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ABSTRACT

Thel trafficl congestionl inl vehicularl adhocl networksl (VANETs)l isl al vitall probleml
duel tol itsl dynamicl increasel inl trafficl loads.l VANETsl undergol inefficientl routingl
capabilitylduel tol itsl increasingl trafficldemands.lThislhasl ledl tol thelneedl forl intel-
ligentl transportl systeml (ITS)l tol assistl VANETsl inl enablingl suitablel trafficl loadsl
betweenlvehicleslandl roadl sidelunitsl (RSU).lMostlconventionall systemslofferldis-
tributedl solutionl tol managel trafficl congestionl butl faill tol regulatel real-timel trafficl
flows.l Inl thisl paper,l al dynamicl trafficl controll inl VANETsl isl offeredl byl com-
biningl deepl neurall networkl (DNN)l withl mobilel agentsl (MA).l Anl experimentall
analysisl isl carriedl outl tol testl thel efficacyl ofl thel DNN-MAl againstl conventionall
machinel learningl andl al deepl learningl routingl algorithml inl VANETs.l DNN-MAl
islvalidatedlunderlvariousl trafficlcongestionlmetricsl likel latency,lpercentageldeliv-
eryl ratio,l packetl errorl rate,l andl throughput.l Thel resultsl showl thatl thel proposedl
methodl offersl reducedl energyl consumptionl andl latency.
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1. INTRODUCTION
Inl recentl times,l vehicularl adhocl networksl (VANETs)l havel offeredl safetyl managementl andl datal

managementl tol users,l andl theyl arel designedl withl suitablel controll methodsl tol operatel onl anyl circum-
stancesl tol emphasizel thel networkl dynamicsl [1].l However,l withl increasedl vehicles,l trafficl managementl
becomesl complexl withl thel usel ofl bothl centralizedl [1]l andl distributedl [2]l algorithms.l Thisl indirectlyl
affectsl urbanl trafficl andl increasesl intersectionl delays,l fuell consumption,l trafficl accidents,l andl emissionl
valuesl[3]. Real-timelandlaccurateltrafficlflowlpredictionsloftenlplaylalvitallfeaturelforltrafficlmanagementl
systems.l Inl suchl scenarios,l thel intelligentl transportationl systeml (ITS)l offersl reliablel trafficl managementl
servicesl thatl makesl thel usersl awarel ofl thel environmentl byl coordinatingl thel networkl inl anl optimall andl
saferl way.l Adoptionl ofl variousl informationl andl communicationl technologiesl inl ITSl furtherl enhancesl l
trafficl andl mobilityl managementl [1].l Itl highlyl supportsl communicationl inl VANETsl betweenl thel roadl
unitsl (vehicles)landl roadsidelunitsl (RSUs)l forleffectivelandlsaferl transportation.lVariouslotherlchallengesl
leadl tol timel delaysl andl trafficl congestion,l whichl entirelyl affectsl thel VANETl performance. Tol resolvel
suchl complexityl inl trafficl management,l researchl hasl beenl carriedl outl inl existingl literaturel [4–6].l Thesel
methodsl arel adoptedl tol resolvel thel trafficl congestionl inl VANETsl thatl includesl scalability,l performance,l
andl managementl difficulty.l Variousl optimizationl tasksl arel carriedl outl thatl offerl al majorl rolel inl regulat-

Journal homepage: http://ijai.iaescore.com



Int J Artif Intell ISSN: 2252-8938 r 115

ingl dynamicityl ofl trafficl flowsl inl urbanl scenariosl [7]. However,l thel effectsl onl congestionl inl existingl
methodsl arel limitedl byl offeringl accuratel andl timelyl informationl forl trafficl predictions.l Mostl recently,l
thel congestionl effectsl arel treatedl asl al classificationl probleml andl wide-rangingl solutionsl arel offered,l butl
mostl systemsl lackl withl limitedl usagel [8, 9].l Tol supportl bothl limitations,l thel ITSl systemsl supportsl thel
predictionl ofl trafficl conditionsl byl analyzingl variousl networkl parametersl [10].l Thisl predictionl involvesl
preplanninglofl routeslandl reschedulingl thatl reducesl thelcongestionl [11,12].lThelstochasticlcharacteristicsl
[13]l andl non-linearl trafficl flowl furtherl posesl al seriousl challengel tol accuratel trafficl predictionl [14, 15].l
VANETl methodsl usel linearl andl machinel learningl modelsl forl trafficl flowl predictionl basedl onl networkl
densityl thatl failsl tol readl thel nonlinearl uncertaintyl ofl thel systeml [16–18].

Trafficlmanagementl analysislgetsl complexlwithl exponentiall trafficlgrowthlandlwithlhighlcompu-
tationallresourcesl[19].lHence,lconsideringltheluncertainty,lexponentiallgrowth,landlhighlcomputationallre-
sources,lhigh-endl intelligentlsystemslarelrequiredlforlofferinglflexiblelandlopenlarchitecturelforlsmootherl
transmissionl ofl vehicles.l Thel high-endl intelligentl systeml adoptingl deepl learningl modelsl hasl thel abilityl
tol managel network-levell abstractionl andl optimizationl ofl resources. Withl suchl motivation,l wel introducel
mobilel agentsl (MA)l [20]l asl al vitall factorl tol sensel thel environmentl andl providel inputsl tol offerl optimall
decision-makingl tol thel deep l neural l network l (DNN)l routingl algorithm.l Thel mainl contributionsl ofl thisl
paperl include:
− lThel authorl devisedl al schemel thatl sensesl thel VANETl environmentl inl reall l timel andl updatesl thel

routingl tablel atl rapidl instancesl tol reducel thel vehiclel l collisionl rate.

− lThel authorl combinedl thel DNNl [21–25]l algorithml l atl regularl instances,l therebyl ensuringl betterl
deliveryl ofl servicesl acrossl l mobile l adhoc l networks l (MANETs).

− l Thel authorl evaluatesl thel DNN-MAl modell withl existingl deepl andl machinel l learningl modelsl inl
termsl ofl variousl collisionl avoidancel metricsl likel packetl l deliveryl rate,l latency,l errorl rate,l andl
throughputl inl al real-timel trafficl l scenario.

Theloutlineloflthislpaperlislas:lInlsectionl2ldiscusseslthelnetworklmodel.lSectionl3lprovideslthel
detailsl ofl trafficl managementl systems.l Sectionl 4l confersl thel detailsl ofl DNN-iterative lalgorithm l(DNN-
IA)l architecturel forl VANETl routing.l Sectionl 5l concludesl thel entirel work.l

2. NETWORK MODEL
Figurel1l showsl thelVANETlnetworklmodellwithl twoldifferentl entities:lvehicle-to-vehiclel (V2V)l

andl vehicle-to-infrastructurel (V2I).
− lVehiclelunits:l thelvehiclelunitslorlvehiclel inlsimpleltermslislresponsiblelforl transportationlpurposel

andl isl utilizedl byl VANETsl forl communicatingl withl nearbyl vehiclesl alongl thel roadl segmentl orl
withl thel RSUsl atl thel edges/corners.l Inl thisl paper,l wel usel ellipticall curvel cryptographyl asl anl
encryptionl algorithml tol generatel cryptographicl credentialsl andl storingl inl thel vehicle.l Thel globall
positioningl systeml (GPS)l canl findl thel vehiclel location.l Thel totall numberl ofl vehiclesl inl al roadl
segmentl canl bel determinedl byl RSUsl usingl al GPSl unit.

− lRSUs:l Thel RSUl actsl asl anl accessl pointl whichl isl deployedl alongl withl thel roads,l andl itl holdsl
thel detailsl ofl vehiclel unitsl alongl withl thel roadl segment.l Thel encryptedl roadl segmentsl byl thel
vehiclel unitsl arel consideredl asl al relayl forl al trafficl messagel channell (TMC)l orl anl IA.l Anl MAl isl
connectedlwithlRSUlvial al fasterl communicationlmedium.lThelRSUl functionsl tol runlandl storel thel
cryptographicl credentialsl tol decodel thel vehiclel informationl andl thel DNN-IAl algorithm.

− lTMClorl IA:lThelMAlusesl roadlsegmentsl tolcalculatel thel trafficldensity.lTheldirectionlconnectionl
oflTMClwithlRSUslandlalsolwithlotherlMAlobtainsl informationlaboutl trafficlonlthelroadlsegment.l
Thel MAl sendsl thel informationl collectedl vial MAl tol DNN,l whichl makesl optimall routingl decisionsl
tol avoidl congestionsl onl roadl segments.l Thel differencel betweenl al TMCl andl anl MAl isl thatl thel
formerl isl al fixedl segmentl andl thel latterl isl thel mobilel segmentsl thatl traversel thel network.

Thel proposedl methodl isl validatedl inl anl urbanl scenario,l andl isl designedl inl thel forml ofl gridsl
withl roadl segmentsl andl edgel intersections.l Thel roadl betweenl anyl twol intersectionsl isl consideredl asl thel
roadl segmentl s(i,j)l andl thel intersectionl I(i)l connectsl twol orl morel roadl segments.l s(i,j)l isl al collectionl ofl
variousl featuresl thatl includesl widthl andl lengthl ofl roadl betweenl twol intersections,l densityl ofl vehicularl
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traffic,l andl numberl ofl lanes. The vehicle unit is designed with a unique ID (UID) that consists of its location,
direction, and vehicle velocity. The vehicle accesses the RSU automatically to know the total intersections, road
segments along the path, and the traffic congestion level. In such cases, the study uses MA to provide precise in-
formation about vehicles rather than existing data communication between the vehicles. In the proposed method,
the DNN makes proper decision-making by forming a graphG = 〈V,E〉withV as the intersections between the
source and the destination vehicle andE as the road segments connected with intersections inV .

Figure 1. VANET model

3. TRAFFIC MANAGEMENT MODEL
Thel DNN-IAl trafficl managementl operatesl asl al driverlessl assistantl systeml thatl usesl MAl tol col-

lectl thel trafficl informationl alongl thel roadl segmentsl andl intersectionsl andl actsl asl al forwarderl ofl datal
tol RSU.l Thel DNN-IAl trafficl managementl isl al distributedl graph-basedl modell withl al setl ofl vehiclesl (V)l
andl setl ofl edgesl (E).l Thel MAl sendsl thel numberl ofl vehiclesl presentl inl thel roadl segmentl andl thel trafficl
congestionl alongl thel intersectionsl andl roadl segments.l Inl thel proposedl method,l thel VANETsl worksl withl
MAl thatl assistsl thel infrastructurel unitl andl thenl connectsl withl vehiclel unitl forl routingl operations.

3.1. Mobile agent unit
Thel MAl inl thel proposedl VANETl architecturel isl al networkl modulel thatl dynamicallyl movesl

insidel VANETsl andl itl accessesl thel vehiclel unitsl tol getl connectedl withl thel infrastructurel unit.l Thel MAl
consistsl ofl fourl segments,l namely:l thel i) identificationl unit,l ii) executionl codel unit,l iii) routingl pathl unit,l
andliv)datalspacelunit.lThelMAluploadslthelvehiclelinformationltolDNNlthatlofferslfasterlcomputationltol
distributel thel datal packetsl froml sourcel tol destinationl nodel vial cooperativel MAsl byl thel selectivel routingl
paths.l Sincel eachl MAl hasl variedl information;l therefore,l itl isl providedl withl al UID.l Thel datal ofl currentl
vehiclelpassingl al roadl segmentl isl storedl atl thel executivel codel andl thel routinglpathl establishedlbylDNNl
isl thel corel thatl indicatesl thel traversall ofl thel packet.l Finally,l thel datal spacel entirelyl storesl thel receivedl
datal froml thel vehiclel units.l Here,l thel routingl pathl usingl DNNl unitl liesl inl RSUl infrastructurel unitl [21].

3.2. Infrastructure unit
Thel infrastructurel unitl liesl atl thel applicationl layerl andl calculatesl thel routingl pathl vial DNNl

(thel architecturel ofl DNNl isl givenl inl Figurel 2) l usingl thel vehiclel location,l positions,l andl velocityl
inl al robustl way.l Thel workflowl ofl infrastructurel unitl isl specifiedl inl Figurel 3. Thel infrastructurel unitl
(Figurel 3)l collectsl controll informationl suchl asl thel position, location,l speed,l andl timel signaturel ofl thel
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vehicle.l Thel informationl isl iterativelyl collectedl to ensurel thatl thel informationl isl accurate.l Thel datal arel
gatheredl byl thel building l automation l(BAs)l andl notl directly transmittedl tol infrastructurel units. Thel in-
formationl froml internet of things-BAs (IoT-BAs)l isl sentl tol thel DNN,l andl thel routingl pathl isl processed
basedl onl thel routingl informationl collectedl froml BAsl (routingl processl isl thel samel asl inl [24]). Thel BAsl
routel BAsl withl al codel executionl unitl andl setl thel routel tol preventl thel congestionl of thel VANETs.l Alll
operationsl arel carriedl outl tol preventl thel greatestl challengel ofl congestion.

Figure 2. DNN architecture

l l l
Figure 3. l Infrastructurel unitl workflow

Thelvalidationlofl thelDNN-IoT-BAlproposedlwaslconductedlagainstl thel existingmodelslofldeep-
learning:l DNNl andl artificiall neurall networkl (ANN)l [25–31].l Thel DNN andl ANNl werel trainedl withoutl
thelpredictionslfromlBAlandlwerel trainedldirectlylwiththelproposedlmodulelwithoutl thel inputslfromlBA.l
Validationl wasl performedl byl different performancel metrics,l suchl asl transportl type,l speedl ofl thel vehicle,l
andl networkl density,l to assessl thel averagel latencyl andl cumulativel distributionl functionl (CDF) [32–36].
Thel networkl connectivityl qualityl ofl thel existingl DNNl andl ANNl modelsl isl illustrated inl Figurel 4.lInl
Figure l 4al thel transmissionl rangel variedl froml 200l ml tol 500l ml andl thel vehicle’sl arrival ratel wasl fixedl
froml 30l kphl tol 50l kph.l (asl illustratedl inl Figurel 4b)lthel simulationl resultsl showl thatl thel probabilityl of
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connectionl expiredl withl anl increasingl distancel metricl andl thel connectionl tol al vehiclel was lostl whenl
distancel froml thel RSUl wasl increasedl byl 400l ml(asl illustratedl inl Figurel 4c). Placingl RSUl onl alll 350l
m,l however,l helpedl thel VANETsl buildl long-terml connections withl vehicles.l Nevertheless,l thel connectionl
probabilityl stilll presentedl al challengel when connectingl vehiclesl withinl thel 300l ml rangel (asl illustratedl inl
Figurel 5),l withl increasing networkl trafficl (froml 100l tol 300l vehicles).l Thel CDFl resultsl froml thel DNN-
BA,l DNN, andl ANN,l testingl thel connectionl probabilityl betweenl 100l andl 300l vehicles.

(a) (b)

(c)

Figure 4. Analysis of connectivity probability (a) network connectivity, (b) varying distance, and (c) network
density

Thel infrastructurel unitl isl designedl tol collectl thel controll informationl likel position,l location,l ve-
locity,l andl timestampl ofl vehiclel unit.l Thel collectionl ofl controll informationl isl carriedl outl inl anl iterativel
waylsuchl thatl thel informationlcollectedl islprecise.lThel informationl islcollectedlbyl thelMAslandl itl islnotl
directlyl sentlbyl thelvehiclelunitsl tol infrastructurelunitsl i.e.lRSU.lTheldatal fromlMAsl isl sentl asl inputl tol
the DNNl modell andl itl processesl thel routel establishmentl (thel routingl processl isl thel samel asl thatl carriedl
outl inl [22])l andl forwardsl thel routingl detailsl tol MAs.l Thel MAsl thenl makel thel routingl actionsl tol MAsl
usingl codel executionl unitl andl thenl establishesl thel routel tol avoidl congestionl inl VANETs.l Inl thisl way,l
thel entirel operationl isl carriedl outl suchl thatl thel majorl challengel ofl congestionl isl avoidedl strictly.
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l l l

Figure 5. Impacts on average latency with variable velocity and network density

4. PERFORMANCE EVALUATION

Thel DNN-MAl isl simulatedl inl al Pythonl simulatorl andl thel parametersl forl simulatingl thel DNNl
underl VANETsl arel givenl inl Tablel 1.l Thel simulationl isl carriedl outl inl anl areal ofl1500l× l1500lm2l inl al
two-lanel roadl ofl fixedl roadl width.l Thel studyl coversl 200l roadl edgesl andl 250l roadl segments,l wherel 170l
roadl edgesl havel trafficl signals.l Thel simulationl coversl 500l vehiclesl withl al speedl varyingl betweenl 0l andl
50lkmphl (kilometersl perl hour)l inl anl urbanl scenario.

Thel validationl ofl proposedl DNN-IAl isl carriedl outl againstl existingl deepl learningl model:l DNNl
[20]l andl al machinel learningl model:l ANNl [21].l Thel validationl isl carriedl outl overl variousl performancel
metricsl likel trafficl type,l vehiclel speed,l andl thel densityl ofl networkl tol evaluatel thel averagel latency,l CDF,l
energyl efficiency,l packetl deliveryl rate,l andl networkl throughput. Figurel 4l showsl thel qualityl ofl networkl
connectivityl betweenl thel DNN-IAl andl existingl DNNl andl ANNl models.l Thel rangel ofl transmissionl isl
variedl betweenl 200l andl 500l ml andl thel arrivall ratel ofl thel vehiclel isl keptl fixedl atl betweenl 30l andl 50l
kmph. Thel simulationl resultl showsl thatl withl increasingl distancel metric,l thel probabilityl ofl connectionl
expiresl andl thel connectionl withl vehiclel getsl lostl withl furtherl increasel ofl distancel froml al RSUl 400l m.l
However,l thelplacementloflRSUlatleveryl350lmlhelpsl thelVANETsltolestablishlconnectionlwithlvehiclesl
overl thel longl run.l Onl thel otherl hand,l withl increasingl networkl trafficl (froml 100l tol 300l vehicles),l thel
connectionlprobabilitylstilllremainslalchallengelinlestablishinglconnectionslwithlvehiclesllyinglwithinl300l
ml (whichl isl evidentl froml Figurel 5).l Figurel 5 l showsl thel resultsl ofl CDFl betweenl thel DNN-IA,l DNN,l
andl ANN,l wherel thel connectionl probabilityl isl testedl betweenl 100l andl 300l vehicles.l Inl thisl regard,l
thel networkl densityl isl labeledl asl highl forl 300l vehicles,l mediuml forl 200,l andl lowl forl 100.l Thel resultl
showsl thatl thel proposedl methodl establishesl longerl distancel connectivityl withl vehiclesl thanl DNNl andl
ANNlmodelslwithlal lowldensitylnetwork.lAldegradationlexistsl inl thelnetworklwhenl thelnetworkldensityl
increases.

Figurel 6l showsl thel resultsl ofl averagel latencyl ofl datal transmissionl betweenl thel vehiclesl byl
varyingl thel velocityl ofl vehicles.l Thel resultl ofl thel simulationl indicatesl thatl withl increasedl velocity,l thel
latencylofldatal transmissionl increases.lBylcontrast,lwithl increasinglnetworkldensity,l thel latencyl increasesl
further.l Thel combinationl ofl bothl increasingl velocityl andl increasingl vehiclel densityl contributesl tol maxi-
muml averagel latency.l Suchl mobilityl impactsl thel datal transmissionl duel tol thel failurel ofl establishingl a l
linkl inl forwardingl thel packetsl betweenl thel vehicles.l Thisl directlyl affectsl thel deliveryl ratel asl thel aver-
agel latencyl isl indirectlyl proportionall tol thel packetl deliveryl ratiol (Figurel 7).l Thel resultsl ofl simulation,l
byl contrast,l showl thatl withl minimall vehiclel speedl andl density,l thel linkl isl establishedl welll andl hencel
thel averagel delayl isl reducedl considerably.l Overall,l thel performancel ofl DNN-IAl isl efficientl inl termsl ofl
minimall averagel latencyl ratel withl reducedl failurel ratel duel tol thel presencel ofl MAl thanl DNNl andl ANN.
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Table 1. Simulation parameters
Parameters Value
Total vehicle units 100-300
Channel carrier frequency 5.9 GHz
Frequency 5.9 GHz
Simulation area 1,500 m x 1,500 m
Maximum transmission 20 mW
Big rate 18 Mbps
Packet length Uniform
Path loss coefficient 2
Signal attenuation threshould -90 dBm
Vehicle velocity 20-50 kmph
Traffic type CBR
Transmission range 150 m
MAC protocol 802.11 p
CBR rate 4 packets/sec
Beacon interval 0.5 s
Simulation time 1000 s
Data rate of MAC 6 MB
Mobility model Krau model

l l l

Figure 6. CDF of successful connection with varying network density (100–300 vehicle units (VU))

Figurel 7l showsl thel resultsl ofl thel packetl deliveryl ratiol withl varyingl vehiclel speedl andl vehiclel
density.lWithl increasinglvelocity,l thelpacketldeliveryl ratiolgetsl affectedlduel tolalbreakl inl thel linklasl thel
forwardersl faill inl forwardingl thel packetsl tol thel neighboringl vehicle.l Hencel thel linkl breaksl andl similarl
conditionsl existl withl increasingl networkl density.l Thel linkl breakagel highlyl influencesl thel stimulusl ofl
packetl lossl ratelandlhencel thelperformancel islaffectedlhighly.lOnl thelotherlhand,lwithl increasinglvehiclel
densityl thel collisionl ofl packetsl betweenl thel vehiclesl increasesl thel packetl lossl ratel andl itl affectsl thel
networkl overheadl leadsl tol reducedl functionality.l Thel resultl ofl simulationl showsl thatl thel DNN-IAl hasl al
higherl packetl deliveryl ratel thanl DNNl andl ANNl withl increasedl functionality. Figurel 8l showsl thel resultsl
ofl throughputl withl varyingl datal rates.l Thel datal ratesl arel variedl withl respectl tol varyingl networkl densityl
andl vehiclel velocity.l Thel resultl ofl simulationl showsl thatl atl thel roadl edges,l maximuml throughputl isl
achievedl asl thel vehiclel movesl withl minimall speedl andl minimall throughputl atl straightl andl curvedl roadl
segments.l Furthermore,l thel optimall selectionl ofl vehiclesl alongl thel roadl segmentsl byl thel DNN-IAl hasl
increasedl thel networkl throughputl thanl otherl methods.l Thel optimall selectionl reducesl thel packetl lossl ratel
andl selectionl ofl optimall adjacentl vehiclel hopsl effectivelyl maintainsl thel transmissionl link,l therebyl thel
throughputl isl highlyl consistentl andl energyl efficiencyl isl high.l Thel throughputl degradationl isl foundl inl
DNNl andl ANNl duel tol thel absencel ofl MAl inl denotingl whichl vehiclel canl bel usedl tol establishl thel linkl
and,l thereby,l thel energyl consumptionl isl avoidedl strictlyl onl linkl reliability.
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l l l

Figure 7. Impacts on throughput with variable velocity and network density

Figure 8. Impacts on packet delivery rate with variable velocity and network density

5. CONCLUSION
Inl thisl paper,l DNN-MAl providesl effectivel routingl ofl vehiclesl underl highlyl congestedl routesl inl

VANETs.l Thisl DNN-MAl usedl inl thisl paperl offersl optimall pathsl tol increasel thel energyl efficiencyl rate.l
Thel deepl learning-basedl MAl examinesl thel entirel networkl tol findl thel statesl ofl eachl vehiclel movingl inl
VANETs.lHigherl trafficlcongestionl inl thelnetworklallowsl thelDNN-MAl toloptimizel thel routingldecisionl
basedl onl thel inputsl froml MA.l Thel DNNl processesl effectivelyl thel routingl decisionl atl al fasterl ratel andl
providesl al solutionl tol thel networkl inl settingl thel optimall pathsl suchl thatl thel congestionl inl thel networkl
isl reducedl inl al fasterl instancel ofl time.l Thel utilizationl ofl thel routingl tablel atl RSUl forl regularl updatesl
onl thelvehicle’slstatelensuresloptimallvehiclelselectionlandlstablelroutingldecisions.lThelvalidationlunderl
variablelvelocity,ldistance,lvehicleldensity,landldatalandltransmissionlratelshowslthatlthelDNN-MAloffersl
fasterl routingl decisionsl thanl existingl DNNl andl ANNl models.l Thel resultsl ofl simulationl showl thatl thel
DNN-MAl modell hasl increasedl connectivity,l throughput,l packetl deliveryl rate,l andl end-to-endl delayl andl
reducedl latency.l Thel resultl furtherl claimsl thatl thel connectionl terminationl probabilityl isl lesserl inl DNN-
MAl thatl supportsl increasedl datal deliveryl rate.l Thus,l thel simplifiedl routingl decisionsl usingl DNNl basedl
onl constantl monitoringl byl MAl havel maintainedl thel trafficl densityl inl anl optimall wayl andl thisl ensuresl
efficientl deliveryl ofl packetsl tol thel destinationl nodes.l Finally,l thel applicabilityl ofl routingl decisionsl onl
lowl mobilityl vehiclel isl morel efficientl thanl thel onel withl fasterl vehiclel mobility
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