroutingina multi-hopnetwork,aiming

toimprovenetworkthroughputwhileconsideringtheSINR model.

In[31,32],theauthorsproposedaRBsharingalgorithmthatallowsmultiplevehiclesto

shareasingleRB,withtheobjectiveofmaximizingconcurrentdatatransmissionswhilead-

heringtoSINRconstraints. Theauthorsin[33]examinedthecompressivedatagathering

(CDG)andschedulingprobleminwirelesssensornetworksanddivideditintotwosub-

problems:treeconstructionandlinkscheduling. Theyalsodiscussedhowwellthesystem

handledtransmissionsandgathereddelays.

Vehicle-to-everything(V2X)communicationisessentialforroadsafetywhile maintain-

inghighdependabilityandlowlatency. Auniquestrategyofjointpowercontroland

resourceallocation modeselectionwasproposed,utilizingtworesourceallocation methods

in[34]tosolvetheresourceallocationproblemunderdiversenetworks. Also,theyaimedto

enhancetheoverallinformationvalueofV2Xcommunicationwhile minimizingSINRand

maximizingtransmitpower.

Similartothis,thestudyin[35]discussedresourceblockallocationinD2D-basedV2V

communicationsundertherestrictedconditionofSINR.Theyusedfunction mappingto

converttheproblemintoaninferenceproblemonafactorgraph modelandexplained

the message-passingtechnique. Afterward,toaddresstheissue,aBPRUMalgorithmwas

proposedto maximizetheconcurrentlinks whileensuringthesatisfactionofqualityof

service(QoS).

However,theydidnotformulatetheirproblemas MixedIntegerLinearProgramming

andconsiderfairnessintheirsystem. Unliketheaforementionedstudies,ourworkstrongly

emphasizes maintaining max-minfairnessamongcommunicationpairs while maximizing

thetotalnumberof V2Vcommunicationsconsideringthe RBallocationandscheduling

techniques. Byincorporatingfairnessasoneofthekeyobjectives,ourapproachaimsto

ensureequitableutilizationofresourcesamongallV2Vcommunicationpairs,leadingtoa

morebalancedandeicientsystemoperation.

Theauthorsin[36]introducedRLtosolveaConstraintSatisfactionProblem(CSP)

incellularnetworks,wheretheirgoalwastoensurequickdatatransmissionwhilesaving

power.In[37],theyintroducedadecentralized methodcalledFed-MARLthatcombines

deepreinforcementlearning(DRL)andfederatedlearning(FL)toimprovecommunications

betweenvehicles(V2V)while maximizingdatatransmissionovercellularlinks. Theycre-

atedindividual”agents”foreachV2VpairusingduelingdoubledeepQ-network(D3QN)

andenabledtheseagentstoworktogetherbysharinginformation.

In[38],theauthorsinvestigatedtheresourceallocationprobleminvehicularcommu-

nicationsusingdeep Q-network(DQN)anddeepdeterministicpolicy-gradient(DDPG)
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approaches. Theformerwasresponsibleforsub-bandassignment,whilethelatterwasused

forcontinuouspowerallocation. Also,tohandledynamicenvironments,ameta-basedDRL

algorithmwasintroducedtoimproveadaptability.

In[39],adecouplingapproachwasconsideredinvehicularcommunicationsforchannel

allocationandpowercontrolschemes. Theyalsoproposedahybridapproachto maximize

thesystems’eiciencywhileensuringtheschedulingofV2VlinksonRBs.

Theauthorsin[40]studiedhowtoallocatechannelsandcontrolpowerinvehicularand

cellularnetworkstoensuregoodqualityofservices(QoS)fordiferenttypesoftraic.They

proposeda Multi-agentdeepdeterministicpolicygradient(MADDPG)frameworktosolve

thisproblemfor V2Vcommunications, wheretheprimaryobjectiveisto maximizethe

utilityofvehicularuserswhileensuringQoSforallusers. However,itisimportanttonote

thattheirframeworkdidnotaddresstheissueoffairnessamongallV2Vlinks. Unlikethe

problemproposedinthispaper,ourresearchemphasizestheimportanceoffairnessamong

V2Vlinksinadditiontosystemperformance.

Similarly,in[41],theauthorsexploredtheallocationofsub-channelsandpowercontrol

inagroupofconnectedandself-drivingvehiclestoensurestablecommunication.Intheir

work,twomethodshavebeencompared:onewhereacentralstationmakesdecisionsbased

onlimitedinformationaboutthelinks,andanotherwhereeachvehicleindependentlyuses

RLto makedecisions. Thegoalisto maximizethetransmissionratewhile maintaining

stability. However,theirapproachhaslimitationsintermsoffairness.In[42],theauthors

focusedonaproblemknownasmulti-taskoloading(MTO),whichinvolvesoloadingtasks

whilevaryingnetworkrequirements.TheyproposedamethodcalledSMRL-MTOthatuses

meta-reinforcementlearningtoadaptquicklytodiferentsituations. However,theydidnot

considerthroughputandtheamountofinformationthatcanbetransmittedintheirsystem

whileoptimizingtaskcompletiontimeinvariousoloadingscenarios.

In[43],theauthorsproposedaDRL-basedschemecalledJoBARStoimprovecommu-

nicationinvehicularnetworksusing mmWavebasestations. Theyconsideredjointbeam

allocationandrelayselectiontooptimizethetotaltransmissionrate.Theyalsointroduceda

ratepunishmentrestrictionandrelayingincentivemechanismtoensurehigh-qualityservice

forvehiclesandfairrelayselectionbutdidnotconsiderthroughputintheirsystem.

Althoughthereviewedpaperspresentedinnovativeapproachesforresourceallocationin

vehicularnetworksandusedseveralRLand/orDRLalgorithmsforimplementation,they

didnotexplicitlyaddressboththroughputandfairnessforgroup-basedV2Vcommunica-

tionsintheirsystems.

2.0.2 Fairness

Inordertoanalyzeadrone-assistedvehicularnetworkproblem,theauthorsin[44]tried

tomaximizenetworktransmissionutilitywhilereducingrandomdatatransmission. Unlike
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ourwork,despiteexplainingthesystem’sfairness,theydidnotmaintainanyqueuesbased

onthepriorityofrequests. Theauthorsin[45]presentedagreedyalgorithmthataimsto

maximizethroughputwhile minimizingservicedisruptionfor multiplerequestingvehicles

withintherangeofroadsideUnits(RSUs).Inordertoservethevehicles’downloadrequests,

theydevelopedajointfrequencyschedulingandpowercontrolschemeoverbothI2Vand

V2Vcommunications, wheretheformerisaddressedasalinearprogrammingproblem.

Unlikeourstudy,thispaperdidnotconcentrateonimprovingtheamountoffairnessbased

ontherequest’spriorityqueuewhileensuringfairnessinvehicularcommunications.

In[46],theauthorsinvestigatedacellularnetworkwhereD2Dnodesareallowedtoshare

thesametimeslotswithcellularuserequipments(CUEs)undercertainconstraints. After-

ward,tomaximizethenormalizedsumofthroughputforallD2Dusers,ahybridspectrum

schemeapproach, whichlearnedanoptimalstrategytoallocateresourcesautonomously,

wasproposed. Later,toaddressfairnessissuesamongallD2Dusers,theyconsideredthe

doubledeepQ-network(DDQN)toachievefairnessforallD2Dusers. However,theydid

notformulatetheirproblemas MILPandexploretheV2Vcommunicationsusing WiFiwith

thereuseofresourceblocksundertheHalf-Duplexconstraint. Also,theyfailedtodevise

aheuristic methodusingpriorityqueueswhileconsideringfairnessforalargenetworkin

theirsystem. Moreover,theydidnotshowtheconceptofahybriddeeplearningapproach

toruntheexperimentsoveranextremelylargenetwork.

Later,authorsin[47]showedthatnotallitemswerebroadcastedseveraltimestomaxi-

mizethechannelbandwidth. Hence,thesystemcreatedunfairnesstoothers. Duetohaving

suchunfairnessinthesystem,theyintroducedafairness-friendly(FF)solutiontobalance

thetrade-ofbetweenfairnessandthroughput. However,theproposedalgorithmprovides

afairserviceifandonlyifthevaluebetweenUniformlyDistributedRequestServedPer-

centage(UDRSP)andSkewedDistributedRequestServedPercentage(SDRSP)areequal

ornearlyequivalent.

Inastudypresentedin[48],theauthorsshowedthatpopulardataitemsarebroadcasted

multipletimesto maximizethebandwidthofthebroadcastchannel, which maycreate

unfairnessfornon-popularitems. Tobalancethroughputandfairness,theyproposeda

solutioncalledRoadNetthatprioritizestransmissionsbasedontheusersatisfactionratio.

Incontrast,theauthorsin[49]analyzedasatellite-terrestrialintegratednetwork(STIN)

andshowedfairnessinuserassociationwhile maximizingthethroughputbyreusingRBs.

However,intheabove-mentionedstudies,noneofthemusedmax-minfairnessbymaxi-

mizingthenumberofcommunicationsfortheonewiththeleastnumberofcommunications.

Inadditiontothefactthatnoneofthemstudiedthecombinatorialproblempresentedin

thispaper.
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2.0.3 AgeofInformation

Thestudyin[50]investigatedtheAoIminimizationprobleminwirelessnetworkswithtime-

varyingchannels. Theyformulatedtherelaxedproblemasaconstrained Markovdecision

process(CMDP)andutilizedlinearprogrammingtoindanoptimalsolution. Building

anoptimalpolicyderivedfromtherelaxedproblem,theyproposedatruncatedscheduling

policythatadherestotheoriginalstrictpowerconstraint whileachievingefective AoI

minimization. Similartoourwork,theyalsoaimedto minimizethetotalweightedsum

of AoI. However,theydidnotformulatetheirproblemas MILPandexplorethe V2V

communicationswiththereuseofresourceblocksundertheHalf-Duplexconstraint.

In[51],theauthorsintroduced WiFresh,whichaimedtoachievenearlyoptimalinfor-

mationfreshnessin wirelessnetworks,eveninoverloadednetworks. Theirexperimental

indingsdemonstratedtheefectivenessof WiFresh, whichincorporatestwostrategiesin

improvinginformationfreshnesscomparedtostandard WiFinetworkstoachieveasignii-

cantimprovementoftwoordersof magnitude.In[52],theyexaminedabasestationthat

handlestraicstreamsinanIoTnetworkwith mobileedgecomputing(MEC)assistance.

To minimizetheexpectedsumofAoI,theauthorsinitiallyemployedlinearprogramming

(LP)toderiveanoptimalpolicy. However,duetothecomplexityoftheLPapproach,they

laterintroducedlow-complexityalgorithms.

Theauthorsof[53]investigatedanalgorithmthatcalculatesthenecessarycharging

timeforeachsourcenodewhileconsideringtheweightedAoIinawireless-powerednetwork.

Similartoourwork,theirgoalwasto minimizethetotalweightedsumofAoI.However,

theydidnotformulatetheirproblemas MILPandexploretheV2Vcommunicationsusing

WiFiwiththereuseofresourceblocksundertheHalf-Duplexconstraint.

Theauthorsof[54]consideredtransmissioncapacity,focusingonanetworkscenario

whereabasestationregularlyupdates multipleuserswithrandomlyarrivinginformation.

Byconsideringolineandonlinescenarios,theschedulingalgorithms wereproposedto

minimizetheaverageAoIinthewirelessnetwork. Theauthorsof[55]studiedAoI-oriented

schedulingforawireless multiuseruplinknetworkandformulatedtheschedulingproblem

usingapartiallyobservable Markovdecisionprocess(POMDP).Tosimplifytheproblem,

theytransformedthePOMDPintoabelief Markovdecisionprocess(belief-MDP).Then,

usingthebelief-MDPframework,theydevelopedthePOMWpolicyto minimizetheex-

pectedweightedsumofAoIinthenextslot.

Similarly,theauthorsof[56]focusedonwirelesspoweredsensornetworks(WPSNs)and

aimedto minimizetheaverageweightedsumofAoI.Then,theyformulateditasa multi-

stagestochasticnon-linearintegerprogramming(NLP)challenge. Totacklethisproblem

efectively,theydevisedanalgorithmnamed DRLLthatcombines Deep Reinforcement

Learning(DRL)andLyapunovoptimization methods. The DRLLalgorithmeiciently
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managestheschedulingofenergytransferandpackettransmissioninthe WPSNs. The

authorsof[54–56]discussedtransmissionschedulingstrategiesandintroduced RL-based

solutionsto minimizethetotal weightedsumof AoI. However,theydidnotformulate

theirproblemas MILPandexploretheV2Vcommunicationsusing WiFiwiththereuseof

resourceblocksundertheHalf-Duplexconstraint.

Theauthorsof[57]investigatedthetransmissionschedulingstrategyforautonomous

underwatervehicles(AUVs)inanunderwater wirelesssensornetwork(UWSN), where

AUVswithrandomlifetimeareconsidered. Also,theAUVswereresponsibleforselecting

anunderwaterdatacollectionstationtoupdatedata, which wasthenuploadedtothe

surfacebasestation. Tooptimizetheschedulingstrategyforthe AUVandprovethe

thresholdstructurecharacteristicsoftheoptimalstrategy,theproblemwasformulatedas

adiscounted Markovdecisionprocess. Similartoourwork,theydiscussedtransmission

schedulingstrategyandintroducedRL-basedsolutionstodealwiththedynamicnatureof

theenvironment. However,thegoalwasnottominimizetheweightedsumofAoIallowing

multipletransmissionsundertheHalf-Duplexconstraint.

Theauthorsof[58]focusedonanalyzingtheAoIperformanceinamulti-sourcesystem.

Thesystemconsistsof multiplesourcesgeneratingupdates,withtheconstraintthatonly

oneupdatewastransmittedtoa monitoratanygiventime. Theauthorsconsideredfour

diferentschedulingpolicies,includingrandomscheduling,round-robinscheduling,age-

greedyscheduling,andthe Whittleindex-basedpolicy,tocomparetheAoIperformancein

sucha multi-sourcesystem.In[59],theauthorsconsideredabasestationschedulingthat

broadcastsstatusupdatescontainingrandomlyarrivinginformationtomultiplenodesover

asharedbandwidth-limitedchannel. Theyproposedoptimalstationaryrandomizedand

Max-Weightpolicies,wheretheformerisinvestigatedwhenthetransmissionfeedbackis

unavailable,andthelatterisintroducedwhenthefeedbackisavailable. Withthehelpof

theseapproaches,theyaimedto minimizetheweightedsumoftheaverageAoSofallthe

nodeswhile meetingthe minimumthroughputrequirementofeachnode. Thoughthegoal

isto minimizethetotalweightedsumof AoIbyvaryingseveralheuristic methods,they

failedtovalidatetheirperformancewiththehelpofanoptimalsolution. Alongsidethis,

schedulingdecisionandthereusesofresourceblocksunderHalf-Duplexconstraintwasnot

explored.

Inthisstudy,unlike mentionedworksabove,weare mainlyfocusedontheproblemof

AoIinV2Vcommunications,wheremultipletransmissionsareallocatedtoresourceblocks

whileadheringtothe Half-Duplexconstraint. Thispaperaimsto modeltheproblem

asa Markov DecisionProcess(MDP).Furthermore, wedeviseahybridheuristic-based

reinforcementlearning methodtoindaneicientsolutionthat minimizesthetotalAoIin

intelligenttransportationsystems.

Tothebestofourknowledge,wearetheirstwhostudiesthecombinatorialproblem
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ofroutingandschedulingdatapacketsintwodiferentcommunication methods(Unicast

andBroadcast).Inthe MVGCFproblem,weconsiderroutingandschedulingfor multiple

V2Vcommunicationpairsofvehiclesthatcommunicateingroupsto maximizethetotal

numberofsuccessfulcommunicationswhile maintainingfairness,whilethe OAMMprob-

lemwasresponsiblefortraversalofbroadcastednodesbetweensourcesanddestinations

to minimizethetotaloraverage AoIofalldatastreamsforautonomousvehicles. Both

ofthemposesigniicantchallenges, wherethe MVGCFproblemhastoindappropriate

pathsthrough multi-hopstoestablishcommunicationbetweenapairofvehicles,schedule

linksandallocateRBs,reuseRBsbytuningpowertransmissionandconsideringSINRfor

simultaneoustransmissions. Ontheotherhand,theOAMMproblemtakesintoaccountre-

sourceallocationundertheHalf-Duplexconstraint,traversalofbroadcastednodesbetween

sourcesanddestinations,linkscheduling,andthereuseofresourceblocks.
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Chapter3

Maximizing Communicationsand

Fairness Within Groupsof Vehicles

Intelligentvehicle-to-vehicle(V2V)communicationsoferpromisingsolutionstothefuture

ofvehicularnetworksandautonomousdriving. Thischapterinvestigatesthechallengeof

establishingeicientcommunicationsamongpairsofvehiclesusing WiFitechnology.Itis

assumedthatthereare multiplegroups,andvehicleswhichbelongtoagrouphaveadedi-

cateddatastreamtoeachvehicleintheirgroup. Asaresult,eachsource-destinationpair

withinagroupisassociatedwithadistinctdatastream,providinganeicientandreliable

meansofdatatransmission. However,duetocommunicationrangelimitations,notallpairs

cancommunicatedirectly,andtheyhavetorelaydatapacketsthrough multi-hops. The

objectiveofthischapteristo maximizethetotalnumberofcommunicationswhileensur-

ingfairnessamongV2Vcommunicationpairs. Toachievethis,theproblemofscheduling

andrelayingdatathrough multi-hopvehiclenodesforsource-destinationpairsbysharing

resourceblockswithinatimeframeundertheconstraintofsignal-to-interference-plus-noise

ratio(SINR)isinvestigated.Inthischapter,irst,theproblemof MaximizingV2VGroup

CommunicationsandFairness(MVGCF)is mathematicallyformulatedtoindoptimalso-

lutions. Then,itisshownthattheproblemis NP-hard,andowingtoitscomplexity,a

scalable methodisproposedfor moreextensivenetworks. Totacklethedynamicnatureof

theenvironmentandvehicle mobility,theproblemis modeledas MDP,andtworeinforce-

mentlearning(RL)algorithms,namelyQlearningandDoubleDeepQ-Networks(DDQN),

areproposedtosolveit. Furthermore,toimprovetheperformanceofboth methods,two

hybridheuristic-basedRL methods,namely MVGCF-Qlearningand MVGCF-DDQN,are

devised. Thenumericalresultsdemonstratetheefectivenessofthehybrid methodsin

termsofthenumberofsuccessfulcommunicationsand max-minfairnesswhencompared

toastate-of-the-artheuristicmethodandtheconventionalRLmethodsforsmall,medium,

andlargenetworks.



17

3.1 Introduction

Intelligenttransportationsystems(ITS)aredevelopingquicklytoofercutting-edgeservices

forvehicles,suchasinfotainment,traiccontrolandsafetyamongothers.ITSalsofoster

intelligentvehicularenvironmentsthroughafullyconnectedparadigmknownasvehicular

communicationnetworks[5],whichenable movingvehiclestoremainonlineandlinkedto

theirsurroundingswhiletraveling.Inthatsense,vehicularcommunicationnetworkspro-

videvariousactivitiessuchasautonomousdriving,roadsurveillance,sourceanddestination

locations,dangeroussituationdetection,datasharing,informationaboutdrivingbehaviors,

communicationservicesbetweenneighboringvehicles,and many more[7]. Theseactivities

resultin moreeicient,safer,andcomfortabledrivingexperiencesandcreatenewoppor-

tunitiesinvariousbusinesssectors. Therefore,thenetworkingindustryandacademiahave

expressedastronginterestindevelopingvehicularcommunicationnetworksandleveraging

relevantservices.

Therecentgrowthofgroupcommunicationapplicationshasbeenwidelystudiedbecause

ofvehicles’highdatapacketdeliveryratios,andthroughput. Asaresult,thecommuni-

cationsbetweengroupsofvehicles(i.e.;policecars,ambulances,ire-ighters,buses,and

cityleets)arerequiredinthenetworktoprovidehighthroughputs,andfewernetwork

congestions[20].Forexample,whenapatientrequestsanambulanceincaseofemergency,

anearestgroupmemberofambulancescanquicklyrespondvia WiFitotherequestedplace

toprovideservicesandlearnabouthighmobilityandtraiccongestionfromothermembers

ontheroadwithinthecommunicationrangebysharingitscurrentlocation. Also,until

reachingtheinaldestination,itcanautomaticallylearnabouttheroad’songoingmobility

andtraicfromitsgroupmemberswithinthecoverage,signiicantlymakingtravelingmore

comfortable.

Inthischapter,weconsidergroupcommunications,whereanypairofnodes(vehicles)

thatbelongtothesamegrouphasadatastreamtotransmittoeachother. Wereferto

anysource-destinationpairasacommunicationpair. Becauseofacommunicationrange

(whichcanbedeinedbytransmissionpowerandfading),notallthecommunicationpairs

haveadirectlink. Hence,forsome, weneedtocreateapathbyrelayingtransmissions

over multi-hopnodes(vehicles). Weconsideratimedivision multipleaccess(TDMA)

medium,wherethetimeframeisdividedintoequaltimeslots. Thesizeofthetimeframe

isconsideredverysmallsuchthatthepositionofvehicles,basedontheir maximumspeed,

willnotsigniicantlychangetoafectthebroadcastingofdataevenwhenhavingmulti-hop

transmissions. Therefore,wecanconsideranewtimeframeforthefuturevehicleposition

change. Wealsoconsiderthatthebandwidth[18]isdividedintoequalorthogonalchannels,

andweassumethatthesizeofdatapacketsisixedthatcanbeittedandtransmitted

usingoneresourceblock(i.e.,onechannelandonetimeslot). However, we mighthave
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simultaneoustransmissionsinaresourceblock(RB)ifsignal-to-interference-plus-noiseratio

(SINR)atreceiversallowsthat.

Inthischapter,ourproblemisirsttoindaroute(path)betweeneachpairofnodes

inagroup,andthenscheduletransmissions(links)byallocatingRBs. Theobjectivehere

istomaximizethetotalnumberofdatapacketswhilemaintainingfairnessamongallcom-

municationpairs.Itisobservedthatby maximizingthetotalnumberofdatapackets,the

systemwillalwayschooseapairofnodeswhichareclosetoeachothertosaveallocated

resources. Therefore,apairofnodeswhicharefarfromeachotherandrequire multi-hop

transmissions,hasaverylowormaybezerochancetobeconsideredforaV2Vdatacommu-

nication. Hence,itisalsoessentialto maintaincommunicationfairnessby maximizingthe

totalnumberofV2Vcommunicationpacketsforapairofnodeswhichhavecommunicated

theleastwithinatimeframe(i.e.,maximizingtheminimumV2Vcommunicationpair).In

otherwords,ittriestoachievefairnessby maximizingtheV2Vcommunicationpairwith

a minimumnumberofcommunications,promotingequitablecommunicationopportunities

acrossallpairsofnodes.

Theproblemofroutingandschedulingdatapacketsfor multipleV2Vcommunication

pairsinmultiplegroupsofvehiclestomaximizethetotalnumberofsuccessfulcommunica-

tionswhile maintainingfairness(MVGCF, MaximizingV2V GroupCommunicationsand

Fairness)isacombinatorialandchallengingproblem;needtoassignlinksforcommunica-

tionpairs,schedulelinksonRBs,andconsiderRBreuseforsimultaneoustransmissionsby

consideringSINRwhile maintainingfairnessamongallcommunicationpairs. Therefore,

solvingsuchacombinatorialproblemisnotatrivialtask,andtothebestofourknowl-

edge,nosuchproblemhasbeentackledandsolvedbefore. However, wehave modeled

theproblem mathematicallyandsolveditusingtheoptimization modelandthe MVGCF

method.Inthischapter,toconsiderthedynamicnatureoftheenvironmentmoreprecisely,

wemodeltheproblemas MarkovDecisionProcess(MDP),andsolveitusingtworeinforce-

mentlearning(RL)algorithms,namelyQlearningandDoubleDeepQ-Networks(DDQN).

Furthermore,toimprovetheperformanceofboth methods,we mergeourheuristicalgo-

rithm MVGCF withthemandproposetwohybridheuristic-based RL methods,namely

MVGCF-Qlearningand MVGCF-DDQN.

Therestofthechapterisorganizedasfollows. Thesystemmodelandproblemdescrip-

tionarepresentedinSection3.2,whilethemathematicalformulationisgiveninSection3.3.

Thehardnessoftheproblemandexplanationsoftheproposedscalable methodaregiven

inSection3.4.Section3.5presentstheexplanationsofbothRLandhybridRL methods.

Section3.6evaluatestheperformanceoftheproposedmethods,andSection3.7summarizes

thechapterwithkeyindingsandsuggestingpotentialavenuesforfutureresearch.
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3.2 System ModelandProblem Description

3.2.1 System Model

Weconsideraroadstructure,asshowninFig.3.1,wherevehiclesaregroupedindiferent

groupsandthateachvehiclehasadatastreamwithanothervehicleinitsgroupwithina

ixedrange. Thesizeofthisrangedependsontheimportanceofdatatobesharedwith

othergroup members,whichcanvaryfromafewhundred meterstoafewkilometers.In

theigure,forexample,wehavethreegroupsshownwithred,blue,andyellowcolors;a

memberofeachgrouphasadatastreamwitheachandeveryvehiclethatbelongstothe

samegroup. Weconsiderthesystemover multipletimeframes.Eachframeispartitioned

intoequaltimeslots,t=1,2,...,T. ThetotalnumberoftimeslotsinaframeisT. We

consideroursystemateachtimeframe,asshownintheigure,asagraphG =(N,E),

whereN isasetofnodes(vehicles)intheroadsegment,andE isasetofedges(links),

whichbasedondiferentfactorssuchas,thedistance, maximumcommunicationpower,

presenceofobstaclesandfading,connectanytwonodes.Inthegraph,edgesareshown

withdottedlines. ThegraphG isconstructedinadvanceatthebeginningofeachtime

frame. TobenotedthatthesizeofthetimeframeTisconsideredverysmallsuchthat

thepositionofvehicles,basedontheir maximumspeed,doesnotsigniicantlychangeto

afecttheconstructedgraphG. Therefore,anewgraphwillbeconstructedforthenext

timeframe. Thevehicles’speedisconsideredtofollowatruncated Gaussiandistribution

rangingfromνmin toνmax [60],andvehiclestravelatrandomspeed[30,61]. Also,the

vehicles’arrivalintotheroadsegmentisconsideredtofollowaPoissondistributionwith

densityρVehicle/Km[62].

Forsimplicity,weassumeinthenetworkwehaveM communicationpairstotransmit

datapacketsfromasourcetoadestination,andsincenotallthesourcesanddestinations

haveadirectcommunicationlink,sometimesadatapacketmustbetransmittedovermulti-

hopsasshownintheigurewitharrows. Weconsiderthatthebandwidthisdividedinto

multipleorthogonalchannels, c=1,2,..,C, whereC isthetotalnumberofchannels.

WealsoconsideraTimeDivision MultipleAccess(TDMA) mediumaccesswheretimeis

dividedintoslotsofequallengthasexplainedearlier. Weassumeanydatapacketcan

beittedandtransmittedoveroneresourceblock(i.e,channelcandtimeslott). We

assumeateachtimeslotanodecaneithertransmitorreceiveonedatapacketbecauseof

theHalf-Duplextransmission mode. However,we mighthavesimultaneoustransmissions

inthenetworkifdiferentchannelshavebeenconsideredor/andthesignal-to-interference

plusnoiseratio(SINR)atreceiversisaboveacertainthresholdβ. LetPij,Gij,andα

berespectivelythetransmissionpower,distance,andpowerdecayfromtransmitterito

receiverj,then,theSINRunderthephysicalinterference model[31,63]inthepresenceof
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Figure 3.1: Illustration of the system model; the wireless communication between vehicles is
shown by dotted lines and the packet transmission for a V2V communication pair is shown
by multiple arrows from a source to a destination.

concurrent transmissions is obtained as follows:

SINR(i,j)=
PijG

−α
ij

η+ ∀(h,k)∈E:h=iPhjG
−α
hj

≥β,∀(i, j)∈E (3.1)

whereηis the background noise.

3.2.2 Problem Definition

We are interested in maximizing the total number of communication packets in the network

within a time frameTfor all V2V communication pairs while maintaining fairness. For most

of the V2V communication pairs, source nodes may have no direct links with destination

nodes, hence a packet has to be relayed and retransmitted over multi-hops. Therefore,
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anode,otherthanitsowndatapackets, mayretransmitpacketsthatbelongtoother

communicationpairs. Consequently,thereshouldbeaschedulerthatcoordinatesthese

transmissionsforallnodesandforalldiferentpacketsover multiplechannelsandtime

slots(resourceblocks). However,anodeduetothe Half-Duplexcharacteristicscannot

receiveandtransmit morethanapacketateachtimesloteventhoughthereare multiple

orthogonalchannels. Also,anodecannotretransmitapacketunlessitreceivesitirst.So,

theorderoftransmissionsina multi-hoppathfromasourcetoadestinationisat mostan

importantconstraint.

Now, maximizingthetotalnumberofcommunications mightafectthefairnessinthe

system.Iftheobjectiveisto maximizethetotalnumberofcommunicationpackets,then

thesystemwill mostlyallocateresourceblockstoV2Vcommunicationpairsthatareclose

toeachotherinordertosaveresourcesforothertransmissions.Inthisway,V2Vcommuni-

cationpairs,whicharefarawayfromeachotherandrequirelongroutingpaths,mighthave

averylow,evenzerochancetobeconsideredfordatatransmissions. Therefore,thesched-

ulershouldcountthetotalnumberoftransmitteddatapacketsforeachcommunicationpair

andtriesto maximizeitifithasbeenscheduledtheleastamongallV2Vcommunication

pairs(i.e.,maximizingtheminimumV2Vcommunicationpair)tomaintainfairnessamong

allcommunicationpairswithinatimeframeT.

Problem Deinition(MVGCF)

GivenagraphGofN nodesconnectedthroughEedges,theproblemof MVGCFistoallo-

cateresourceblocks(timeslotsandchannels)forM V2Vcommunicationpairstotransmit

alargenumberofdatapacketsD inaroadsegmentwithinatimeframeT (wherethe

frameispartitionedinto multipleequaltimeslots)suchthatthetotalnumberofcommu-

nicationpacketsinthenetworkis maximizedwhile maintainingfairnessamongall V2V

communicationpairs.

3.3 ProblemFormulation UsingLinearProgramming

Inthissection, we mathematicallyformulatetheproblemasa mixedintegerlinearpro-

gramming(MILP). Theusednotationsarelistedin Table3.1. LetXd
m ∈{0,1}bethe

indicatorofsuccessfultransmissionofdatapacketdforV2Vcommunicationpairm,andF

bethe minimumnumberofdatapacketsthataV2Vcommunicationpairhassentamong

allcommunicationpairstoensurefairness. Theobjectiveoftheoptimization modelisto

maximizethetotalnumberofV2Vcommunicationpacketswhile maintainingfairness.It
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Table3.1: Notationsusedinproblemformulation

Parameters
N Setofnodes.
E Setofedges(links).
M SetofV2Vcommunicationpairs.
T Timeframe(totalnumberoftimeslots).
C Totalnumberofsub-channels.
B LargeconstantbiggerthanT.
K Largeconstant.
Gij Distancefromtransmitteritoreceiverj.
β SINRthreshold.
η Backgroundnoise.
PMAX Maximumtransmissionpower.
PMIN Minimumtransmissionpower.

D
Maximumnumberofdatapacketsthatarepredictedtobe
transmittedwithinthetimeframeT.

Variables

Xd
m ∈{0,1}

IndicatewhetherdatapacketdforV2V
communicationpairm hasbeentransmitted.

F ≥0
MinimumnumberofdatapacketsthataV2V
communicationpairhassentamongallpairs.

Pd,c,t
ij,m ≥0

TransmissionpowerfordatapacketdofV2Vcom.
pairm onlink(i,j)attimeslottusingchannelc.

Rd
ij,m ∈{0,1}

IndicatewhetherthedatapacketdforV2VCom.
pairm hasbeentraverseonlink(i,j).

Sd,c,t
ij,m ∈{0,1}

Indicatewhetherthelink(i,j)fordatapacketdof
V2Vcom.pairm isscheduledattimeslottusing
sub-channelc.

canbe mathematicallywrittenasfollows:

Maximize
m∈M

D

d=1

Xd
m +F (3.2)

subjectto:(3.3)-(3.15),wheretheseconstraintsarederivedindetailsinSections3.3.1to

3.3.8.

Theirsttermintheobjectivefunctioncorrespondstothetotalnumberofsuccessful

transmitteddatapackets,andthesecondone maximizesthe minimumtransmitteddata

packetsforV2Vcommunicationpairstoensurefairness. Thedetailsoftheconstraintsare

giveninthefollowing:

3.3.1 Fairness

Here,max-minfairnessisconsidered. Max-minfairnessisaprinciplethatseekstodistribute

resourcesequitablyamong multipleusersorapplicationsinasystem. By maintaininga
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minimumallocationofresourcesforeachuserbeforedistributinganyremainingresources

toothers,thisapproachnotonlypreventsanyuserfrombeingcompletelydeprivedof

resourcesbutalsopromoteseicientallocation[64].Inordertoobtainmax-minfairness,

thefollowingconstraintisrequiredtoindtheminimumnumberofdatapacketsthata

V2Vcommunicationpairhassentamongallcommunicationpairs:

F≤

D

d=1

Xdm ∀m∈M. (3.3)

3.3.2 DataRouting

LetRdij,m∈{0,1}betheindicatorforadatapacketdtobetraversedonlink(i,j)fora

V2Vcommunicationpairm.Thefollowingconstraintsarerequiredinordertoconstructa

routing-pathforadatapacketdtobetraversedfromthesourcetothedestinationofeach

V2Vcommunicationpairm:

j:(i,j)∈E

Rdij,m−

j:(j,i)∈E

Rdji,m=






1, i=Sourcem;

−1,i=Dest.m;

0, otherwise.

∀m∈M,d=1...D.

(3.4)

Theaboveconstraintsobtainthediferencebetweenthenumberofincomingandoutgo-

ingtransmissionsofthedatapacketdonnodej.Ifnodeiisthesourceofthecommunication

pairm,denotedbySourcem,itoriginatesadatapacket,andhencethediferencebetween

thenumberofoutgoingandincomingdatapacketdisone.Ifnodeiisthedestinationof

thecommunicationpairm,denotedbyDestm,thenthediferenceis-1,sincethenumber

ofincomingactivelinkstonodejiszeroandthenumberofoutgoingactivelinksisone.

Consequently,whennodeiisarelaynodeorneutral(noneoftheabove),thediferenceis

zero;thatis,ifthereisanincominglinktoarelaynode,thereshouldbeanoutgoinglink,

andifthereisnoincominglink,theremustbenooutgoinglinkaswell.

Inaddition,thefollowingconstraintensuresthatalinkcannotactasabidirectional

linkinaroutingdataforloopavoidance:

Rdij,m+R
d
ji,m≤1 ∀(i,j)∈E,∀m∈M,d=1...D. (3.5)

3.3.3 LinkScheduling

LetSd,c,tij,mindicateswhetherlink(i,j)fordatapacketdofV2Vcommunicationpairmin

sub-channelcisscheduledattimeslottornot. Thefollowingconstraintenforcesalink
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nottobescheduledwithinatime-frameTifitisanon-activelink:

Sd,c,tij,m≤R
d
ij,m ∀(i,j)∈E,∀m∈M,d=1...D,

c=1..C,t=1..T.
(3.6)

3.3.4 TransmittedData

Thefollowingconstraintsassertthatthedatapacketdforthecommunicationpairmis

transmittedifthelinksontheroutingpathfromthesourcetothedestinationhavebeen

scheduled;wecanassurethatbycheckingwhethertheoutgoing/incominglinkto/from

source/destinationhasbeenscheduled:

Xdm≤
T

t=1

C

c=1(i,j)∈E:i=Sourcem

Sd,c,tij,m ∀m∈M,

d=1...D.

(3.7)

Xdm≤

T

t=1

C

c=1(i,j)∈E:j=Dest.m

Sd,c,tij,m ∀m∈M,

d=1...D.

(3.8)

3.3.5 SimultaneousTransmissions

Toreduceinterferenceandincreasethesuccessfultransmissionrate,werestrictanodenot

toreceivemultipledatapacketsfromdiferenttransmittersatthesametime.Similarly,we

restrictanodetotransmitseveralpacketssimultaneously.

3.3.5.1 SimultaneousReceiving

Thisconstraintensuresthatareceiverdoesnotreceivedatapacketsfrommultipletrans-

mitterssimultaneously:

m∈M

D

d=1

C

c=1i:(i,j)∈E

Sd,c,tij,m≤1 ∀j∈N,t=1...T. (3.9)



25

3.3.5.2 SimultaneousTransmitting

Thefollowingconstraintrestrictsatransmitternottotransmitseveraldatapacketsto

diferentreceiversatthesametime:

m∈M

D

d=1

C

c=1j:(i,j)∈E

Sd,c,tij,m≤1 ∀i∈N,t=1...T. (3.10)

3.3.5.3 SimultaneousReceiveandTransmit

Usingthefollowingconstraint,weensurethatanodedoesnottransmitandreceiveatthe

sametime:

m∈M

D

d=1

C

c=1

Sd,c,tij,m+
m∈M

D

d=1

C

c=1

Sd,c,tij,m≤1

∀(i,k)&(k,j)∈E,t=1...T.

(3.11)

3.3.6 PowerLimits

Inthefollowing,weforcethepowerofnonactivelinkstobezero;thatiswhenSm,nij,t=0⇒

Pm,nij,t=0,andP
m,n
ij,t>0,onlywhenS

m,n
ij,t=1:

Pd,c,tij,m≤PMAXS
d,c,t
ij,m c=1...C,t=1...T,

∀(i,j)∈E,∀m∈M,d=1...D.
(3.12)

Pd,c,tij,m≥PMINS
d,c,t
ij,m c=1...C,t=1...T,

∀(i,j)∈E,∀m∈M,d=1...D.
(3.13)

wherePMAX andPMIN arethemaximumandminimumallowedpowertransmissions,

respectively.
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3.3.7 SINR

ThefollowingconstraintensuresthattheSINRforactivelinksareabovetheSINRthreshold

β:

Pd,c,t
ij,mG

−α
ij +K(1−Sd,c,t

ij,m)≥

β(η+
m∈M

D

d=1(k,h)∈E
k̸=i

Pd,c,t
kh,mG−α

kjSd,c,t
kh,m)

∀(i,j)∈E,∀m ∈M,d =1...D,c=1...C,t=1...T.

(3.14)

Tosimplifytheaboveconstraint,letK beabigconstantthatsatisiesthefollowing:

K ≥η+ (i,j)∈LPijG
−α
ij.Iflink(i,j)isactiveintimeslott(i.e.,Sd,c,t

ij,m=1),then(3.14)

reducestoSINRexpression(3.1).

3.3.8 Transmission Order

Thisconstraintisrequiredtoensurethatarelaynodecannottransmitunlessitreceives

datafromitspreviousnode. Thatis,alink(k,j)fortheV2Vcommunicationpairm can

bescheduledattimeslott,iflink(i,k)forthesamepackethasbeenscheduledbefore(i.e.,

inatimeslotbetween1andt−1).

C

c=1

t−1

t=1 i:(i,k)∈E

Sd,c,t
ik,m+B(1−Sd,c,t

kj,m)≥

i:(i,k)∈E

Rd
ik,m

∀(k,j)∈E,∀m ∈M,d =1...D,c=1...C,t=1...T.

(3.15)

where B isabigconstant, whichisbiggerthanthenumberoftimeslotsinT. When

Sd,c,t
kj,m =0,inequality(3.15)isalwayssatisied. But, when Sd,c,t

kj,m =1,(3.15)reducesto
C
c=1

t−1
t=1 i:(i,k)∈ESd,c,t

ik,m≥ i:(i,k)∈ERd
ik,m,whichimpliesthatanylinkcarryingpacket

forcommunicationpairmcomingtonodekhadtobeactivatedatatimeslotbetween1and

t−1,otherwise,nodekcannottransmit(or,link(k,j)cannotbeactive,i.e.,Sd,c,t
kj,m≠1)

attimeslott.

3.4 NP-Hardnessofthe MVGCFProblemandtheProposed

Algorithmic Method

Inthissection,weirstprovetheNP-hardnessofthe MVGCFproblem,andthenpropose

aheuristic methodtosolveit.
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3.4.1 NP-Hardnessofthe MVGCFProblem

The maximizationofV2Vgroupcommunicationsandfairnessproblemiscomplexbecause

it mustaddress multiplechallenges:1)indingtheconnectedroutingpathforeach V2V

communicationpair,(2)schedulinglinksover RBsbyconsideringthe Half-Duplexand

SINRconstraintsforeach V2Vcommunicationpair,and3) maintainingfairnessamong

allcommunicationpairs. NotethattheschedulingproblemunderSINRisgenerallyan

NP-hardproblem[65].Ifweconsiderourproblemtobeaseriesofschedulinga maximum

numberofV2Vlinksineachtimeslot,wecandecomposeourschedulingproblemintoa

seriesof Max-ConnectionsScheduling[66]sub-problems. The Max-ConnectionsScheduling

problemistochooseappropriatetransmissionpowerlevelsto maximizethenumberof

successfulconnections, whichhasbeenshowntobe NP-hardin[66]. Withoutlossof

generality,thelinkschedulingproblemovertime-frameTwiththeprecedenceconstraints

is NP-hardbyreducingfromthePreemptiveSchedulingproblem, whichisproventobe

NP-hardin[31]. ThePreemptiveSchedulingistoscheduleasetof P tasks- withina

deadlineT∈Z+,whereeachtasky∈Pissubdividedintosub-tasksy1,y2,...,ynsuchthat
n
i=1L(ti) =L(t), whereL(t)isthelengthoftaskt,andtheschedulingoftiprecedes

ti+1. Forexample,P isasetof V2Vcommunicationpairs whereeachpaircanhavea

longroutingpathy. Eachroutingpathycanhaveoneor morelinksfromy1toyn tobe

allocatedwithin RBs,representingthePreemptiveScheduling mapsproblem. Sinceour

problemisacombinationof multipleNP-hardsub-problemsexplainedabove,sowithouta

doubtitisanNP-hardproblem. Toovercomethecomplexityofthe MVGCFproblem,in

thenextsubsection,weproposeascalablealgorithmic method.

3.4.2 TheProposed MVGCF Algorithm

The mainconceptbehindthe MVGCF method,describedinAlgorithm1,isto maintain

thepriorityqueuePQofcommunicationpairsthat mustbescheduledinthesystemto

achievefairness(i.e.,tomaximizethenumberofcommunicationpacketsforpairsthathave

transmittedtheleast.Inotherwords,maximizingtheminimumcommunicationpair). The

priorityqueuePQisinherentlysortedbythenumberofcommunicationsNC. Another

centralaspectofthe methodistouseasortedcommunicationpairlistCPLsortedbythe

lengthofcommunicationpathsto maximizetheV2Vcommunications. Thealgorithmalso

makesuseofatemporarylistofcompletedcommunications LCCwhichissortedbythe

communicationpathlengthandnumberofcommunicationsNC oninsertion.

Theinputtothealgorithmisthelistofallcommunicationpairsandtheirrespective

pathsCPs.EachpairinCPs,consistsofasourcesandadestinationd,aswellasapath

oftransmissionlinkswhichroutesapacketfromstod.

TheoutputsofthealgorithmarethetotalnumberofcommunicationsTNC,thefairness
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F,andtheresourceblockallocationRB. Atinitialization,thepriorityqueuePQandthe

listofcompletedcommunicationpairsLCC areempty. CP
(i,j)
(s,d)referstotheirstlink

(i,j)ofthecommunicationpathCP(s,d)fromsourcestodestinationd. Thepathofthe

communicationpairCP(s,d)ispre-calculatedfromgraphG(N,E). Thetotalnumberof

successfulcommunicationsNC forallpairs(s,d)iszero. Allcommunicationpairsarealso

sortedandstoredinCPLaccordingtothelengthoftheirshortestcommunicationpath.

Inline2ofthealgorithm,thetimeslottiteratesoverthetimeframeT.Foreachtime

slot,weinitializethesetsoftransmitters(Tran)andreceivers(Rec)toempty(seeline3).

Inline4,whenwestartthealgorithmatt=0,thepriorityqueuePQisempty,solines5-6

willnotbeexecuted.Insubsequenttimeslots(i.e.,t>0)whenthepriorityqueuePQis

notemptyforeachcommunicationpairCP(s,d)inpriorityqueuePQ,thealgorithmscans

allorthogonalchannels(line5)toallocatetransmissionlink(i,j)fromcommunication

pairCP(s,d)onchannelc. Todoso,thealgorithmcallsfunctionSchedulepresentedin

Algorithm2toallocatethetransmissionlinkintotheresourceblock RBc
t, wheretand

carerespectivelythetimeslotandchannel. Thisfunctionalsocheckswhetherapacket

thatbelongstoacommunicationpairhasalreadyarrivedatitsdestinationandcompleted

itscommunicationornot. Theexplanationof Algorithm2aboutfunctionSchedulewill

begivenbelow. AfterevaluatinganypairsinpriorityqueuePQ,thealgorithm movesto

allocatetransmissionsfromthelistofcommunicationpairsCPL. Whentransmissionlinks

forallcommunicationpairsinPQhavebeenconsideredforscheduling,Algorithm1checks

toallocatetransmissionsforcommunicationpairsinlistCPL(lines7-9). Tobenotedthat

thislistincludesallthecommunicationpairswhent=0. Attheendofeachtimeslot,

whenthelistofcommunicationpairsCPLisempty,thelistofcompletedcommunication

pairsLCCiscopiedintothelistCPLtobeconsideredforfutureschedulinginthenext

round,andthentheLCC listissettonull(line10). Thealgorithm,attheend,inds

thecommunicationpairthathastransmittedtheleastnumberofpacketsinthesystemto

calculatethefairnessF(line11)andsumsthetotalnumberofcommunicationsTNCfrom

allcommunicationpairscounterNC(s,d)(line12).

InAlgorithm2,thefunctionScheduletakesasaninputalink(i,j)whichbelongsto

acommunicationpairCP(s,d),timeslott,andchannelc. Thisfunctionchecksthehalf-

duplexandSINRconstraintsandwhethernodejisthedestinationofthecommunication

pairCP(s,d)(i.e., whetherj= d). Thehalf-duplexandSINRconstraintsarecheckedin

line2ofthealgorithm,whichirstensuresthatbothnodesiandjarenotinthesetsof

transmittersTranandreceiversRec,andalsomakessurethatbyallocatinglink(i,j)inthe

resourceblockRBc
t,thenewlyaddedtransmissionwillnotcauseharmfulinterferenceon

thereceiversofallothersimultaneoustransmissionswhichalreadyhavebeenallocatedinto

theresourceblockRBc
t;thatistheSINRatallreceivers(Rec)aswellasthenewadded

one(i.e.,j)isnotbelowthethresholdβ.Ifbothconstraintsaresatisiedthentransmission
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Algorithm1:Maximizing thetotalnumberofV2Vcommunicationswhile
maintainingfairness(MVGCF)

Data: CPs
Result: TNC,F,RB

1 Initialize:PQ=∅,CP
(i,j)
(s,d)=firstLink(CP(s,d))∀(s,d)∈CPs,LCC=∅,NC(s,d)=

0∀(s,d)∈CPs,CPL=sorted(CPs).
2 fort=0;t<=T;t++do
3 Tran=∅,Rec=∅;
4 forCP(s,d)inPQdo

5 forc=1;c<=C;c++do

6 Schedule(CP
(i,j)
(s,d),t,c)

7 forCP(s,d)inCPLdo

8 forc=1;c<=C;c++do

9 Schedule(CP
(i,j)
(s,d),t,c)

10 CPL=LCC,LCC=∅

11 F=min(NC(s,d))∀(s,d)∈CPs

12 TNC=
∀(s,d)∈CPs

NC(s,d)

link(i,j)willbeallocatedtotheresourceblockRBc
t,andnodesiandjrespectivelywillbe

insertedintoTranandRec(lines3-4).Incasethelink(i,j)hasbeenallocatedintoRBc
t,the

algorithmcheckswhethernodejisthedestinationofthecommunicationpairCP(s,d)(i.e.,

ifj=d,line5);ifyes,thenit meansthatallthelinksforthecommunicationpairCP(s,d)

havebeenscheduled. Hence,thealgorithminlines6-8incrementsthetotalnumberof

successfulpackettransmissionsofNC(s,d),resetthecommunicationpairCP(s,d)toitsirst

linkonitspathforthefuturescheduling,andaddsitintothecompletedcommunication

pairlistLCC.Ifinline5,nodejisnotthedestinationnodeofthecommunicationpair

CP(s,d)(i.e.,j̸=d)howeverthetransmissionlink(i,j)hasbeenscheduled,thenthenext

transmissionlinkonthepathofthecommunicationpairCP(s,d)isconsideredforthefuture

timeslotschedulingandthecommunicationpairisinsertedintothepriorityqueuePQto

begiventhehighestpriority(lines9-11).Iflink(i,j)inline2ofthealgorithmhasnotbeen

scheduledintheirstplace,thenthealgorithminsertsthecommunicationintothepriority

queuePQtobegivenahighpriorityforthefuturetimeslotscheduling(line12-13).

3.4.3 Time Complexityofthe MVGCF Method

Toobtainthetimecomplexityofthe MVGCFmethod,weirstdrivethetimecomplexityof

Algorithm2,andthencalculatetherunningtimeofAlgorithm1.ForthefunctionSchedule

inAlgorithm2,theifstatementinline2takesintheworstcaseO(n2),whereintotalthere
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Algorithm2: SchedulingaResourceBlock

1 FunctionSchedule(CP
(i,j)
(s,d),t,c):

2 ifi/∈Tran&&j /∈Tran&&i/∈Rec&&j /∈Rec&&
P(u,h)G(u,h)

η+
∀w∈Tran

P(w,h)G(w,h)
≥β,

∀u∈{Tran∪i},∀h∈{Rec∪j} then
3 Allocate(i,j)toRBc

t

4 InsertiintoTranandjintoRec

5 ifj==dthen
6 NC(s,d)=NC(s,d)+1

7 CP
(i,j)
(s,d)=irstLink(CP(s,d))

8 Move CP(s,d)tosortedLCC

9 else

10 CP
(i,j)
(s,d)=nextLink(CP(s,d))

11 Move CP(s,d)toPQifnotalreadyinPQ

12 else
13 MoveCP(s,d)toPQifnotalreadyinPQ

aren/2transmittersandthesamenumberofreceivers. Thestatementsinlines(3–4)take

constanttimeO(1).Inlines(5-8)theifstatementtakesintheworstcaseO(p), where

pisthetotalnumberofcommunicationpairs. Again,thestatementsinlines(9-11)take

constanttimeO(1).Similarly,thestatementinline13takesconstanttimeO(1). Hence,

thetimecomplexityofthefunctioninAlgorithm2isO(n2+p).Sincen2>p,thenthetime

complexityofthealgorithmcanbereducedtoO(n2). AsforAlgorithm1,foreachtime

slot,theforloopinline4contributestothecomplexityofthe methodwithO(p)wherep

isthenumberofpairsinpriorityqueuePQ. Thethirdnestedforloopinline5contributes

withO(C)becauseitchecksallCorthogonalchannels.Subsequently,thefunctioninline6

takesintheworstcaseO(n2)asexplainedearlier. Hence,therunningtimeoflines(4-6)all

togetherisO(n2).Similarly,therunningtimeoflines(7-9)isO(n2). Thetimecomplexity

ofeachofthestatementsinlines(11-12)isO(p). Hence,thetimecomplexityofAlgorithm1

isO(T∗((p∗C∗n2)+(p∗C∗n2)))+p,whichcanbesimpliiedtoO(T∗C∗p∗n2).

Lemma1.CorrectnessoftheAlgorithms.

Proof:InAlgorithm1,themainforloopinline2terminateswhenallthetimeslotsare

covered,similarlythetwoforloopsinlines(5-8)for multiplechannels. Thetwoforloops

inlines(4-7)respectivelywillterminatewhenthepriorityqueuePQandcommunication

pairlistCPLareempty.Theonlyconcernforthealgorithmnottoterminateiswhenmore

elementsareinsertedintothesequeuesthanremovingthem.Sincetherearenostatements

inAlgorithm1indicatesinsertionofelementsintoqueuesexceptforCPLinline10which
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issafebecauseitisoutsidetheforloop.HencetheterminationofAlgorithm1dependson

theexecutionoffunctionScheduleinAlgorithm2.ThereisnoforloopinAlgorithm2that

mightgetstuckintoaloopandavoidterminationofthealgorithm.However,weneedto

checkanyinsertionintopriorityqueuePQandthecommunicationpairlistCPL.Thereis

noinsertionintoCPLinAlgorithm2,howeverwhenalinkhasnotbeenscheduleddueto

theHalf-DuplexorSINR,ortheendofthepathofacommunicationpairisnotreached,

Algorithm2insertsthatcommunicationpairintoPQtobeconsideredandgivenahigh

priorityforthefuturescheduling.However,anycommunicationpairsinPQwilleventually

beallocatedinoneoftheavailableresourceblocksandthustheterminationofAlgorithm1.

3.5 TheIntroducedReinforcementLearningandHybridAp-

proaches

Reinforcementlearning(RL)isanapproachwhereanagentinteractswithanenvironment

tolearnapolicythatmaximizesitslong-termrewards.Theagenttakesactionsfromthe

givenstatesintheenvironment,obtainsfeedbackintheformofrewards,andusesthe

informationtoupdateitspolicy.

Ontheotherhand,Deepreinforcementlearning(DRL)takesthisconceptfurtherby

usingneuralnetworkstolearnfromdata.DRLhasproventobeefectiveinsolvingintricate

decision-makingproblemsandoptimizingresourceallocation.Theagentupdatesitsneural

networksbasedontherewardsitreceivesandstorespastexperiencesinareplaybufer.

Duringtraining,batchesofexperiencesaresampledfromthereplaybufertoupdatethe

neuralnetworkparameters[67].

Inourmethod,weformulateourMVGCFproblemasMarkovDecisionProcess(MDP)

toallocateresourcesintoRBswithinatimeframe.AnMDPisrepresentedbyatuple(S,

A,γ,P,R),where:Sisainitesetofstates,denotedasst∈Sattimeslott;Aisanaction

spacesuchthatifweletAtobeasetofallpossibleactionsinstatestandatisoneofthe

actionsatanytimeslott,thenat∈A;γ∈[0,1]isthediscountfactor,whichdeterminesthe

weightoffuturerewardsinthedecision-makingprocess;PisaMarkoviantransitionmodel,

denotedasP(st+1∥st,at),whichrepresentstheprobabilityoftransitioningfromstatestto

statest+1whenanactionatistaken;Ristherewarddistribution,denotedasP(rt∥st,at),

whichgivestheimmediaterewardrt∈Rafteranactionatistakeninastatestattimeslot

t.Thestate,action,andrewardfunctionsundertheMDPframeworkaregivenasfollows:

3.5.0.1 Agent

RoadsideUnit(RSU)isconsideredtobeanagent.



32

3.5.0.2 State

Eachstatestisdeinedasatupleofmultiplevectors:i)avectorofthetotalnumberof

communicationsfordiferentV2Vpairsattimeslott,nct={nc
1
t,nc

2
t,...,nc

M
t};ii)avector

ofthecurrentpacketpositionfordiferentV2Vpairsinusingamulti-hoppathattimeslott,

cppt={cpp
1
t,cpp

2
t,...,cpp

M
t};iii)avectorofthenumberofhopsintheshortestpathfor

diferentV2Vpairsattimeslott,mht={mh
1
t,mh

2
t,...,mh

M
t};andrespectivelyvectorsof

theiv)transmittersandv)receiversofallV2Vpairsattimeslott,trt={tr
1
t,tr

2
t,...,tr

M
t}

andrect={rec
1
t,rec

2
t,...,rec

M
t}.Thusthesystemstatesattimeslottcanbeexpressed

as:

st=(nct,cppt,mht,trt,rect). (3.16)

3.5.0.3 Action

Eachactionatisdeinedasatupleofmultiplevectors:i)avectorusedtoassignV2V

communicationpairstotransmitattimeslott,cpt={cp
1
t,cp

2
t,...,cp

M
t};ii)avectorof

scheduledtransmissionlinksfordiferentV2Vpairsattimeslott,tpt={tp
1
t,tp

2
t,...,tp

M
t};

iii)avectorofconsideredchannelsfordiferentV2Vpairsattimeslott,ct={c
1
t,c
2
t,...,c

M
t};

andiv)avectoroftransmissionpowerlevelsfordiferentV2Vpairsattimeslott,pt=

{p1t,p
2
t,...,p

M
t}.Thesystemactionaattimeslottcanbeexpressedas:

at=(cpt,tpt,ct,pt). (3.17)

3.5.0.4 Reward

Weusearewardfunctiontoprovidefeedbackoneachaction attakeninagivenstatest

totheRLagent.TheagentselectsanactionatfromasetofpossibleactionsAtattime

slott,whereArepresentstheavailableresourceallocationchoices.Letrtbetheimmediate

rewardateachtimeslott.Therewardfunctionrt(st,at)attimeslottcanbeexpressedas

follows:

rt(st,at)=






0, if nct+1
= nct

.

1, if nct+1
= nct

+1.

B, if min(nct+1)>min(nct).

(3.18)

rt(st,at)=0,ifacommunicationfromasourcetoadestinationisnotcompleted;1,ifa

communicationfromasourcetoadestinationiscompleted,butnotethatherethereward

isconsideredwhenfairnessisnotachieved;whereasrt(st,at)=B(averybigreward),if
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Figure 3.2: The generation process of pseudo-random sorted ListprsCP L.

a communication from a source to a destination is completed and fairness is achieved by

completing a communication for a pair with the least number of V2V packet transmissions.

3.5.0.5 Initial MVGCF Solution

We start by generating our initial sorted communication pairs listCPL, as described in [68].

This list is sorted based on the communication path length and the number of communica-

tions upon insertion. Fig. 3.2 illustrates three distinct groups, labeled as X, Y, and Z. Each

group consists of a list of communication pairs, where the red color represents the number

of communications and the blue color indicates the communication path length. It is worth

noting that the values of individual communication pairs in group Y are lower than those in

group Z but higher than those in group X, both in terms of the number of communications

and communication path length. Group X contains only one subgroup, since communica-

tion pair 1 (i.e., CP1) and communication pair 2 (i.e., CP2) exhibit a similar number of

communications and communication path lengths. On the other hand, groups Y and Z

have two different subgroups due to their varying communication path lengths, as shown

in blue color. To ensure randomness, we then shuffle the communication pairs within each

subgroup and construct a new List called pseudo-random sortedprsCP L, maintaining the

order of initial communication pairs.

Algorithm 3 takes a sorted list of communication pairs as an input and generates a

sequence of states, actions, and rewards, stored in theSARlistlist. Initially, theSARlist

is empty (line 1). The algorithm then iterates over all episodes, starting fromk= 1 (line 2).

In each episode, a pseudo-random sorted listprsCP Lis generated from the given sorted

CPLlist (line 3). TheprsCP Llist is used as an input for the MVGCF method, which

runs on this list to obtain a sequence of states (S), actions (A), and rewards (R) (line 5).

Finally, the obtained sequences ofS,A, andRare stored in the initializedSARlist(line 6).
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Algorithm3: Initial MVGCFSolution

Data: SortedCPL
Result: SARlist

1 Initialize:SARlist=∅
2 fork← 1: Kdo
3 Generatesapseudo-randomsortedlistprsCPL.
4 Executethe MVGCF methodusingprsCPLlistasaninput.
5 Observethe MVGCF methodexecutiontocollectasequenceofstates(S),actions(A),

andrewards(R).
6 Storethesequences(S,A,R)intotheSARlist.

3.5.1 The Qlearning Approach

Inourapproach,weusea Qlearningnetwork[67]thatutilizesanof-policy methodand

runsfor75,000episodestoallocateresourcesintoRBswithinatimeframeT. Here,the

inputtoAlgorithm4isaninterfaceoftheenvironment. Theoutputsofthealgorithmare

thetotalnumberofcommunicationsTNC,thefairnessF,andtheresourceblockallocation

RB. Atinitialization,theQtableQ(s,a)consistingofstatesandactionsisempty.Inline2

ofthealgorithm,episodekiteratesacrossallepisodes,K. Afterward,line3iteratesover

thetimeslotsaslongastheterminalstatesT isnotreached. Ateachtimeslot,weinitialize

thesetsoftransmitters(Tran)andreceivers(Rec)toempty(seeline4).Inline5,whenwe

startthealgorithmatt=1,weobserveasetofstatecomponents,consistingofthenumber

ofcommunications(nct),currentpacketposition(cppt),min-hops(mht),transmitters(trt)

andreceivers(rect)fromtheenvironment.Inline6,wechooseanactionatfromalistof

possibleactionsAtinagivenstatestutilizinganϵGreedypolicy. Wethenallocateatinto

aresourceblock(RBt,c).Inline8,afterchoosinganactionat,wereceiveareward(rt)

fromtheenvironment,andthenweupdatetheQ(st,at)valueintheQ-table(seeline9).

Inline9ofthealgorithm,αrepresentsthelearningrate(whichis0.0001),andγsigniies

thediscountrateappliedtofuturerewards(setto0.99). TheQ-valueforactionatinthe

currentstatestisupdatedbyaddingtheexistingvalueQ(st,at)whichdeterminesthebest

actioninthecurrentstatest. Qlearningcontinuouslyupdatesthe Q-valueforeachstate

stbasedonapolicyandtransitionstothenextstateusingtheequationgiveninline9.

ThisprocessisrepeatedmultipletimesuntiltheoverallQ-valueconverges. Thealgorithm,

whenitreachestheinalstate,itexecutesthetrainedagentintheenvironment(line10),

determinesthefairnessFbyindingthecommunicationpairwiththeleastnumberofpacket

transmissionsintheentiretimeframeT,andsumsthetotalnumberofcommunications

TNC(line11).
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Algorithm4: ProposedQlearning-basedSolution

Data: EnvironmentInterface
Result: TNC,F,RB

1 Initialize:Q(s,a)=∅
2 fork← 1: Kdo
3 fort← 1: Tandst̸=sT do
4 Tran=∅,Rec=∅.
5 Observest(nct,cppt,mht,trt,rect)fromtheenvironment.
6 Chooseat(cpt,tpt,ct,pt)fromalistofpossibleactionsAtusinganϵGreedy

policyandallocateatintoRBt,c.
7 ReceiveaReward(rt)fromtheenvironment.
8 UpdateQ(st,at)← Q(st,at)+α[rt+γmaxAQ(st+1,at+1)−Q(st,at)].

9 ExecutetrainedDDQN agentonenvironmentinterface.

10 GiventerminalstatesT,F=min(ncT)andTNC=
M

p=1
ncp

T.

MVGCF-Qlearning

Theconventional Qlearningfollowsanexplorationandexploitationapproachtogather

informationaboutstate-actionpairsuntilitconverges. Thesizesofstateandactionspaces

canbecalculatedasfollows:

S=O(nc×cpp×mh×tr×rec) (3.19)

A=O(cp×tp×c×p). (3.20)

Infact,sincethenumberofoptionsforstandatisextremelyhigh,exploringthe

entireSandAspacesbecomeschallengingandcomputationallyexpensive,leadingtopoor

performanceandslowconvergence. Tohandlethisissue,wepropose MVGCF-Qlearning,

aheuristic-basedreinforcementlearning method, whereweirstindtheinitialsolutions

byvaryingarandomlysortedCPLlistinAlgorithm3. Weinitiallyrunthis methodfor

10,000episodesandupdatethe Q-tablewiththesetofstatesandactionsobservedfrom

theoutputoftheheuristic method. Thesestate-actionsamplesguidetheexplorationtoa

high-qualitystate-actionsubspace. Byintegratingtheheuristic MVGCFinsightsintothe

learningprocess,the MVGCF-Qlearningagentacceleratesitslearningbyunderstanding

whichactionsinspeciicstatesyieldthebestrewards. Thisapproachdelegatesthe model

toenhancethequalityofsolutionsobtainedtoconvergefastertowardoptimalsolutions.
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Table3.2:SIMULATIONPARAMETERS

Parameters Values
ActivationFunctions ReLU
NumberofNeurons 256,128,64,32,16

NumberofHiddenLayers 8
LearningRate 0.0001

Optimizer Adam
TotalNumberofEpisodes 225

DecayRate 1/Episodes*2
DiscountedReward 0.99

3.5.2 The Double Deep Q-Networks(DDQN) Approach

ThetraditionalDDQN[67],asshowninFig.3.3andFig.3.4,isanextensionoftheDQN

algorithmof DRL whichruns multipleepisodestoallocateresourcesinto RBs withina

timeframeT. TheusednotationsarelistedinTable3.2. Here,theinputandoutputs

to Algorithm5aresimilarto Algorithm4. Atinitialization,theprimarynetworkQ is

initializedwithrandomweights,whilethetargetnetwork̂Qisinitializedbydirectlycopying

theweightsfromtheprimarynetworkQ.

Allthestepsinlines2-7aresimilartoAlgorithm4whichhavebeenexplainedearlier.In

line8,afterchoosinganactionat,wereceivearewardrtfor movingtothenextstatest+1

whichincludesalistofnextpossibleactionsAt+1 fromtheenvironment.Line9storesthose

valuesobtainedattimeslottasonesingletransition(s,a,r,s′,A)inthereplay memory

(RM).Inline10,arandom minibatchoftransitions(sj,aj,rj,s′j,Aj)issampledfromthe

replay memoryRM. Foreachtransitioninthe minibatch(line11),thetarget Q-value

Qt(sj,aj)iscomputedusingthetargetnetworkQ̂. TheQt(sj,aj)iscalculatedasthesum

oftheimmediaterewardrjandthediscounted maximumQ-valueQ̂(s′
j,Aj)fromthenext

states′
jusingtheprimarynetworkQ (line13). Wethenperformgradientdescentonthe

diferencebetweenthetargetQ-valueQt(sj,aj)andtheprimarynetworkQ(line14). Next,

targetQ-networkweights(̂θ)areupdated.Theupdateprocessinvolvesadjustingthetarget

networkparameterθ′towardstheprimarynetworkparameterθ,wheretherateofaveraging

valueτistypicallysetto0.01(line15).Inthisway,targetnetworkweights(̂θ)areupdated

bycopyingtheweightsfromtheprimarynetwork. Oncetheterminationconditionis met,

thealgorithmproceedstothenextepisodeuntilallepisodesarecompleted.Intheend,

similarto Algorithm1,theinalagentisexecutedintheenvironment(line16),andthe

totalnumberofsuccessfulcommunicationsTNCandfairnessFarecalculated(line17).

MVGCF-DDQN

WhentheconventionalDDQNhasverylargestate standactionatspaces(refertoequa-

tions(4.32)and(4.33)),exploringtheentirestateandactionspacesbecomeschallenging
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Figure 3.3: The proposed DRL approach to obtain the reward policy.
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Q(s,a; )    

Inputs Hidden Layers

Output

Figure 3.4: The proposed Q-Network.

and computationally expensive, which will lead to poor performance and slow learning con-

vergence. To address such an issue, we introduce another heuristic-based DRL method

called MVGCF-DDQN. We first find solutions for the MVGCF problem using the heuristic

method proposed in [68] for 10,000 episodes. By leveraging the heuristic MVGCF method,

we sequentially populate the replay memory (RM) with a subset of promising states, ac-

tions, rewards, next states, and next actions. This targeted approach reduces the amount of

time spent on exploration, allowing the agent to focus on learning from these high-quality

states. Hence, the MVGCF-DDQN agent explores and exploits the state-action space more

effectively, since it understands which actions in specific states yield the best rewards, and

accelerates learning convergence by leveraging prior knowledge.

3.6 Performance Evaluation

To evaluate the performance of the proposed methods, in this section, we first compare the

Random (the explanations of the method are explained below), the heuristic OAMM, Qle

arning, DDQN, the hybrid OAMM-Qlearn., and the hybrid OAMM-DDQN with the optimal

solutions obtained from the optimization model on small networks. Then, we consider all of

them except the optimization model on both medium and large instances. The performance

of these methods is compared with respect to the number of V2V communication packets

and Fairness.

Fig. 3.5(a) and Fig. 3.5(b) illustrate an example of the considered V2V networks, where

the number of groups is set to be half the total number of V2V nodes. Here, each color

represents a group of vehicles, where if two colors are similar to each other then it means

that they belong to a similar vehicle’s group; otherwise, they are just acting as a relay node

to send the received packets to its destination node.
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Algorithm5: ProposedDoubleDeepQnetworks-basedsolution

Data: EnvironmentInterface
Result: TNC,F,RB

1 Initialize:Q← RandomWeights(),Q̂← Q
2 fork← 1:K do
3 fort← 1:Tandst̸= sT do
4 Tran=∅,Rec=∅.
5 Observest(nct,cppt,mht,trt,rect)fromtheenvironment.
6 Chooseat(cpt,tpt,ct,pt)fromalistofpossibleactionsAtusinganϵGreedy

policyandallocateatintoRBt,c.
7 Obtainactionat,rewardrt,nextstatest+1,andnextactionAt+1.
8 Store(st,at,rt,s′t+1,At+1)asonetransitioninRM.
9 Samplerandom minibatchoftransitions(s,a,r,s′,A)fromRM.

10 forEachtransition(sj,aj,rj,s′j,Aj)in minibatchdo

11 ComputetargetQvalueusingQ̂network:

12 Qt(sj,aj)← rj+γ·Q(s′
j,argmaxAQ̂(s′

j,A))

13 Performgradientdescentstepon:(Qt(sj,aj)−Q(sj,aj))
2

14 Updatetargetnetworkweights: θ̂← τ·θ+(1−τ)·̂θ.

15 ExecutetrainedDDQN agentonenvironmentinterface.

16 GiventerminalstatesT,F=min(ncT)andTNC=
M

p=1
ncp

T

Random Method

TheinputsandoutputsoftheRandomalgorithmaresimilartothe MVGCFmethod,where

thevariablesareconsideredtobethesameinboth methods. However,insteadofsorting

allcommunicationpairsinalist,theyarerandomlystored. The maindiferencesbetween

the MVGCFandtheRandom methodarethatline1ofAlgorithm1donotexecutethe

sortinginstructions,andlines6and11oftheSchedulefunctioninsertsintoanotsorted

LCC.

Forwirelesscommunications,thebackgroundnoiseisconsideredasη=-111dBm/Hz,

thepowerdecayasα=2.5,thethresholdasβ=5dB,andthe maximumand minimum

transmissionpowersasPMAX =20dBand PMIN =0dB,respectively[69]. Wethen

useCPLEXtosolveouroptimization modelandPython3tosimulatetheoperationofour

algorithms. WerunourprogramonIntel(R) Xeon(R) CPUE5-2637v4 @3.50GHz(2

processors)and64.0GB memory. Theresultsareaveragedoveriveruns.

3.6.1 Evaluation OverSmall Networks

Inthissubsection,theperformanceofdiferent methods(Random, MVGCF, Qlearning

(Qlearn.), DDQN, MVGCF-Qlearning(MVGCF-Qlearn.), MVGCF-DDQN, MILP-based
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(a) (b)

Figure3.5:ExamplesofmediumnetworkswhileconsideringtheV2VNodesto10byvarying
networkdensityto:(a)0.4,and(b)0.6.

solution: Optimum)isevaluatedoverthetotalnumberofsuccessfulcommunicationsand

achievedfairnessbyvaryingotherparameters,suchasnumberofV2Vnodes,timeframe

(numberoftimeslots),numberofchannels,andmaximumdatacommunicationrange.For

allevaluations,weixtheparametersunlessotherwisestated: wesetthenumberofnodes

to4and6,timeslotsto10,numberofchannelsto2,andtheV2Vcommunicationrange

to12unitdistance,whichcausesthetotalnumberoflinksinthenetwork.

Fig.3.6(a)andFig.3.7(a)respectivelyprovideavisualrepresentationofthetotalnum-

berofcommunicationsandfairnessbyvaryingthenumberofnodes. Here,thenumberof

groupsissettobehalfthenumberofnodes. Theiguresrevealthatwhenconsideringtwo

nodes,allmethodsachieveasimilarnumberofcommunications(i.e.,10)andanequallevel

offairness(i.e.,F=5),whereaswiththeRandom method,weachievelowerfairness(i.e.,

F=4)duetonotschedulingallcommunicationpairsinasequenceto maintainfairness.

However,asthenumberof V2Vnodesincreases,aconsistentincreaseinthenumberof

communicationsisobservedacrossall methods. Nonetheless, whenthetotalnumberof

V2Vnodesreaches6,aslightdecreaseinfairnessisobservedspeciicallyfor MVGCFand

Qlearning.ThisisattributedtotheincreasingnumberofroutingpathswiththeriseofV2V

nodes,whichposeschallengesinmaintainingsequentialschedulingofcommunicationpairs

toensurefairness. However,theOptimumandhybridheuristic-basedRL methodsconsis-

tentlydemonstrateperformancestability, maintainingafairnesslevelofF=5throughout

theexperiments.

TheobtainedresultspresentedinFig.3.6(b)andFig.3.7(b)illustratetheimpactof

varyingthenumberoftimeslotsonthetotalnumberofcommunicationsandfairnessin

smallnetworks. Asplottedintheigures,thetotalnumberofcommunicationpacketsand
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(a) (b)

(c) (d)

Figure3.6: Totalnumberofcommunicationsasacomparison metricfordiferent methods
(Random, MVGCF,Qlearn.,DDQN, MVGCF-Qlearn., MVGCF-DDQN,and MILP-based
solution: Optimumsolution)byvarying(a)numberof V2Vnodes,(b)numberoftime
slots,(c)numberofV2Vchannels,and(d)V2Vcommunicationrange.

fairnessasexpectedincreaseswiththenumberoftimeslotsbecausethereis moretimeto

allocatepacketsintoresourceblocksRBs. Notably,whenthenumberoftimeslotsisset

to10,the MVGCF,DDQN, MVGCF-Qlearning, MVGCF-DDQN,andOptimum methods

yieldsimilaroutcomeswith25communicationsandachieveanequivalentleveloffairness

(5).Incontrast,theRandomandQlearning methodexhibitsarelativelylowernumberof

communicationsandfairness. However,asthenumberoftimeslotsincreases,theDDQN,

MVGCF-Qlearning, MVGCF-DDQN,andOptimum methodscontinuetogeneratesimilar

outcomes. Ontheotherhand,theRandom, MVGCF,andQlearningmethodsshowaslight

decreaseinfairnessovertime.Itisnoteworthythatthe MVGCF methodoutperformsthe

Qlearning methodandattainsabetterfairnessduetothelargesizeoftheQ-tableinthe

Qlearning methodandalsobecausetherewasn’tenoughtimetotraintheagent. However,

theRandommethodconsistentlyshowspoorperformanceintermsofcommunicationsand

fairnessthroughouttheexperiments.

Fig.3.6(c)andFig.3.7(c)respectivelyshowthetotalnumberofcommunicationsand

fairnessbyvaryingthenumberofchannels. Theresultsintheiguresindicatethatall

methodsoutperformQlearningintermsofthetotalnumberofcommunicationsandfairness
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(a) (b)

(c) (d)

Figure3.7: Resultsoffairness(totalnumberofsuccessfulcommunicationsroundsforall
pairs)forall methodsbyvarying(a)numberofV2Vnodes,(b)numberoftimeslots,(c)
numberofV2Vchannels,and(d)V2Vcommunicationrange.

whenthenumberofchannelsis2;however,asigniicantlylowernumberofcommunications

andfairnessisobservedforthe Random method. However, with3channels,anequal

numberofcommunications(i.e.,25)andfairness(i.e.,5)isachievedbyboththeOptimum

and MVGCF methods,buttheRandom methodfailsto maintainfairness. Thereasonis

becausethereareplentyoforthogonalRBsavailabletoallocatesimultaneoustransmissions

(links),andtheagentrequireslesstraininganditiseasiertoscheduletransmissions. The

numberofcommunicationsremainsunchangedwhen4to5channelsareavailable,asno

possiblepacketscanbeallocatedintoresourceblocks.

Fig.3.6(d)andFig.3.7(d)respectivelyshowthetotalnumberofcommunicationsand

fairnessbyvaryingthe V2Vcommunicationrange. Asplottedintheigures,thetotal

numberofcommunicationsandfairnessincreaseswiththedatacommunicationrangedue

tothefactthatthereare moreavailablelinkstobeallocatedintoresourceblocks. No-

tably,the Optimum, MVGCF-Qlearningand MVGCF-DDQN methoddemonstratesupe-

riorperformanceintermsofthetotalnumberofcommunications,achieving15successful

communicationswhentheV2Vcommunicationrangeis8comparedto12orlessnumber

ofcommunicationsforother methods. However, withregardtofairness,all methodsre-

sultinsimilarvaluesfordiferentcommunicationranges,exceptfortheQlearning method
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whentheV2Vcommunicationrangeis8. Besides,theRandom methoddoesnotachieve

fairness.Furthermore,itisworthnotingthatwhenthevehicle’scommunicationrangeex-

ceeds12unitdistance,thetotalnumberofcommunicationsandfairnessdonotincrease

becausethegrowthinthecommunicationrangedoesnotincreasethetotalnumberoflinks

(transmissions)inthenetwork.

Figure3.8:LearningcurvesofReinforcementLearningalgorithms: Qlearn.vsDDQN.

Toshowhowtheconventional Qlearningand DDQNagentslearnandconverge,in

Fig.3.8weillustratethelearningcurvesofbothmethods. Thex-axisdescribestheepisode

number,whilethey-axisshowsthecumulativerewards. Theresultswereobtainedusinga

networkwith8nodeswith80%linkconnectivity,usingatimeframedividedinto10equal

timeslots,andwith2channels. Atthebeginningoftheepisode,the Qlearning method

begins withacumulativerewardofaround2.9, whilethe DDQN methodstarts witha

highercumulativerewardofapproximate3.32. ThisinequalityarisesbecausetheDDQN

methodusesneuralnetworkstotrainabatchofsamples,whichyieldsa morepromising

initialresult. Asbothmethodssustaintoexploretheenvironmentfurther,thusaccumulate

morerewardsovertime. However,theDDQNmethoddisplaysfasterlearningcomparedto

theQlearning method;itrapidlyadjuststotheenvironment,achievinghighercumulative

rewardsatearlierepisodes. Asthelearningcurvesprogress,theperformancegapbetween

bothmethodsbecomesmorepronounced.Bytheendofthetraining,speciicallyatepisode

225forthe DDQNandatepisode75,000forthe Qlearning method,the DDQN method

outperformstheQlearning methodwithacumulativerewardgapofaround1;theDDQN

methodreceivesacumulativerewardof5.35, whilethe Qlearning methodarrivestoa

cumulativerewardof4.35.

Fig.3.9showstheCPUruntimeforbothOptimumand MVGCFbyvaryingthenumber

of V2Vnodesfrom2to10. Byincreasingthenumberof V2Vnodes,theoptimization

modelrequires moretimetoexecute,andtheprocessingtimegrowsexponentially,while

theexecutiontimeoftheheuristic methodisin milliseconds. TheOptimum modelfailed
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Figure3.9: Computationtimeofoptimizationmodel(Optimum)vsourproposedheuristic
method(MVGCF).

toobtainresultsfor10or morenodes. Hence,theoptimization modelisnotscalableor

goodforlargenetworks. Therefore,inthenextsubsection,weevaluatetheperformanceof

ourproposed methodswithouttheoptimization modelusing mediumandlargeinstances.

3.6.2 Evaluation Over Medium Networks

Inthissubsection,theperformanceofdiferent methods(Random, MVGCF, MVGCF-

Qlearn.,and MVGCF-DDQN)isevaluatedoverthetotalnumberofsuccessfulcommuni-

cationsandachievedfairnessbyvaryingdiferentparameters,suchasthenumberofV2V

nodes,timeframe(numberoftimeslots),numberofchannels,andthedensityoflinksin

thenetwork.Forallevaluations,weixtheparametersunlessotherwisestated: wesetthe

numberofnodesto10,timeslotsto30,thenumberofchannelsto4,andthedensityoflinks

inthenetworkto90%(tobenotedthata100%densitymeansafullyconnectednetwork).

Itshouldbenotedthat,for mediuminstances,wecouldn’tobtainresultsforconventional

RL methodslike Qlearning,and DDQNbecausetheyrequireaverylongtrainingtime

whichwecouldn’taford.

Fig.3.10(a)andFig.3.11(a)respectivelyprovideinsightsintothetotalnumberofcom-

municationsandfairness metricswhenthenumberofnodesisvaried. Here,thenumber

ofgroupsissettobehalfofthetotalnumberofnodes. Asdepictedintheigures,when

considering10nodes,boththe MVGCF-Qlearn.and MVGCF-DDQN methodsachievea

similarnumberofcommunications(i.e.,149)andequalleveloffairness(i.e.,F=14).In

contrast,the MVGCF methodyieldsaslightlylowernumberofcommunicationsandno-

ticeablyverylessfairnessprimarilyduetothelackofsequenceschedulingoftransmissions

forcommunicationpairs.TheiguresalsoshowthatasthenumberofV2Vnodesincreases,

anupwardtrendinthenumberofcommunicationsandadownwardtrendinfairnessare

observedacrossall methods,whereboththe MVGCF-Qlearn.and MVGCF-DDQN meth-
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(a) (b)

(c) (d)

Figure3.10:Totalnumberofcommunicationsasacomparisonmetricfordiferentmethods
(Random, MVGCF, MVGCF-Qlearn.,and MVGCF-DDQN)byvarying(a)numberofV2V
nodes,(b)numberoftimeslots,(c)numberofV2Vchannels,and(d)V2Vcommunication
range.

odsgenerateanalmostsimilarresult,aslightdecrementinfairnessforthe MVGCF-Qlearn.

method,arapiddecrementfortheRandom methodisobservedbecauseoftherisingnum-

berofroutingpathswiththeincreasedV2Vnodes. However,the MVGCF-DDQNmethod

showsimprovedperformancecomparedtothe MVGCF-Qlearn. methodwithafairnessof

F=7.

Withanincreaseinthenumberoftimeslots,thereisanexpectedincreaseinthetotal

numberofcommunicationsandfairnessamongall methods,asshowninFig.3.10(b)and

Fig.3.11(b). Whenthereare20timeslots,boththe MVGCF-Qlearn. and MVGCF-

DDQN methodsachieveasimilarnumberofcommunications(i.e.,97)andequalfairness

(i.e.,F =9).Incontrast,the MVGCF methodachievesfewercommunications(i.e.,72)

andfairness(F=3). Asthenumberoftimeslotsincreases,boththe MVGCF-Qlearning

and MVGCF-DDQN methodscontinuetoperformsimilarly. However,aslightdecreasein

fairnessisobservedforthe MVGCF-Qlearning methodwhenthereare40to50timeslots.

Ontheotherhand,the MVGCF methodexhibitspoorperformancecomparedtoothers,

reachingafairnessvalueofeight(i.e.,F=8)whenthereare50timeslots. Additionally,

theRandom methodconsistentlyshowsaworseresultcomparedtoothersandendedup
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(a) (b)

(c) (d)

Figure3.11: Resultsoffairness(totalnumberofsuccessfulcommunicationsroundsforall
pairs)forall methodsbyvarying(a)numberofV2Vnodes,(b)numberoftimeslots,(c)
numberofV2Vchannels,and(d)V2Vcommunicationrange.

withafairnessequaltoone(F=1)whendealingwith50timeslots.

Fig.3.10(c)andFig.3.11(c)illustratetheimpactofvaryingthenumberofchannelson

thetotalnumberofcommunicationsandfairness. The MVGCF-DDQN methodoutper-

formsthe MVGCF-Qlearn. methodintermsofboththetotalnumberofcommunications

andfairnesswhen2or3channelsareutilized.Incontrast,the MVGCF methodexhibits

signiicantlylowervaluesintermsofthenumberofcommunicationsandfairness. When

thereare4or5channels,boththe MVGCF-Qlearn.and MVGCF-DDQNmethodsachieve

thesamenumberofcommunications(i.e.,150)andfairness(i.e.,F=14whenc=4and

F =15when c=5). Thisimprovementcanbeattributedtotheincreasedavailability

of RBsfortransmittingdata. However,thereisaslightimprovementinthenumberof

successfulcommunicationsandfairnessfortheRandomand MVGCF methods.

Fig. 3.10(d)andFig. 3.11(d)illustratetheperformanceoftheproposed methodsas

thedensityofthenetworkconnectionvaries.Itcanbeobservedthatthetotalnumberof

communicationsandfairnessincreaseasthenetworkdensitybecomesdenser.Thereasonis

becausethereare morelinksavailabletobeallocatedintoRBs. Asdepictedintheigures,

thetotalnumberofcommunicationsandfairnessofallmethodsincreasewhiledealingwith

densernetworks. Thereasonisthatthereare morelinkstobeallocatedinto RBs. For
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example,thefairnessscoreofthe MVGCFmethodstartswithzeroat60%networkdensity

andgraduallyincreasesuntilitreachesF =7whenthenetworkdensityis100%. while

the MVGCFmethodinitiallystartswithafairnessscoreof0,itdemonstratesimprovement

infairnesswithascoreofF=7whenthenetworkdensityreaches100 %.Similarly,the

Random methodstarts witha F scoreof0,iteventuallyshowsanimprovementinthe

fairnessscorewithF=1whenthenetworkdensityis100%. However,despitethisnotable

improvement,theRandomand MVGCF methodsfallbehindtheRL methodsintermsof

boththenumberofcommunicationsandfairness.

Figure3.12: LearningcurvesofReinforcementLearningalgorithms: MVGCF-Qlearn.vs
MVGCF-DDQN.

Fig.3.12showsthelearningcurveofthehybridheuristic-basedRLmethods: MVGCF-

Qlearn.and MVGCF-DDQN.Thex-axisrepresentstheepisodenumber,whilethey-axis

representsthecumulativerewards.Theresultswerereceivedusinganetworkwith10nodes

with90%linkconnectivity,usingatimeframedividedinto30equaltimeslots,andwith

4channels. Atthebeginning,both methodsbeginwith9cumulativerewardsintheirst

episodebecauseoftheresultobtainedfromtheheuristic MVGCF method,andgradually

accumulaterewardsastheyexploretheenvironmentandacquiremoreknowledge. However,

the MVGCF-DDQNapproachshowsfasterlearningcomparedtothe MVGCF-Qlearning

approach;itrapidlyadaptstotheenvironment,obtaininghighercumulativerewardsat

earlierepisodes. Asthelearningcurvesprogress,theperformancegapbetweenthetwo

methodsbecomes morevisible. Bytheendoftraining,particularlyatepisode225and

15000forthe MVGCF-DDQNand MVGCF-Qlearningmethodsrespectively,the MVGCF-

DDQNmethodoutperformsthe MVGCF-Qlearningmethodwithacumulativerewardgap

of2;the MVGCF-DDQN methodobtainsacumulativerewardof15,whilethe MVGCF-

Qlearning methodreachesacumulativerewardof13.
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3.6.3 Evaluation OverLarge Networks

Inthissubsection,theperformanceofdiferentheuristicmethods(Random,and MVGCF)

isevaluatedoverthetotalnumberofsuccessfulcommunicationsandachievedfairnessby

varyingparameterssuchasnumberof V2Vnodes,timeframe(numberoftimeslots),

numberofchannels,andthedensityofcommunicationlinks.Forallevaluations,weixthe

parametersunlessotherwisestated: wesetthenumberofnodesto100,numberoftime

slotsto7000,numberofchannelsto4,andthedensityoflinksinthenetworkto80%(to

benotedthata100%density meansafullyconnectednetwork).

(a) (b)

(c) (d)

Figure3.13:Totalnumberofcommunicationsasacomparisonmetricfordiferentmethods
(Random,and MVGCF)byvarying(a)numberofV2Vnodes,(b)numberoftimeslots,
(c)numberofV2Vchannels,and(d)datacommunicationrange.

Fig.3.13(a)andFig.3.14(a)respectivelyshowthetotalnumberofcommunicationsand

fairnessbyvaryingthenumberofnodesbetween100and500. Bysettingthenumberof

groupstobe20 %ofthetotalnumberofnodes,theiguresshowthatthecommunications

graduallybecomehardertoachieveforalargernumberofnodesduetofailurein main-

tainingfairnessastheroutingpathsbecomeincreasinglylong. Nevertheless,the MVGCF

methodstilloutperformsthe Random methodbyasigniicant margin, with57,428suc-

cessfulcommunicationscomparedto13,619for100nodes,andanevengreaterdisparityof

80,816to21,816,respectively. Whenitcomestofairness,the MVGCF methodboastsan
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(a) (b)

(c) (d)

Figure3.14: Resultsoffairness(totalnumberofsuccessfulcommunicationsroundsforall
pairs)forall methodsbyvarying(a)numberofV2Vnodes,(b)numberoftimeslots,(c)
numberofV2Vchannels,and(d)datacommunicationrange.

impressiveFscoreof24for100nodes,which,unfortunately,dropsto0asthenumberof

nodesreaches500. TheRandom method,ontheotherhand,startswithaFscoreof5for

100nodes,butthenfailstoexhibitanyfairness(i.e.,F =0)whenthenumberofnodes

increasesto500.

Fig.3.13(b)andFig.3.14(b)respectivelyshowthetotalnumberofcommunications

andfairnessbyvaryingthenumberoftimeslotsbetween1000and7000. Asplottedin

theigures,thetotalnumberofcommunicationsandfairnessof MVGCFand Random

methodsincreasesasexpectedwiththenumberoftimeslotsduetohaving moreRBsto

allocatetransmissions. The MVGCF methodoutperformsthe Random method with3x

(threetimes) moresuccessfulcommunicationswhenthetotalnumberoftimeslotsis1000,

andthisperformancegapgraduallyincreasesasthenumberoftimeslotsincreases. The

performancegapreaches4x(fourtimes)whenthenumberoftimeslotsreaches7000.

Fig.3.13(c)andFig.3.14(c)respectivelyshowthetotalnumberofcommunicationsand

fairnessbyvaryingthenumberofchannelsbetween2and5. Asdepictedintheigures,

thetotalnumberofcommunicationsandfairnessofthe MVCCFand Random methods

increases withtheincrementofchannels. Forinstance,thetotalnumberofsuccessful

communications(respectivelyfairness)is26,203(respectivelyF=11)whenthereareonly
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twochannels,anditis73,582(respectivelyF=32)whenthenumberofchannelsis5. The

reasonforthisincreaseisthatthereare moreresourceblockstoallocatetransmissions.

However,thereisaslightimprovementinthenumberofsuccessfulcommunicationsand

fairnessfortheRandom method.

Theigurespresentedinthestudy,namelyFig. 3.13(d)andFig. 3.14(d),shedlight

ontheperformanceofboth methodsbyvaryingthedensityofnetworkconnections. As

depictedintheigures,thetotalnumberofcommunicationsandfairnessofthe MVCCF

andRandommethodsincreasewhiledealingwithdensernetworks.Thereasonisthatthere

are morelinkstobeallocatedintoresourceblocks. WhiletheRandom methodstartswith

aFscoreof0,iteventuallyreachesamaximumfairnessscoreofF=11whenthenetwork

densityis100 %. However,despitethisaccomplishment,the Random methodpalesin

comparisontothe MVGCF methodintermsofthenumberofcommunications.

TheMVGCFmethodalwaysoutperformstherandommethodforlargenetworksbecause

itprioritizesfairnesswhile maximizingthenumberofV2Vcommunications.

3.7 Summary

ThischapteraimsatmaximizingthetotalnumberofV2Vcommunicationswhilemaintain-

ingfairnessforgroupsofvehicles,whereineachgroup,vehiclesareinterestedincommuni-

catingwitheachother. Thecomplexityoftheproblemliesinthefactthatmultiplefactors

needtobeaddressed,includingindingamulti-hoproutingpathforeachsource-destination

V2Vcommunicationpair,transmissionpowercontrol,linkscheduling,andtakingintoac-

countresourceallocationundertheHalf-DuplexandSINRconstraints. Wemathematically

formulatedtheproblemandimplementedanoptimalsolutionusingthe mixedintegerlin-

earprogramming(MILP). Afterprovingthe NP-hardnessoftheproblemandowingto

itscomplexity,weproposedascalable methodnamed MaximizingV2VGroupCommuni-

cationsandFairness(MVGCF)togetapproximatesolutionsforlargenetworks. The main

conceptbehindthe MVGCF methodisto maintainapriorityqueue, whichisusedto

achievefairnessbyprioritizingtheV2Vcommunicationpairsthathaveafewernumberof

successfulcommunications. Toaddresstheobjective,itis modeledasa MarkovDecision

Process(MDP),andtwoRLalgorithms,namelyQlearningandDDQN methodsareintro-

duced. However,forfasterlearningandbetterperformance,twoheuristic-basedRL meth-

ods,namely MVGCF-Qlearningand MVGCF-DDQNareproposed. Throughnumerical

results,theheuristic-basedRL methodsdemonstratedsigniicantimprovementscompared

totheconventionalRL methodsonsmall, medium,andlargeinstances.Inaddition,the

MVGCF-DDQN methodoutperformedother methodsintermsofboththetotalnumber

of V2Vcommunicationsandfairness. Bycontributinginnovativesolutionsfor maximiz-

ingV2VcommunicationswhilemaintainingfairnessinAV-assistedvehicularnetworks,this
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chaptercontributestotheadvancementofintelligenttransportationsystemsandsmart

cities.
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Chapter4

OptimizingInformationFreshness

for Autonomous Vehicular

Communication

AutonomousVehicles(AVs)areexpectedtoplayacrucialroleinintelligenttransportation

systems,especiallyinfuturesmartcities. AV-assistedvehicularnetworkingresearchhas

primarilyfocusedonthroughputandlatencyasperformancemetricstosupporttheiropera-

tions. However,theseconventionalmetricsdonotadequatelycapturethetime-sensitiveness

ofdatastreamsandthefreshnessofinformation,whichiscriticalforservicessuchasau-

tonomousdrivingandaccidentprevention. Hence,thischapteraddressestheproblemof

minimizingtheageofinformation(AoI)ofalldatastreamsinAV-assistedvehicularnet-

works. Wealsoconsiderascenario wheresensorslikeLiDARsandcamerasonvehicles

generatetime-sensitivedatastreams, whichareutilizedtocollectandprocessthisdata

whilemaintainingaminimumAoI.OurobjectiveistominimizethetotaloraverageAoIof

alldatastreamsforautonomousvehiclesoveraspeciiedtimeframe. Weirst mathemat-

icallyformulatetheproblemasa mixedintegerlinearprogramming(MILP)toobtainthe

optimalsolutions. However,duetoitscomplexity,weproposeascalableheuristic method

namedthe OnlineAgeofInformation Minimization Method(OAMM)tosolvetheprob-

lemforlargenetworks. Toincorporatethedynamicsoftheenvironment, we modelthe

problemasa Markovdecisionprocess(MDP)andsolveitusingoneofthereinforcement

learning(RL)algorithmscalledQlearning.Furthermore,toenhancethelearningbehavior

oftheRLagentandimproveoverallperformance,weintroduceahybridapproachnamed

OAMM-Qlearning,combiningboththeheuristic-basedand Qlearning methods. Ournu-

mericalresultsdemonstratetheefectivenessofthehybridapproachineicientlyminimizing

theexpectedweightedtotaloraverageAoIcomparedtoaRandom method,the OAMM

method,andtheconventionalRL methodoversmallandlargenetworks.
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4.1 Introduction

Intherapidlyevolvinglandscapeofwirelessnetworks,theadventofautonomousvehicles

(AVs)isexpectedtorevolutionizethewayweinteractwithtransportationsystems,espe-

ciallyinthecontextoffuturesmartcities. AsAV-assistedvehicularnetworkingbecomes

increasinglyprevalent,addressingvariousapplications’diversequalityofservice(QoS)re-

quirementsbecomesacriticalchallenge.Traditionally,performancemetricssuchaswireless

communicationlatency,throughput,andservicereliabilityhavebeenusedtoevaluatesys-

temeiciencyandsupportAVoperations. However,forreal-timeapplicationsthatheavily

relyonthetimelinessandfreshnessofinformation,conventional metrics mayfallshortof

accuratelycapturingtheefectivenessofdatadelivery. Tobridgethisgap,researchershave

introducedtheconceptoftheAgeofInformation(AoI)orstatusage,whichquantiiesthe

timeelapsedsincethemostrecentstatusupdate. AoIprovidesanovelperformancemetric

toassessthefreshnessofcollectedinformation,oferingvaluableinsightsfortime-sensitive

applications[21–23].

EnsuringthefreshnessofinformationisvitalforefectivelyfunctioningIntelligentTrans-

portationSystem(ITS)applications,includingautonomousintersectionmanagement,traf-

iccontrol,andautonomousdriving. Theseapplicationsprimarilyrelyonreal-timeinfor-

mationsuchasdrivers’behaviorandemergencybraking,whichisgeneratedbynumerous

LiDARsensorsinstalledinintelligentandinternet-connectedvehicles. Consequently,col-

lectingtimelyandfreshinformationiscrucialforenhancingdrivingassistanceandensuring

safety[70–74]. Theinformationcanbecollectedthrough WiFitechnology,whichcansub-

sequentlybeprocessedandanalyzedatedgeserverstoderive meaningfulinsights.

Inthischapter,eachnodepossessesdistinctdatastreamsthatneedtobebroadcasted.

However,duetorestrictionsimposedbytransmissionpowerandfadingwithinthecommu-

nicationrange,notallnodescanestablishadirectlinkwiththesourcenode. Therefore,

forothers,wemayneedtore-broadcastthedatastreamovermultiplenodes(vehicles). We

considera Time Division Multiple Access(TDMA) mediumaccessscheme,dividingthe

timeframeintoequal-lengthtimeslots. Thedurationofthetimeframeisintentionally

settobeverysmall,ensuringthatthevehicles’positions,determinedbytheir maximum

speed,donotsigniicantlychangeduringthedatabroadcastingprocess,eveninthecaseof

multi-hoptransmissions. Therefore,wecanallocateanewtimeframetoaccountforfuture

changesinvehiclepositions. Weassumethateachpacketbelongingtoadatastreamcan

beaccommodatedandtransmittedwithinasingletimeslot.Itisimportanttonotethat

duetothehalf-duplexnatureofthesystem,anodecaneithertransmitorreceiveadata

packetatagiventime. However,simultaneoustransmissionscanoccurwithinthenetwork

ifthesignal-to-interferenceplusnoiseratio(SINR)atthereceiverssurpassesapredeined

threshold.
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TheprimaryobjectiveofthischapteristominimizethetotaloraverageAoIofalldata

streamsforautonomousvehiclesovertheentiretimeframewhileconsideringthelimitations

imposedbythehalf-duplexconstraint,transmissionrange,andSINRthresholds. Allthe

nodes(vehiclesandroadinfrastructure)canparticipateinrelayingorrebroadcastingdata

streamssothatfarthernodescanreceivethem. Here,eachnode maybroadcastdata

packetsfordiferentdatastreams,andthereforeaschedulingschemeisrequiredtoallocate

timeslotsfordatabroadcastingsuchthatthetotal/average AoIofalldatastreamsat

allnodesis minimizedfortheentiretimeframe. Thiscombinatorialprobleminvolves

deciding whichpacketsofdatastreamstobroadcastovertransmissionlinks,scheduling

linksontimeslots,ensuringpacketordertransmissionon multi-hoppaths,andallowing

simultaneoustransmissionsundertheSINRconstraint. Tothebestofourknowledge,

nosuchcombinatorialproblemhasbeentackledandsolvedbefore. However, wehave

modeledtheproblem mathematicallyandsolveditusingtheoptimization modelandthe

OAMM method.Inthischapter,toconsiderthedynamicnatureoftheenvironment more

precisely,wemodeltheproblemas MarkovDecisionProcess(MDP),andsolveitusingtwo

reinforcementlearning(RL)algorithms,namely Qlearningand Double Deep Q-Networks

(DDQN).Furthermore,toimprovetheperformanceofbothmethods,wemergeourheuristic

algorithmOAMMwiththemandproposetwohybridheuristic-basedRLmethods,namely

OAMM-QlearningandOAMM-DDQN.

ThesystemmodelandproblemdescriptionarepresentedinSection4.2,whilethemath-

ematicalformulationisgiveninSection4.3. TheOnlineAgeofInformation Minimization

Method(OAMM)isdetailedinSection4.4,andthehybridRLmethod,OAMM-Qlearning,

isexplainedinSection4.5.Section4.6presentstheperformanceevaluation,andSection4.7

summarizesthechapterwithkeyindingsandsuggestspotentialavenuesforfutureresearch.

4.2 System ModelandProblem Description

4.2.1 System Model

WeconsideraroadstructureconsistingofseveralIoTdevicesliketraiclights,cameras,

LiDAR,radars,sensors,andasetofautonomousdrivingvehicles,whereallthesenodes

cancollectdatafromtheirsurroundingsandshareitwithallothernodesinavicinityV.

ThisvicinityV canbefromafewhundred meterstooneortwokilometersdependingon

theimportanceofdataforautonomousdriving. Weconsiderthesystemovermultipletime

frames. Eachframeissegmentizedintoequaltimeslots,t=1,2,...,T;thetotalnumber

oftimeslotsinaframeisT. ThesizeofthetimeframeTisconsideredverysmallsuch

thatthepositionofvehicles,basedontheir maximumspeed,willnotsigniicantlychange

toafectthebroadcastingofdataevenwith multi-hoptransmissions. Therefore, wecan
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Figure 4.1: Illustration of the system model; the wireless communications between vehicles
as well as road IoT devices such as traffic lights and cameras are shown by dotted lines, and
the communication range is shown by a circle around a node.

consider a new time frame for the future vehicle position change. The vehicles’ speed is

considered to follow a truncated Gaussian distribution ranging fromνmin toνmax [60], and

vehicles travel at random speed [30,61]. Also, the vehicles’ arrival into the road segment

is considered to follow a Poisson distribution with densityρVehicle/Km [68]. We consider

our system at each time frame, as shown in Fig. 4.1, as a graphG=(N, E), whereNis a

set of nodes in the road segment andEis a set of edges (links) connecting any two nodes

residing within each other’s communication radius. For simplicity, the power transmission

is assumed to be fixed equal toP. Hence, the graphGis constructed in advance at the

beginning of each time frame.

We assume each node at random generates and broadcasts data stream to help vehicles

in the vicinityVto better decide on their autonomous driving. Since not all the nodes in this

vicinity may have a direct link with the source node, the data stream may be re-broadcasted

over multiple hops. Hence, each node might have to broadcast data that belongs to different

streams. We consider a Time Division Multiple Access (TDMA) medium access where time
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Figure 4.2: Illustration of data scheduling for node 1 to broadcast its packet to all nodes in
the network: a) Node 1 is scheduled first to broadcast its data to all nodes in its commu-
nication range. b) Node 3 has been scheduled next to broadcast the data packet of node
1. c) Nodes 2 and 8 are scheduled to broadcast simultaneously since their communication
ranges do not collide with each other. Note that node 4 can not be scheduled with either
node 2 or 8 since its communication range collides with them.

is divided into slots of equal length as explained earlier. We assume that any packet of a

data stream can be fit and transmitted over a one-time slot. It is noted that due to the half-

duplex mechanism a node can only transmit or receive one data packet at a time. However,

we might have simultaneous transmissions in the network if the signal-to-interference plus

noise ratio (SINR) at receivers is above a certain thresholdβ. Leteijbe the Euclidean

distance between two nodesiandj, andαbe the path loss exponent. Then, the SINR

under the physical interference model [31,63] in the presence of concurrent transmissions is

obtained as follows:

SINR(i,j)=
e−αijP

η+ ∀(h,k)∈E:h=ie
−α
hjP

≥β ∀(i, j)∈E (4.1)

whereηis the background noise. For simplicity, we assume that a node has a communication

rangeLso that it can communicate with other nodes within this range successfully if its

communication range does not collide with communication ranges of other simultaneous

transmissions (see Fig. 4.2(c), node 4 cannot broadcast simultaneously with either node 2 or

node 8, whereas, both nodes 2 and 8 can simultaneously transmit since their communication

areas do not collide with each other). To simplify the broadcasting scheduling and satisfy

the SINR for simultaneous transmissions, we calculate here in offline mode the safety margin

δ;where a node cannot transmit if its interference on an active third-party receiver may

disturb the SINR in the receiver to a level below the thresholdβ.

4.2.1.1 Determining the set of silent nodes for a given transmitter that guar-

antees that all receives successfully receive packets

IfLandPare respectively the communication range and transmission power for our system,

the set of nodesNjthat have to be silent for any transmitterjcan be determined as follows.
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Giventhehalf-duplexconstraintoftheenvironmentunderstudy,wecancalculatethe

interferenceupperboundbyconsideringhalfofthenodesbeingtransmittersand,asacon-

sequence,causinginterferenceonthird-partyreceivers. Withthisassumption,weidentify

thenodeimostsusceptibletointerferencewithinj’scommunicationrangeLbycalculating

thecumulativeinterferenceofallthird-partytransmittersinthenetwork.Itisworthnoting

thatthissetofthird-partytransmittersisoutsidethej’sandi’scommunicationrangedue

tothehalf-duplexconstraint.

Theupperboundforthecumulativeinterferenceonnodeiforthetransmitterjis:

Iij=

k/∈(Nj∪Ni)

e−α
ikPwk (4.2)

whereNjandNiarethesetofnodeswithinthecommunicationrangeLforthenodesi

andj,wk∈[0,1]isanindicatorfunctionthatassumesthatthenodesoutsideoftheset

NjandNiaresortedaccordingtotheirdistancestoiandthatthenearestnodetoiisa

transmitter(toachievetheinterferenceupper-bound)followedbyanalternatingsequence

transmitterswithwk=1andnottransmitterswithwk=0.

Withtheupperboundinterferenceestimate,wecancalculate SINRijandcompareit

tothethresholdβ.

SINRij=
e−α

ijP

Iij+η
(4.3)

ifSINRij≥βthenthetransmissionsafetymarginδ=0.IfSINRij<β,thenδij=eih−L,

wherehisthetransmitternodethatisnearesttoiandhisinsertedintoNjsothatitis

notconsideredatransmitterinanewiterationofinterferenceandSINRestimations.

Thetransmissionsafety margin δijistheniterativelyestimatedbytheexecutionof

equations4.2and4.3. Anyothertransmitternodeinthenetworkcanusethissafety

marginbecausethe iisthereceiver mostsusceptibletointerference,andjistheleast

favorabletransmitterforibybeingthefarthestpossibletransmitter.Itisworthnoting

thatattheendofthisprocess,Njwillcontainthebroadcastsetforj(i.e.thesetofnodes

thatreceiveapacketifjisactivelytransmitting)andasetofnodesthatmustbesilentfor

itosuccessfullyreceiveatransmissionfromj.

Similarly,foreachnodehinthenetwork, wecalculateNh wheneverthegraph Gis

created,beforethebeginningofatimeframe. ThesetsN canthenbeusedtoconstrain

thenumberofactivetransmittersinthesame mannerasthehalfduplexconstraintwhile

guaranteeingthattheSINRconstraintissatisiedforallreceivers,i.e.,nodesinNh with

distancefromhsmallerthanLwouldreceiveapacketiftransmittedbyh,nodesinNh

withdistancesgreaterthanLwouldbe markedassilentifhisanactivereceiver.
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4.2.2 AoI Deinitionin Vehicular Networks

TheconceptofAoIdescribesthefreshnessofinformationfromtheperspectiveofthere-

ceivers,anditisdeinedasthetimediferencesincethe mostrecentlydelivered message

wasgenerated. TotracktheAoI,wedeineAt
n,d astheAoIofdatastreamdatreceiver

nodenattimet.Itistobenotedthatdatastreamdreferstothenodethatgeneratesthis

stream. Adatapacketforstreamdisgeneratedwithprobabilityλd∈(0,1],∀d.Ifwelet

Gt
d∈{0,1}betheindicatorofgeneratingnewdataforstreamdattimeslott,thenthe

probabilityofGt
d=1followsBernoullidistributionwithprobability λd. Whenanoden

generatesanewpacketfordatastreamd,theAoIofthatdatastreamandthenodeisset

tozero(i.eAt
n,d =0),sincethedatastream disgeneratedandintendedfornoden(i.e.,

Nodenisthegeneratorandreceiverofdatastreamd). Otherwise,asonetimeslotpasses

by,eitherthedatapacketiswaitinginaqueueofanodeorintransmissionfromnodeto

nodethrough multi-hop,theAoIincreasesbyone,untilthedataisdeliveredtothedesti-

nation. Thereisapossibilitythatwhileadatapacketisbeingdeliveredtoadestination

node,anewdatapacketisgeneratedforthesamestream. Hence,itmightbemoreeicient

todroptheolddatawhichhasnotbeendeliveredyetandschedulethenewlygenerated

datatobetransmittedanddeliveredtothedestinationsoastoreducetheaverageAoIof

thenetwork.

4.2.3 Problem Deinition

WeareinterestedinminimizingthetotaloraverageAoIofalldatastreamsthatareintended

forautonomousvehiclesinthenetworkwithintheroadsegmentfortheentiretimeframe.

Allthenodes(vehiclesandroadinfrastructure)canparticipateinrelayingorrebroadcasting

datastreamssothatfarthernodescanreceivethem. Here,eachnode maybroadcastdata

packetsfordiferentdatastreams,andthereforeaschedulingschemeisrequiredtoallocate

timeslotsfordatabroadcastingsuchthatthetotal/averageAoIofalldatastreamsatall

nodesis minimizedfortheentiretimeframe.

Problem Deinition(minimizing AoIforalldatastreams): GivenagraphGof

N nodesconnectedthroughE edgeswithneighborswithinthecommunicationrangeL,the

problemof minimizing AoIforalldatastreamsistoscheduletimeslotsforbroadcasting

datastreamsgeneratedbyallnodesinthenetworkwithinthereadsegmenttobedelivered

toallautonomousvehicleswithinthevicinityV aroundeachgeneratednodeinthecurrent

timeframeT(wheretheframeispartitionedinto multipleequaltimeslots)suchthatthe

total/averageAoIofalldatastreamsatallnodesis minimized.

Here,eachnodegeneratesadatastreamtobroadcasttoallnodesinthevicinity V.

WeillustratethedatabroadcastingforonenodeinFig.4.2onasamplenetworkshownin
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Table4.1: NotationsUsedinproblemformulation

Parameters
N Setofnodes.
E Setofedges(links).
D Totalnumberofdatastreams.
T Timeframe(totalnumberoftimeslots).
B LargeconstantlargerthananyAoIinthesystem.

Gt
d

IndicatesthatwhenGt
d=1anewdataforstreamdis

generatedattimet,andGt
d=0otherwise.

Variables

At
n,d ≥0

AoIofdatastreamdatreceivernodenat
timet.

Xt
ij,d∈{0,1}

Indicateswhetherlink(i,j)fordatastreamd
isscheduledattimetornot.

Pt
ij,d≥0

EqualtoAt
i,d,ifXt

ij,d=1&At−1
i,d <At−1

j,d;

andzerootherwise.

Ht
ij,d∈{0,1}

Equaltoone,ifXt
ij,d=1&At−1

i,d <At−1
j,d;

andzerootherwise.

Qt
j,d ≥0

EqualtoAt
j,d,if i:<i,j> Ht

ij,d=0;

andzerootherwise.

Rt
ij,d∈{0,1}

Equaltoone,ifAt−1
i,d <At−1

j,d;

andzerootherwise.

Fig.4.1;namely,weillustratetheschedulingofthedatastreamofnode1andhighlight

theimportanceofnodesthatshouldparticipateinrelayingorrebroadcastingdatasothat

fewernumberoftimeslotsisusedandhencethefasterthedataisdeliveredtoallnodes.

Notethatthesameprocedureisdoneconcurrentlyforotherdatastreamsinthenetwork.

Hereweshowthedatabroadcastingforonlyonenode.Itistobenotedthatthescheduling

problemwillbe morecomplexwhenweconsider multipledatastreamsinsteadofone.In

theirsttimeslot,illustratedinFig.4.2(a),node1broadcastsitsdatapacket. Inthe

secondtimeslot,anynodethathasreceivedthedatapacket mayrelayorrebroadcastit,

however,anode mustbechosenthatwillresultindeliveringdatato morenewnodes(see

Fig.4.2(b))andwillincreasethechanceforsimultaneoustransmissionsinthefuturetime

slotscheduling(seeFig.4.2(c)). Also,thereisapossibilitythatwhileadatapacketthat

belongstothestreamisonitswaytoadestination,anewdatapacketforthesamedata

streamisgenerated. Hence,it mightbe moreeicienttodroptheolddatapacketand

deliverthenewone. Thus,theschedulershouldoptimize1)nodesthatshouldparticipate

inbroadcasting,2)whennodesshouldtransmit/broadcast,and3)whichdatapacketsto

bebroadcastedsothattheAoIofthenetworkis minimized.
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4.3 ProblemFormulation

Inthissection,wemathematicallyformulatetheproblemasamixedintegerlinearprogram

(MILP).TheusednotationsarelistedinTable4.1.

LetAtn,d≥0betheAoIofdatastreamdinnodenattimet. Theobjectiveofthe

optimizationmodelistominimizetheAoIofalldatastreamsd=1,2,...,Donallnodes

n=1,2,...,Natalltimeslotst=1,2,...,T.Itcanbemathematicallywrittenasfollows:

Minimize

T

t=1

D

d=1

N

n=1

Atn,d (4.4)

subjectto:(4.5)-(4.9),(4.13),(4.17),(4.22),(4.24)-(4.28),wheretheseconstraints

arederivedindetailinSections4.3.1to4.3.4.

4.3.1 Simultaneoustransmissions

Toreduceinterferenceandincreasethesuccessfultransmissionrate,weavoidanodereceiv-

ingmultipledatapacketsfromdiferenttransmittersortransmittingmultipledatapackets

atthesametime.Similarly,weavoidanodetransmittingandreceivingsimultaneously.

LetXtij,n∈{0,1}indicateswhetherlink(i,j)fordatastreamdisscheduledattimetor

not.

4.3.1.1 SimultaneousReceiving

Thisconstraintensuresthatareceiverdoesnotreceivedatapacketsfrommultipletrans-

mitterssimultaneously:

D

d=1i:(i,j)∈E

Xtij,d≤1 ∀j∈N,t=1...T. (4.5)

4.3.1.2 SimultaneousTransmitting

Thefollowingconstraintpreventsatransmitterfromtransmittingdiferentdatapacketsto

multiplereceiversatthesametime.Inotherwords,anodecannottransmitmorethanone

datapacketatthesametime:

D

d=1

Xtij,d≤1 ∀(i,j)∈E,t=1...T. (4.6)
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4.3.1.3 SimultaneousReceiveandTransmit

Usingthefollowingconstraint,weensurethatanodedoesnottransmitandreceiveatthe

sametime:

D

d=1

Xtik,d+
D

d=1

Xtkj,d≤1

∀(i,k)&(k,j)∈E,t=1...T.

(4.7)

4.3.2 DataBroadcasting

Ifanodeisscheduledtotransmitadatapacket,basedonthenatureofthedatabroadcast-

ing,alltheoutgoinglinksfromthenodeshouldbescheduledatthesametime,andvice

versa,ifanodeisnotscheduledtotransmit,noneofitsoutgoinglinksshouldbescheduled.

Xtij,d=X
t
ik,d ∀(i,j)&(i,k)∈E,d=1..D,t=1..T. (4.8)

4.3.3 InitialAoI

TheinitialAoIforalldatastreamsandnodesissettoaninitialvalueattimet=0and

updatedattimet=1,2,...,T.Hence,theAoIforalldatastreamsandnodesattimet=0

(i.e.,A0n,d)issettoInitialexceptfornodesn=dthatmightgenerateanewpacketat

timet=0asfollows:

A0n,d=Initial ∀n=1..N,d=1..D:d̸=n. (4.9)

Whennewdatathatbelongstothesamenodeisgenerated,theAoIofthatnodeisset

tozero(i.e.,Atn,d=0,herenoden=dsincethesamenodegeneratesanewdatapacket,

thuswemaywriteitasAtd,d=0). LetG
t
d∈{0,1}beanindicatorthatnewdatafor

streamdisgeneratedattimet.Hence,whenGtd=1andn=d,theAoIofnodenisset

tozero(i.e.,Atn,d=0).Attheinitialtimet=0,theAoIisgivenasfollows:

A0d,d=(1−G
0
d)Initial ∀d=1..D. (4.10)

When G0d=0,theAoIA
0
d,dfornodeanddatastreamdissettotheinitialvalue.

However,whenG0d=1,theAoIA
0
d,d=0.Similarly,atothertimeslots,whent̸=0,the

AoIissettozero(i.e.,Atd,d=0)whenanewpacketisgeneratedattimet(i.e.,G
t
d=0).

Theconstraintisgiveninthenextsubsection.



62

4.3.4 AoI Updates

Astimegoesby,theAoIisincrementedbyoneunitasone-timeslotpassesby(i.e.,At
j,d=

At−1
j,d+1). Whenanodereceivesadatapacketfordatastreamd,iftheAoIofthetransmitter

issmallerthanthereceiver,thenitupdatesitsAoItobeequaltotheAoIofthetransmitter

plusone.Inotherwords,ifnodejreceivesanewdatapacketofstreamdfromnodeiat

timet(i.e.,Xt
ij,d=1),and At−1

i,d < At−1
j,d,thenAt

j,d= At−1
i,d +1;thisone AoIunitis

addedbecausethedatatransmissionfromthetransmittertothereceivertakesone-time

unitwhichshouldbeaddedtotheAoIofthereceiver. Thefollowingequationsshowhow

theAoIofanodeisupdated:

At
j,d=






0, ifGt
d=1 & d=j;

At−1
i,d +1, ifXt

ij,d=1 & At−1
i,d ≤At−1

j,d;

At−1
j,d +1, otherwise.

∀(i,j)∈E,d=1..D,t=1..T.

(4.11)

Asexplainedearlier,whenanewpacketisgeneratedfordatastreamdattimet,the

AoIofthenodethathasgeneratedthenewpacketissettozeroasshownbelow:

At
d,d=

0, ifGt
d=1

At−1
d,d +1, otherwise.

∀d=1..D,t=1..T.

(4.12)

whichcanbelinearizedasfollows:

At
d,d=(1−Gt

d)(At−1
d,d +1) ∀d=1..D,t=1..T. (4.13)

However,whenanodewithasmallerAoItransmitstoalargerAoInodeasexplained

above,theupdatedAoIofthereceiverwillbeequaltotheAoIofthereceiveratthetime

oftransmissionplusone. Otherwise,theAoIofanodeincrementsbyoneasshownhere:

At
j,d= i:<i,j>Pt

ij,d+1, if i:<i,j>Pt
ij,d̸=0,

At−1
j,d +1, otherwise.

∀j=1..N,d=1..D:d̸=j,t=1..T.

(4.14)

wherePt
ij,disequaltotheAoIofthetransmitter(i)onlink<i,j>(i.e.,At

i,d),ifXt
ij,d=1

andAt−1
i,d <At−1

j,d,andzerootherwise.So,ifnodejreceivesadatapacketfromanodewith

smallerAoI,thentheAoIofnodejwillbe i:<i,j>Pt
ij,d+1,whichisequaltoAt−1

i,d+1,since

attimet,nodejcanreceiveapacketfromonlyonetransmitterbasedonconstraint4.5).
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Equation(4.14)canbewritteninalinearizedformasfollows:

At
j,d=

i:<i,j>

Pt
ij,d+At−1

j,d(1−
i:<i,j>

Ht
ij,d)+1

∀j=1..N,d=1..D:d̸=j,t=1..T.

(4.15)

or,

At
j,d=

i:<i,j>

Pt
ij,d+At−1

j,d −At−1
j,d

i:<i,j>

Ht
ij,d)+1

∀j=1..N,d=1..D:d̸=j,t=1..T.

(4.16)

or,

At
j,d=

i:<i,j>

Pt
ij,d+At−1

j,d −Qt
j,d+1

∀j=1..N,d=1..D:d̸=j,t=1..T.

(4.17)

where,Ht
ij,d,Pt

ij,d,andQt
j,d,aregivenbellow:

Ht
ij,d=

1, ifXt
ij,d=1 & At−1

i,d <At−1
j,d;

0, otherwise.

∀(i,j)∈E,d=1..D,t=1..T.

(4.18)

Pt
ij,d=

At−1
i,d, ifHt

ij,d=1;

0, otherwise.

∀(i,j)∈E,d=1..D,t=1..T.

(4.19)

Qt
j,d=

At−1
j,d, if i:<i,j>Ht

ij,d=1

0, otherwise.

∀j=1..N,d=1..D,t=1..T.

(4.20)

Equation(4.18)canbewrittenasfollows:

Ht
ij,d=Xt

ij,dR
t
ij,d ∀(i,j)∈E,d=1..D,t=1..T. (4.21)



64

andlinearizedbythefollowingconstraints:






Ht
ij,d≤Xt

ij,d

Ht
ij,d≤Rt

ij,d

Ht
ij,d≥Xt

ij,d+Rt
ij,d−1

∀(i,j)∈E,d=1..D,t=1..T.

(4.22)

where,

Rt
ij,d=

1, ifAt−1
i,d <At−1

j,d;

0, otherwise.

∀(i,j)∈E,d=1..D,t=1..T.

(4.23)

Theaboveequationcanbelinearizedusingthefollowingconstraints:

Rt
ij,d≤

At−1
j,d −At−1

i,d

B
+1

∀(i,j)∈E,d=1..D,t=1..T.

(4.24)

Rt
ij,d≥

At−1
j,d −At−1

i,d

B

∀(i,j)∈E,d=1..D,t=1..T.

(4.25)

Rt
ij,d≤|At−1

j,d −At−1
i,dt|

∀(i,j)∈E,d=1..D,t=1..T.
(4.26)

whereBisabigvalueconstantlargerthananyAoIinthesystem. Consequently,equation

(4.19)canbelinearizedusingthefollowingconstraints:






Pt
ij,d≤At−1

i,d

Pt
ij,d≤BHt

ij,d

Pt
ij,d≥B(Ht

ij,d−1)+At−1
i,d

∀<i,j>∈E,d=1..D,t=1..T.

(4.27)

andequation(4.20)canbelinearizedusingthefollowingconstraints:
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Qt
j,d≤At−1

j,d

Qt
j,d≤B i:<i,j>Ht

ij,d

Qt
j,d≥B( i:<i,j>Ht

ij,d−1)+At−1
j,d

∀j=1..N,d=1..D,t=1..T.

(4.28)

4.4 The Online AgeofInformation Minimization Method

(OAMM)

Fromthefactthattheproblemof minimizingthe AoIofdatastreamsis NP-hard,and

obtainingtheoptimalsolutionsusingtheoptimization modelgivenaboveisverycomplex

andnon-scalable,inthissection,weproposeaheuristicmethodtosolvetheproblemonline

forconsequenttimeframeswithanyvehiclelocationchanges. Thedetailsoftheheuristic

methodaregiveninAlgorithm6.

Theinputstothealgorithmarecomprisedofasetofnodes(N),asetofedgesorlinks

(E),thetotalnumberofdatastreams(D),thetotalnumberoftimeslotsinagiventime

frame(T),andpacketgenerationprobabilitywithBernoullidistribution(λd). Theoutputs

ofthealgorithmarethetotalsumof AoI(TotalAoI),andtheresourceblockallocation

RB. Atinitialization,theAoIforalldatastreamsandnodesissettoaninitialvalueat

timeslott=0(i.e.,A0
(n,d)=0),exceptfornodes(n)that mightgeneratenewpacketsfor

theirdatastreams(d),thatisn=d.

Inline2,thealgorithmcallsfunctionSampleG,detailedinAlgorithm7,tosampleG

(probabilitydistributionofnewpacketgeneration)whichfollowsBernoullidistributionwith

probabilityλd. ThisfunctiontakesasinputsAoIA,anindicatorofgeneratingnewdata

foralldatastreamsG,andtimeslotst. Eventually,thefunctioncreatesanewpacket(p)

whenGt
d=1, wherepacket piscomprisedofapacketid,asetoftransmittednodes,a

setofreceivednodes,andacountertotrackthenumberofnodesthathavenotreceived

thepacket. ThenanIDforthepacketpisgeneratedbysubtractingthecurrenttimet

fromtheframesizeT(i.e.,p.id=T−t,line6ofAlgorithm7)totrackthepacketnumber

foreachdatastream. Consequently,thetransmittedsetofpacketpissettonullbecause

thispackethasjustbeengeneratedwithoutbeingtransmittedyet(i.e.,p.transmitted=∅,

line7),anditwillbereadytobetransmittedforthenexttimeslot. Asanewpacket,itis

insertedintothereceivedset(line8),andthenumberofnon-visitednodesforthispacketp

isdecreasedbyone(line9).Eventually,packetpisinsertedintothepacketlist(d.packlist)

ofdatastreamdwhichhasgeneratedthisnewpacket(line10),andtheAoIofthestream

dissettozero(i.e.,A0
d,d=0,line11).

Inline3ofAlgorithm6,thetimeslottiteratesoverthetimeframeT. Foreachtime
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Algorithm6: TheOAMM method

Data: N,E,D,T,λd;
Result: TotalAoI,RB;

1 Initialize:A0
(n,d)=Initial;

2 SampleG(A,G,0);
3 fort=1;t<=T;t++do
4 Tran=∅,Rec=∅,PAt=∅;
5 fordatastreamdinD do
6 forpacketpind.packlistdo
7 forpacketninp.receiveddo
8 Insertthetuple(d,n,p)intoPAt;

9 SortdbasedonthesumofAoIofeachdatastream;
10 SortPAtinorderbasedonthefollowing:
11 a)Datastreamd;
12 b) Maximumlengthofthebroadcast/transmitterset;
13 c)NewestpacketID;
14 foreachpossibleactionainPAtdo
15 ifa.n/∈(Tran∪Rec)then
16 ifa.n.broadcast∩(Tran∪Rec)==∅then
17 AllocateaintoRB;
18 Inserta.nintoTran;
19 Inserta.n.broadcastintoRec;
20 Move a.nfroma.p.receivedintoa.p.transmitted;
21 Wrec=a.n.broadcast\(a.p.transmitted∪a.p.received);
22 UpdateAt

w,d ∀w∈WrecaccordingtoEq.4.11;

23 a.p.notvisited=|N|−|a.p.received|+|a.p.trasmitted|;
24 ifa.p.notvisited==0 then
25 Removepfroma.d.packlist;

26 Dropolderpacketscoveredbynewerpackets;
27 SampleG(A,G,t);

28 TotalAoI=
N

n=1

D

d=1

T

t=1
At

d,n;

slotstartingwitht=1,inline4,thealgorithmirstemptiesthetransmitterset(Tran),

receiverset(Rec),andthelistofpossibleactions(PAt). Then,foreachdatastreamdand

foreachpacketpinthedatastreamlist(d.packlist)andreceivedlist(p.received),itinserts

thetuple(d,n,p)intothelistofpossibleactionPAt,wherepisthepacketidinshort

(referredtop.idinAlgorithm7),andnisoneofthenodesthatreceivespacketpandready

tobroadcastit.Inline9,thealgorithmcomputesthesumofAoIforeachdatastreamand

thensortsthemindescendingorder. ThelistofpossibleactionsPAtisirstsortedbased
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Algorithm7: SampleGfrombernoullidistributionoflambda

1 FunctionSampleG(A,G,t):
2 SampleGt∼Bernoulli(λd);
3 fordatastreamdinD do
4 ifGt

d=1 then
5 Createnewpacketp;
6 p.id=T−t;
7 p.transmitted=∅;
8 Insertdintop.received;
9 p.notvisited=|N|−1;

10 Insertpintod.packlist;
11 At

d,d=0;

ondatastreams,andthenbasedonthe maximumlengthofthebroadcast/transmitterset

followedbythenewestpacketIDincaseoftie(lines10-13).

Inline14,foreachactionainPAt,thealgorithmchecksthehalf-duplexconstraint,

whichensuresthatanode a.nisnotinthesetsoftransmittersTranandreceiversRec

(line15).Line15isessentiallycheckingwhethertheintersectionbetweenthebroadcastset

ofatransmitterforactionaandtheunionofthesetsoftransmittersTranandreceivers

Recisanemptyset.Iftheconditionissatisied,it meansthattherearenooverlapping

nodesbetweenthebroadcastsetandthetransmittersorreceivers. So,itispossibleto

allocatetheactionaintotheresourceblock(RB). Oncetheresourceblockallocationis

done,bothtransmittera.nandthesetofreceiverswhoreceivedthedatapacketthroughthe

broadcasting(i.e.,setofa.n.broadcast)arerespectivelyinsertedintoTranandRec(lines

18-19).Inaddition,thetransmittera.nisremovedfromthereceivedpacketsettothe

transmittedpacketset(line20). Tokeeptrackofthenodesthathavenotyetreceiveddata

packetsfordiferentdatastreams,inline21,anewset,Wrec,isconstructedbytakingthe

diferencebetweenthebroadcastsetofatransmittera.n(a.n.broadcast)andtheunionof

twosets,includingthesetofpacketsalreadytransmitteda.p.transmittedandthesetof

packetsalreadyreceiveda.p.received.

Inline22,anupdateprocessistakenintoconsiderationforeachelementw inthe

Wrecset;theupdateisperformedbasedonEq.4.11, which wasexplainedearlier. The

setofpacketsforunvisitednodesisobtainedbyremovingreceivedandtransmittednode

sets(|a.p.received|)and(|a.p.transmitted|)fromthetotalnumberofnodes(|N|).Ifthe

diferenceisequaltozero,thenit meansallnodesinthenetworkareeitherconsidered

asthereceiverortransmitterofthepacket. Hence,weremovethepacketfromthatdata

streamandupdatethepacketlist(a.d.packlist)(lines24-25).

Thealgorithminline26beforegoingtothenexttimeslotdropsandreplacesthe
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oldpacketsifnewerpacketshavearrivedforthesamedatastreams,andtheninline27

functionSampleGiscalledtogeneratenewpacketsbasedontheprobabilitydistributionG.

Finallyinline28,thealgorithmsumsuptheAoIvaluesforeachtimeslot,rangingfromt=1

tot=T,resultingintheTotalAoI.Thisprovidesuswithacomprehensiveunderstandingof

theoverallfreshnessoftheinformationgatheredoverthetimeperiod.

4.5 ReinforcementLearningandHybridApproaches

Reinforcementlearning(RL)isanapproachwhereanagentinteractswithanenvironment

tolearnapolicythatmaximizesitslong-termrewards.Theagenttakesactionsfromthe

givenstatesintheenvironment,obtainsfeedbackintheformofrewards,andusesthe

informationtoupdateitspolicy.

Inourmethod,weformulateourmaximizationproblemas MarkovDecisionProcess

(MDP)toallocateresourcesintoRBswithinatimeframe. An MDPisrepresentedby

atuple(S,A,γ,P,R),whereSisainitesetofstates,denotedasst∈Sattimeslot

t;AisanactionspacesuchthatifweletAtobeasetofallpossibleactionsinstate

standatisoneoftheactionsatanytimeslott,thenat∈A;γ∈[0,1]isthediscount

factor,whichdeterminestheweightoffuturerewardsinthedecision-makingprocess;Pis

aMarkoviantransitionmodel,denotedasP(st+1∥st,at),whichrepresentstheprobability

oftransitioningfromstatesttostatest+1 whenanactionatistaken;Risthereward

distribution,denotedasP(rt∥st,at),whichgivestheimmediaterewardrt∈Rafteran

actionatistakeninastatestattimeslott.Thestate,action,andrewardfunctionsunder

theMDPframeworkaregivenasfollows:

4.5.0.1 Agent

RoadsideUnit(RSU)isconsideredtobeanagent.

4.5.0.2 State

Eachstatestisdeinedasatupleofmultiplevectors:i)amatrixcontainingthecurrent

AoIattimeslott,aoit;ii)avectorcontainingthecurrentmeanofAoIofeachdatastream

attimeslott,meant;iii)avectorofthecurrentmedianofAoIofeachdatastreamattime

slott,mediant.Thusthesystemstatesattimeslottcanbeexpressedas:

st=(aoit,meant,mediant). (4.29)
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4.5.0.3 Action

Eachactionaisdeinedasatuplecomposedofi)Anidentiierusedtoassigneachdata

streamtotransmit,d∈D;ii)Anidentiierofascheduledtransmitterforthatdatastream,

h∈N;iii)Anidentiierofaconsideredpacketforthatdatastream,p.Theagentactiona

canbeexpressedas:

a=(d,h,p). (4.30)

4.5.0.4 Reward

Weusearewardfunctiontoprovidefeedbackoneachaction attakeninagivenstatest

bytheRLagent.TheagentselectsanactionatfromasetofpossibleactionsAtattime

slott,whereAtrepresentstheavailableresourceallocationchoicesatthetimestept.Let

rtbetheimmediaterewardateachtimeslott.Therewardfunctionrt(st,at)attimeslott

canbeexpressedasfollows:

rt(st,at)=
At−1− At

max(max(At−1),max(At))
(4.31)

IfthemaximumvalueofthepreviousAoI(At−1)isgreaterthanthemaximumvalue

ofthecurrentAoI(At),wenormalizebothofthembydividingoverthemaximumvalue

ofthepreviousAoI.Otherwise,wenormalizebothbydividingoverthemaximumvalueof

thecurrentAoI.Therewardrt(st,at)isthencomputedbyobtainingthediferencebetween

thenormalizedvaluesofthepreviousAoIandthecurrentAoI.

4.5.1 TheQlearningApproach

FortheRLapproach,weusetheQlearningnetwork[67]giveninAlgorithm8thatutilizesan

of-policymethodandrunsforKepisodestoallocateresourcesintoresourceblockswithin

atimeframeT. Theinputtothealgorithmistheinterfaceoftheenvironment,andthe

outputsarethetotalsumofAoIandscheduledresourceblocksRB.Initially,theQ-valuefor

eachstatesandactionaiszero.Thealgorithmiteratesoverseveralepisodes(i.e.,K),and

ateachepisodek,foreachtimeslott,whiletheterminalstateisnotreached,itinitializes

thetransmittersetTranandthereceiversetRectonull(line4).Inline5,thealgorithmat

thestartobservesasetofstatecomponents,consistingofthetuple(aoit,meant,mediant),

fromtheenvironment. Then,inline6,thealgorithmchoosesanactionatfromalistof

possibleactionsAtinagivenstatestutilizinganϵ-Greedypolicy,andallocatesatinto

theresourceblockRBt.Inline7,aftertakinganaction,thealgorithmretrievesareward

(rt)fromtheenvironmentandupdatestheQ(st,at)valueintheQ-tablebychoosingthe
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futureactionthatreturnsthehighestexpectedvalue(seeline8),takingintoaccounta

learningrateαanddiscountfactorγ. TheQ-valuetableisrepeatedlyupdatedatmultiple

iterationssothatitconvergesandtherewillbenosigniicantimprovements.Intheend,

thealgorithmexecutesthetrainedagentintheenvironment(line9),andobtainsthetotal

sumofAoITotalAoI(line10).

Algorithm8: ProposedQlearningbasedSolution

Data: EnvironmentInterface;
Result: TotalAoI,RB;

1 Initialize:Q(s,a)=∅;
2 fork← 1: Kdo
3 fort← 1: Tandst̸=sT do
4 Tran=∅,Rec=∅;
5 Observest(aoit,meant,mediant)fromtheenvironment;
6 Chooseat(dst,trt,pt)fromalistofpossibleactionsAtusinganϵ-Greedypolicy

andallocateatintoRBt

7 ReceiveaReward(rt)fromtheenvironment;
8 UpdateQ(st,at)← Q(st,at)+α[rt+γmaxQ(st+1,at+1 ∈At+1)−Q(st,at)];

9 Executetrainedagentonenvironmentinterface;

10 CalculateTotalAoI=
T

t=1
At;

4.5.2 OAMM-Qlearning

TheconventionalQlearningapproachfollowsanexplorationandexploitationapproachto

gatherinformationaboutstate-actionpairsuntilitconverges. Thesizesofstateandaction

spacescanbecalculatedasfollows:

O(S)=O(A×mean×median) (4.32)

O(A)=O(D×N×T). (4.33)

Infact,sincethesizeofthestate-actionspacesisextremelylargewhichnecessitates

creatingaverylargeQ-valuetable,exploringtheentirestate-actionspacestoupdatethe

Q(st,at)valueforeachstate-actionbecomeschallengingandcomputationallyexpensive,

leadingtopoorperformanceandslowconvergence. Hence,toovercomethisissue, we

propose OAMM-Qlearning,aheuristic-basedreinforcementlearningapproach, whichis

theintegrationoftheheuristic OAMM methodandtheconventional RL method. By

integratingtheheuristicOAMMinsightsintothelearningprocessoftheRLapproach,the

agentacceleratesitslearningbyunderstandingwhichactionsinspeciicstatesyieldthebest
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rewards. Thisapproachdelegatesthe modeltoenhancethequalityofsolutionsobtained

toconvergefastertowardoptimalsolutions.Inbrief,theOAMM-Qlearning methodsolves

theproblemusingtheheuristic OAMM method,generatesasequenceofstates,actions,

andrewards,requiredforRLimplementation,andstorestheseinitialresultsinalistcalled

SARlist. ThenitupdatestheQ-tablewiththesetofstatesandactionsobservedfromthe

listSARlist.Finally,theRLagentcontinuestrainingsimilartotheconventionalQlearning

techniquegiveninAlgorithm8. ThedetailsoftheOAMM-Qlearning methodaregivenin

Algorithm9. Thealgorithmtakesasetofnodes(N),asetofedgesorlinks(E),thetotal

numberofdatastreams(D),thetotalnumberoftimeslotsinagiventimeframe(T),

andpacketgenerationprobabilitywithBernoullidistribution(λd)asinputs.Initially,the

SARlistisempty(line1). Thealgorithmexecutesthe OAMM methodusingtheinputs

(line2),obtainsasequenceofstates(S),actions(A),andrewards(R)(line3),andstores

theminlistSARlist(line4). Then,inline5,thealgorithmiteratesovertheresultsstored

inthelisttoupdatethe Q-table. Finally,ittrainsandexecutestheRLagentsimilarto

lines2-10giveninAlgorithm8.

Algorithm9: OAMM-Qlearning

Data: N,E,D,T,λd;
Result: TotalAoI,RB;

1 Initialize:SARlist=∅;
2 ExecutetheOAMM methodtakingN,E,D,T,λdasinputs;
3 ObservetheOAMM methodexecutiontocollectasequenceofstates(S),actions(A),and

rewards(R);
4 Storethesequences(S,A,R)intotheSARlist;
5 IterateovertheSARlisttoupdatetheQtableaccordingtoLine8fromAlgorithm8.
6 TrainandexecutetheQlearningagentaccordingtoLines2-10ofAlgorithm8.

4.5.3 The Double Deep Q-Networks(DDQN) Approach

ThetraditionalDDQN[67],asshowninFig.4.3andFig.4.4,isanextensionoftheDQN

algorithmof DRL whichruns multipleepisodestoallocateresourcesinto RBs withina

timeframeT. TheusednotationsarelistedinTable4.2. Here,theinputandoutputsto

Algorithm10aresimilartoAlgorithm8.

Atinitialization,theprimarynetworkQ isinitializedwithrandomweights,whilethe

targetnetworkQ̂isinitializedbydirectlycopyingtheweightsfromtheprimarynetworkQ.

Allthestepsinlines2-7aresimilartoAlgorithm8whichhavebeenexplainedearlier.In

line8,afterchoosinganactionat,wereceivearewardrtfor movingtothenextstatest+1

whichincludesalistofnextpossibleactionsAt+1 fromtheenvironment.Line9storesthose

valuesobtainedattimeslottasonesingletransition(s,a,r,s′,A)inthereplay memory
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Figure 4.3: The proposed DRL approach to obtain the reward policy.

(RM). In line 10, a random minibatch of transitions (sj,aj,rj,sj,Aj) is sampled from the
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Table 4.2: SIMULATION PARAMETERS

Parameters Values
Activation Functions ReLU
Number of Neurons 256, 128, 64, 32, 16

Number of Hidden Layers 5
Learning Rate 0.0001
Optimizer Adam

Total Number of Episodes 255
Decay Rate 1/Episodes * 2

Discounted Reward 0.99

Figure 4.4: The proposed Q-Network.

replay memoryRM. For each transition in the minibatch (line 11), the target Q-value

Qt(sj,aj) is computed using the target networkQ̂. TheQt(sj,aj) is calculated as the sum

of the immediate rewardrjand the discounted maximum Q-valueQ̂(sj,Aj) from the next

statesjusing the primary networkQ(line 13). We then perform gradient descent on the

difference between the target Q-valueQt(sj,aj) and the primary networkQ(line 14). Next,

target Q-network weights (̂θ) are updated. The update process involves adjusting the target

network parameterθtowards the primary network parameterθ, where the rate of averaging

valueτis typically set to 0.01 (line 15). In this way, target network weights (̂θ) are updated

by copying the weights from the primary network. Once the termination condition is met,

the algorithm proceeds to the next episode until all episodes are completed. In the end,

similar to Algorithm 1, the final agent is executed in the environment (line 16), and the

total number of successful communicationsTNCand fairnessFare calculated (line 17).

OAMM-DDQN

When the conventional DDQN has very large state stand actionatspaces (refer to equa-

tions (4.32) and (4.33)), exploring the entire state and action spaces becomes challenging and
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Algorithm10: ProposedDoubleDeepQnetworks-basedsolution

Data: EnvironmentInterface
Result: TNC,F,RB

1 Initialize:Q← RandomWeights(),Q̂← Q
2 fork← 1:K do
3 fort← 1:Tandst̸= sT do
4 Tran=∅,Rec=∅
5 Observest(aoit,meant,mediant)fromtheenvironment
6 Chooseat(dst,trt,pt)fromalistofpossibleactionsAtusinganϵ-Greedypolicy

andallocateatintoRBt

7 Obtainactionat,rewardrt,nextstatest+1,andnextactionAt+1

8 Store(st,at,rt,s′t+1,At+1)asonetransitioninRM
9 Samplerandom minibatchoftransitions(s,a,r,s′,A)fromRM

10 forEachtransition(sj,aj,rj,s′j,Aj)in minibatchdo

11 ComputetargetQvalueusingQ̂network:

12 Qt(sj,aj)← rj+γ·Q(s′
j,argmaxAQ̂(s′

j,A))

13 Performgradientdescentstepon:(Qt(sj,aj)−Q(sj,aj))
2

14 Updatetargetnetworkweights: θ̂← τ·θ+(1−τ)·̂θ

15 ExecutetrainedDDQN agentonenvironmentinterface

16 GiventerminalstatesT,TotalAoI=
T

t=1
At

computationallyexpensive,whichwillleadtopoorperformanceandslowlearningconver-

gence. Toaddresssuchanissue,weintroduceanotherheuristic-basedDRL methodcalled

OAMM-DDQN. Weinitiallyindsolutionsbyusingtheheuristic methodforanepisode

andthencopytheobtainedsolutionofOAMM methodfor500times. Byleveragingthe

heuristicOAMMmethod,wesequentiallypopulatethereplaymemory(RM)withasubset

ofpromisingstates,actions,rewards,nextstates,andnextactions.Thistargetedapproach

reducestheamountoftimespentonexploration,allowingtheagenttofocusonlearning

fromthesehigh-qualitystates. Hence,theOAMM-DDQNagentexploresandexploitsthe

state-actionspacemoreefectively,sinceitunderstandswhichactionsinspeciicstatesyield

thebestrewards,andaccelerateslearningconvergencebyleveragingpriorknowledge.

4.6 PerformanceEvaluation

Toevaluatetheperformanceoftheproposed methods,inthissection, weirstcompare

the Random(theexplanationsoftheagentareexplainedbelow),theheuristic OAMM,

Qlearning(Qlearn.),DDQN,thehybridOAMM-Qlearning(OAMM-Qlearn.),andthehy-

bridOAMM-DDQNwiththeOptimumsolutionsobtainedfromthe MILP-basedoptimiza-

tionmodelonsmallnetworks.Then,weconsiderallofthemexcepttheoptimizationmodel
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onboth mediumandlargeinstances. ThetotalsumofAoIofalldatastreamsistakenas

theperformance metric,andwevaryseveralparameterssuchasthenumberofnodesin

thenetwork,thenumberoftimeslots,theprobabilityrateofpacketgeneration,andthe

networkdensity.

Fig.4.5(a)andFig.4.5(b)illustrateanexampleofV2Vnetworks,wherethenumberof

V2Vnodesisconsideredas25,andtheV2Vnetworkdensityissetto40%whilevarying

thepacketgenerationprobability. InFig.4.5(a), weconsidertheprobabilityofpacket

generationtobe0.25,which meansonly25%datastreamsgeneratepacketsatanytime

slot,andmorethanhalfofthepacketsshowninFig.4.5(b)aregeneratedbyalldatastreams

inthenetwork. Here,eachdatastreambroadcastspacketstoitsnearestneighborswithin

thecommunicationrange;otherwise,eachactsasarelaynodetobroadcastortransmitthe

receivedpacketstoitsdestinationnode.

(a) (b)

Figure4.5: Examplesof mediumnetworks whileconsideringthe V2V Nodesto25and
networkdensityto40%byvaryingpacketgenerationprobabilityto:(a)0.25,and(b)0.50.

Random Method

IntheRandommethod,theinputs,outputs,andallvariablesareconsideredthesameasin

theOAMM method,however,insteadofsortingeachdatastreamaccordingtotheirsum

ofAoIandgivingprioritytothelargestlengthofthebroadcast/transmittersetwiththe

newestpacketID,thedatastreams,transmitters,andpacketsarerandomlystored.

Forwirelesscommunications,thethresholdisconsideredasβ=5dB,thebackground

noiseasη= −111dBm/Hz,thepowerlossdecayasα=2.5,thetransmissionpoweras

P=20dB[68]. WeusePython3tosimulatetheoperationofouralgorithmsandrunon

Intel(R)Xeon(R)CPUE5-2637v4 @3.50GHz(2processors)and64.0 GB memory. The

learningrateαandthediscountfactorγrequiredfortheQ-valueupdatesintheQlearn.
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andOAMM-Qlearn.aresetto0.0001and0.99respectively. ThenumberofepisodesK for

the Qlearn.and OAMM-Qlearn. wassetto15000and5000respectively. Theresultsare

thenaveragedoveriveruns.

4.6.1 Evaluation OverSmall Networks

Inthissubsection,theperformanceofdiferentmethods(Random,OAMM,Qlearn.,DDQN,

OAMM-Qlearn.,OAMM-DDQN,andtheoptimalsolutionobtainedfromtheoptimization

model: Optimum)isevaluatedoverthetotalsumof AoIbyvaryingparameters,such

asthenumberof V2Vnodes,sizeofthetimeframe(thenumberoftimeslots),packet

generationrate,andthenetworkdensity(thenumberoflinks).Forallevaluations,weix

theparametersunlessotherwisestated: wesetthenumberofnodesto10,thenumberof

timeslotsto4,theprobabilityofpacketgenerationto0.5(tobenotedthattheprobability

of1.0 meansalldatastreamsgeneratepacketsatanytimeslot),andthenetworkdensity

to80%(tobenotedthata100%density meansafullyconnectednetwork).

(a) (b)

(c) (d)

Figure4.6:TotalsumofAoIonsmallnetworksforalldatastreamsasacomparisonmetric
fordiferentmethods(Random,OAMM,Qlearn.,DDQN,OAMM-Qlearn.,OAMM-DDQN,
andOptimum)byvarying(a)numberofV2Vnodes,(b)numberoftimeslots,(c)packet
generationprobability,and(d)V2Vcommunicationdensity.

Fig.4.6(a)providesavisualrepresentationofthetotalsumofAoIbyvaryingthenumber

ofnodes. Asdepictedintheigure,theQlearn.,DDQN,andOAMM-Qlearn.,andOAMM-
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DDQNmethodsperformsimilarlytotheOptimumintheverysmallnetworksizeof5nodes

andachieveatotalsumofAoIof291. Whereas,theOAMMandRandommethodsachieve

acomparativelyhighersumofAoIduetonotschedulingallpacketsinasequencebetween

thesourceanddestinationpairs. Later,asthesizeofthenetworkincreases,anupward

trendinthetotalsumofAoIisobservedforall,wherewithanetworkofsize20nodes,only

theOAMM-DDQN methodhasobtainedsimilarlytotheoptimalsolutionwhichisatotal

sumof AoIof6415.ItisobservedthattheRandom methodperformstheworseamong

allother methodsbecauseitposeschallengesin maintainingthesequentialschedulingof

packetstoreducethetotalsumofAoI. Moreover,thehybridOAMM-Qlearn. methodgives

optimalsolutionsfornetworksofsizelessthan20nodes.

TheobtainedresultsshowninFig.4.6(b)illustratetheimpactofvaryingthenumber

oftimeslotsonthetotalsumofAoIinsmallnetworks. Asexpected,itisobservedthat

thetotalsumofAoIriseswithagradualincreaseinthenumberoftimeslots,asmoretime

becomesavailablefortheallocationofpacketsintoRBs. Notably,whenthenumberoftime

slotsissetto2,allmethodsexcepttheRandommethodachieveanoptimalsolutionof590

totalsumsof AoI. However, withlargernetworks,the Qlearn., DDQN, OAMM-Qlearn.,

andOAMM-DDQN methodsalmostperformsimilarlytotheOptimalsolutions. Whereas,

theOAMM methodperformsveryclosetotheOptimum,andtheRandom methodstands

last.

Fig.4.6(c)describesthevariationinthetotalsumof AoI whilevaryingthepacket

generationprobabilityinsmallnetworks. Asdepicted,itisnoticedthatthetotalsumof

AoIdecreaseswithanincrementinthetotalnumberofpacketgenerationrates,asthereare

moreavailablepacketstobeallocatedintoRBs. Notably,fordiferentprobabilitiesstarting

from0.25to1.0,the Qlearn.,the DDQN,the OAMM-Qlearn.,andthe OAMM-DDQN

methodsresultinoptimalsolutionsandperformequallytothe Optimum. Whereas,the

Random methodperformsworsethanotherswithhighergapstothe Optimum,andthe

OAMM methodresultsinlowergapstotheoptimalsolutions.

Fig.4.6(d)ofers meaningfulinsightsintothetotalsumofAoIasthenetworkdensity

isvaried. Asdepictedintheigure,thetotalsumofAoIexhibitsadownwardtrendwith

increasingnetworkdensity,whichensuresthepresenceofmoreavailablelinkstobeallocated

intoRBs. Notably,the OAMM-Qlearn.,the DDQNand Optimum methodsdemonstrate

theirsuperiorperformanceintermsofthetotalsumsof AoI,achieving1474 whenthe

densityoftheV2Vnetworkis40%. Whereas,theRandomandOAMMmethodsstartwith

atotalsumof AoIscoresofaround1591and1567,respectively. Thesimulationresult

eventuallyshowsadecrementinthesumofAoIscoresof1498and1471,respectivelywhen

thenetworkdensitybecomes100%. However,despitethisaccomplishment,theRandomand

OAMM methodspaleincomparisontoQlearn.,DDQN,OAMM-Qlearn.,OAMM-DDQN,

andOptimum methodsintermsofthetotalsumofAoI.
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Figure4.7: Computationtimeofoptimizationmodel(Optimum)vsourproposedheuristic
method(OAMM).

Fig.4.7showsthecomputationtimeforbothOptimumandOAMMmethodsbyvarying

thenumberoftimeslotsfrom2to6. Byincreasingthenumberoftimeslots,theopti-

mizationmodelrequiresmoretimetoexecute,andtheprocessingtimegrowsexponentially,

whiletheexecutiontimeoftheheuristicmethodisinmilliseconds.Theoptimizationmodel

failedtoobtainresultsfor6andhighertimeslotsduetoalackofCPU memory. Hence,

theoptimization modelisnotscalableorgoodforlargenetworks. Therefore,inthenext

subsection,weevaluatetheperformanceofourproposedmethodswithouttheoptimization

modelusing mediumandverylargeinstances.

4.6.2 Evaluation Over Medium Networks

Inthissubsection,theperformanceofdiferentmethods(Random,OAMM,Qlearn.,DDQN,

and OAMM-Qlearn.)isevaluatedover mediumnetworks. Forallevaluations,weixthe

parametersunlessotherwisestated: wesetthenumberofnodesto50,thenumberoftime

slotsto40,theprobabilityofthepacketgenerationto0.5,andthenetworkdensityto80%.

Fig.4.8(a)providesinsightsintothetotalsumof AoI whenthenumberofnodesis

variedfrom25to100nodes. Asdepictedintheigure,atotalsumof AoIof350149is

achievedbythe OAMM-Qlearn. method whileconsideringtwenty-ivenodes. Whereas,

withtheQlearn.andOAMMmethods,weachieveacomparativelyhigherscoreduetonot

schedulingallpacketsinasequencebetweenthesourceanddestinationpairs. Afterward,

withthegradualincreaseinthenumberofnetworknodes,anupwardtrendinthetotal

sumofAoIisobservedforall,whereOAMM-Qlearn.generatesthelowertotalsumofAoI

(equalto7882780)comparedtootherintroducedmethodswhenthenumberofnodesis100.

ItisobservedthattheRandommethodgeneratestheworstresultamongallmethods.This

canbeattributedtothegrowingnumberofbroadcastednodeswithanincreasingnumber

ofnodesinthenetwork. Moreover,theOAMM-Qlearn. method minimizesthetotalsum
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(a) (b)

(c) (d)

Figure4.8: Totalsumof AoIon mediumnetworksforalldatastreamsasacomparison
metricfordiferent methods(Random,OAMM,Qlearn.,DDQN,andOAMM-Qlearn.)by
varying(a)numberofV2Vnodes,(b)numberoftimeslots,(c)packetgenerationproba-
bility,and(d)V2Vcommunicationdensity.

ofAoIcomparedtotheOAMMandQlearn.overtheexperiment.

Withagradualriseinthenumberoftimeslots,thereisanexpectedincrementinthe

totalsumofAoIamongallmethods,asshowninFig.4.8(b). Whenthereare30timeslots,

theOAMM-Qlearn. methodachievesatotalsumofAoIofjustover1064058.Incontrast,

the Qlearn.,and OAMM methodsachieveahighertotalsum AoIaround1111870,and

1128983,respectively. Asanticipated,itisobservedthatthetotalsumAoIriseswithan

increaseinthenumberoftimeslots,as moretimebecomesavailablefortheallocationof

packetsintoresourceblocks. Byincreasingthenumberoftimeslotsto60,both Qlearn.

andOAMMfailto minimizethetotalsumofAoIwhencomparedtotheOAMM-Qlearn.

methodwhichreachatotalsumof3360078,respectively. Moreover,theRandom method

performstheworstcomparedtootherproposedmethodsandendedupwithatotalsumof

4190766whendealingwith60timeslots.

Fig.4.8(c)illustratesthevariationinthetotalsumofAoIwhilevaryingtheprobabilityof

packetgenerationinlargenetworks.ItisnoticedthatthetotalsumofAoIdecreaseswithan

incrementinthetotalnumberofpacketgenerationrates,astherearemoreavailablepackets

tobeallocatedintoresourceblocks. Notably,whentheprobabilityofpacketgenerationis
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setto0.25,the OAMM-Qlearn. methodobtainsatotalsumAoIofaround1724190and

1720090respectively,whereastheRandomand OAMM methodsachieveacomparatively

highersumAoI.Byincreasingthenumberofpacketgenerationratesto1.0,theOAMM-

Qlearn.generatesalowertotalsumAoI,whereastheworstresult(i.e.,atotalsumAoIof

2021438)isobservedwhileconsideringtheRandom method.

Fig.4.8(d)ofersinsightsintothetotalsumofAoIasthedensityofthenetworkvaries

from40%to100%. Asdepictedintheigure,thetotalsumAoIdecreasesasthenetwork

densitybecomesdenser.Thereasonisbecausetherearemorelinksavailabletobeallocated

into RBs. Notably,the OAMM-Qlearn. methoddemonstratessuperiorperformancein

termsofthetotalsumAoI,achieving1850256whenthedensityofthenetworkis40%,while

theRandomandQlearn. methodsstartwithatotalsumAoIofaround2064312and2019631

respectively,anditrespectivelydecreasestoTotalAoI=1807890and1753598whenthe

networkdensitybecomes100%. However,despitethisaccomplishment,theRandomand

Qlearn. methodspaleincomparisontoOAMM-Qlearn.intermsofthetotalsumofAoI.

Figure4.9:LearningcurvesofReinforcementLearningalgorithms: Qlearn.vsDDQN.

Fig.4.9showsthelearningcurveoftheconventional Qlearn.andDDQN.Thex-axis

representstheepisodenumber, whilethey-axisrepresentsthecumulativerewards. The

resultswereobtainedusinganetworkwith25nodeswith80%linkconnectivity,usinga

timeframedividedinto40equaltimeslots,withapacketgenerationprobabilityof50%. At

thebeginningoftheepisode,theDDQN. methodbeginswithahighercumulativereward

ofaround329,whiletheQlearn. methodstartswithacumulativerewardofapproximate

303. Thisinequalityarisesbecausethe DDQN methodusesneuralnetworkstotraina

batchofsamples,whichyieldsamorepromisinginitialresult. Asbothtechniquescontinue

toexploretheenvironment,theygraduallyachieve morerewardsovertime. However,

the DDQNapproachshowsfasterlearningcomparedtothe Qlearn.approach;itrapidly

adaptstotheenvironment,obtaininghighercumulativerewardsatearlierepisodes. As

thelearningcurvesprogress,theperformancegapbetweenthetwomethodsbecomesmore
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visible. Bytheendoftraining,particularlyatepisode255and15000fortheDDQNand

Qlearn. methodsrespectively,the DDQN methodoutperformsthe Qlearn. methodwith

acumulativerewardgapof132;the DDQN methodobtainsacumulativerewardof555,

whiletheQlearn. methodreachesacumulativerewardof423.

4.6.3 Evaluation OverLarge Networks

Inthissubsection,theperformanceofdiferentmethods(Random,andOAMM)isdescribed

overthetotalsumofAOIbyvaryingotherparameters,suchasnumberofV2Vnodes,time

frame(numberoftimeslots),packetgenerationprobability,andthedensityoflinksinthe

network. Forallevaluations, weixtheparametersunlessotherwisestated: wesetthe

numberofnodesto600,timeslotsto100,packetgenerationprobabilityto0.5,andthe

densityoflinksinthenetworkto80%.

(a) (b)

(c) (d)

Figure4.10: Totalsumof AoIonLargenetworksforalldatastreamsasacomparison
metricfordiferent methods(Random,andOAMM)byvarying(a)numberofV2Vnodes,
(b)numberoftimeslots,(c)packetgenerationprobability,and(d)V2Vcommunication
density.

Fig.4.10(a)respectivelyprovidesinsightsintothetotalnumberofsumofAoIwhenthe

numberofnodesisvaried. Asdepictedintheigure,atotalsumofAoI(i.e.,790361201)is

achievedbytheOAMMmethodwhileconsidering400nodes,whereaswiththeRandom,we

achievecomparativelyhighersumofAoI(i.e.,812522658)duetonotschedulingallpackets
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inasequenceofbetweensourceanddestinationpairs. Afterward,withthegradualincrease

ingrowingnumberofbroadcastednodeswhileincreasingthenumberof V2Vnodes,an

upwardtrendinthenumberoftotalsumofAoIisobservedforbothofthem,wherethe

OAMMgeneratesalowersumof AoIresult(i.e.,5130333402)comparedtotheRandom

whenthenumberofnodesis1000. Moreover,theOAMMmethodminimizesthetotalsum

ofAoIcomparedtotheRandom methodovertheexperiment.

Withagradualriseinthenumberoftimeslots,thereisanexpectedincrementinthe

totalnumberofsumofAoIamongallmethods,asshowninFig.4.10(b). Whenthereare75

timeslots,theOAMM methodachievesatotalsumofAoI(i.e.,1050069146).Incontrast,

theRandomachievesahighernumberofsumofAoI(i.e.,1163902935). Asanticipated,it

isobservedthatthetotalsumofAoIriseswithanincreaseinthenumberoftimeslots,

as moretimebecomesavailablefortheallocationofpacketsintoRBs. Byincreasingthe

numberoftimeslotsto150,theRandom methodfailsto minimizethetotalsumofAoI

whencomparedtothe OAMM methodthatreachesatotalof3930687320sumof AoI.

Moreover,theRandom methodshowsaworseresultcomparedtotheOAMM methodand

endedupwithasumofAoI(i.e.,4069855458)whendealingwith150timeslots.

Fig.4.10(c)illustratesthevariationinthetotalsumofAoIwhilevaryingthepacket

generationprobabilityinlargenetworks.ItisnoticedthatthetotalsumofAoIdecreases

withanincrementinthetotalnumberofpacketgenerationrate,astherearemoreavailable

packetstobeallocatedintoRBs. Notably,whenthenumberofpacketgenerationprobability

issetto0.25,the OAMM methodobtainsatotalsumofAoI(i.e.,1834802846),whereas

RandommethodachievesacomparativelyhighernumberofsumofAoI(i.e.,1959060866).

Whenthenumberofpacketgenerationrateincreasesto1.0,theOAMMmethodgenerates

atotalsumofAoI(i.e.,1782033388),whereasahighernumberoftotalsumofAoI(i.e.,

1950648500)isobservedwhileconsideringtheRandom method.

Fig.4.10(d)ofersmeaningfulinsightsintothetotalnumberofsumofAoIasthedensity

ofnetworkisvaried. Asdepictedintheigure,thetotalsumofAoIexhibitsadownward

trendwithincreasingnetworkdensity. Thereasonisbecausetherearemorelinksavailable

tobeallocatedintoRBs. Notably,theOAMMmethoddemonstratessuperiorperformance

intermsofthetotalsumofAoI,achieving1816636976whenthedensityofV2Vnetworkis

40%,whiletheRandommethodstartswithatotalsumofAoIscoreofaround1960350679,

theobtainedresultseventuallyshowandecrementinthesumofAoIscorewithTAoI=

1807890and1753598,respectively, whenthenetworkdensitybecomes100%. However,

despitethisaccomplishment,theRandom methodpalesincomparisontoOAMMinterms

oftotalsumofAoI.

TheOAMMmethodalwaysoutperformstherandommethodforlargenetworksbecause

itsortseachdatastreamaccordingtotheirsumofAoIandgivingprioritytothelargest

lengthofthebroadcast/transmittersetwiththenewestpacketID.
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4.7 Summary

Thischapterhasproposednovelandefectiveapproachestoaddressthecriticalissueof

theageofinformation(AoI) minimizationin AV-assistedvehicularnetworks. The main

objectiveisto minimizethetotaloraverage AoIofalldatastreamsforautonomousve-

hicles,takingintoaccountresourceallocationunderthehalf-duplexconstraint,traversal

ofbroadcastednodesbetweensourcesanddestinations,linkscheduling,andthereuseof

resourceblocks. Theproblemwas mathematicallyformulatedusing MixedIntegerLinear

Programming(MILP)toobtainoptimalsolutionsonsmallnetworks. However,duetothe

complexityoftheoptimization model,ascalableheuristic methodnamedtheOnlineAge

ofInformation Minimization Method(OAMM)wasintroducedtoeicientlysolvetheprob-

lemforlargenetworks. Toaddressthedynamicnatureoftheenvironment,theproblem

wasfurther modeledasa Markov DecisionProcess(MDP)andsolvedusing Qlearning,

areinforcementlearningalgorithm. Theintegrationofthe OAMM-Qlearninghybridap-

proachresultedinsigniicantimprovementsin minimizingtheexpectedweightedtotalor

average AoI. Thisachievementiscrucialasitenablesthedeliveryoftime-sensitiveand

reliabledatastreamsforvariousautonomousvehicleapplications. Theperformanceof

theproposed OAMM-Qlearningapproachwasextensivelyevaluatedthroughsimulations,

demonstratingitsefectivenessandpracticalityinreal-worldscenarios. Bycontributing

innovativesolutionsforAoI minimizationinAV-assistedvehicularnetworks,thisresearch

contributestotheadvancementofintelligenttransportationsystemsandsmartcities. The

proposedapproachesholdgreatpotentialinenhancingtheeiciencyandreliabilityofdata

transmissionsforautonomousvehicles,pavingthewayforsaferand moreresponsiveau-

tonomousdrivingexperiences. Asautonomousvehiclescontinuetoplayacrucialrolein

shapingthefutureoftransportation,theindingsofthisstudyhavevaluableimplications

forthedevelopmentofeicientandintelligentvehicularcommunicationsystems.
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Chapter5

Conclusion

IntelligentTransportationSystems(ITS)havebecomeessentialnotonlyfortheproliferation

ofautonomousdrivingbutalsoforfacilitatingreal-timedataexchangeamongvehicles,

utilizingthecapabilitiesofwirelesscommunication. Thisdynamicexchangeofreal-time

decision-makinginformationthroughV2Vcommunicationsensureseicient,reliable,safe,

andcomfortabledrivingexperiences,whilesimultaneouslyenhancingoveralltraicsafety

andeiciency.

Throughoutthisthesis,weembarkedontheexplorationoftwodistinctprojects,each

withitsuniqueobjectives.Theirstprojectfocusedonthemaximizationofcommunication

instanceswithingroupsofvehicles,allwhilemaintainingequityamongV2Vcommunication

pairs.Thisintricatechallengerequiredustoaddressseveralcriticalfactors,includingmulti-

hoproutingpathdetermination,transmissionpowercontrol,linkscheduling,andresource

reuse,allwithintheconstraintsofHalf-DuplexandSignal-to-Interference-Plus-NoiseRatio

(SINR).

ThesecondprojectdelvedintotheminimizationoftheAgeofInformation(AoI)across

alldatastreamswithinautonomousvehicular-assistednetworks,consideringaspeciictime-

frame.Thisproblemencompassedtheoptimizationofdatarelayparticipation,transmission

timings,anddatapacketselection,allwhilereusingresourceswithinthecontextofHalf-

DuplexandSINRconstraints.

Totacklebothofthesecomplexchallenges, weinitiatedourapproachby mathemat-

icallyformulatingtheproblemsas MixedIntegerLinear Programming(MILP) models,

therebyobtainingoptimalsolutions. However,duetotheircomputationalcomplexity,we

introducedscalableheuristicmethodstailoredtoaddresstheneedsoflargernetworks.Fur-

thermore,recognizingthedynamicnatureoftheenvironmentandthe mobilityofvehicles,

weembraceda Markov DecisionProcess(MDP)framework. Withinthisframework, we

harnessedthepoweroftworeinforcementlearning(RL)algorithms-Q-learningandDouble

DeepQ-Networks(DDQN)-toprovidesolutions.
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Additionally,weaugmentedthelearningcapabilitiesoftheRLagentsandoverallsys-

temperformancebyproposinginnovativehybridheuristic-basedRL methods,seamlessly

integratingthestrengthsoftheRLagentswithourintroducedheuristicstrategies.

Throughcomprehensivenumericalsimulations,wehaveconclusivelydemonstratedthe

eicacyofthesehybridapproachesinsolvingbothproblems. Our methodsoutperformed

randomagentsandintroducedheuristictechniques,andconventionalRL methodsacross

variednetworksizes. Moreover,ourhybridapproachesexhibitedscalability,achievinga

remarkableworstperformancegapoflessthan5%whencomparedtooptimalsolutionson

smallnetworks.

Theindingsofthisresearchhavethepotentialtosigniicantlycontributetothead-

vancementofintelligenttransportationsystemsandsmartcities. Byenhancingdriving

experiencesthroughreliable,safer,andmoreresponsivevehicularcommunications,wepave

thewayforafuture markedbyseamlessandeicient mobility.
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