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Abstract

Simulationenvironmentsareanimportanttool for theevaluationof new conceptsin networking. Thestudyof mobilead
hocnetworksdependson understandingprotocolsfrom simulations,beforetheseprotocolsareimplementedin a real-world
setting.To producea real-world environmentwithin which anadhocnetwork canbeformedamonga setof nodes,thereis
aneedfor thedevelopmentof realistic,genericandcomprehensivemobility andsignalpropagationmodels.In thispaperwe
proposethedesignof a mobility andsignalpropagationmodelthatcanbeusedin simulationsto producerealisticnetwork
scenarios.Our modelallows the placementof obstaclesthat restrictmovementandsignalpropagation.Movementpaths
areconstructedasvoronoi tessellationswith thecornerpointsof theseobstaclesasvoronoisites.Our mobility modelalso
introducesa signalpropagationmodelthatemulatespropertiesof fadingin thepresenceof obstacles.As a result,we have
developedacompleteenvironmentin whichnetwork protocolscanbestudiedonthebasisof numerousperformancemetrics.
Throughsimulation,weshow thattheproposedmobility modelhasasignificantimpactonnetwork performance,especially
whencomparedto othermobility models.In addition,we alsoobserve thattheperformanceof adhocnetwork protocolsis
effectedwhendifferentmobility scenariosareutilized.

1 Introduction

The natureof mobile ad hoc networks makessimulationmodelingan invaluabletool for understandingthe

operationof thesenetworks. Wirelesschannelsexperiencehigh variability in channelquality dueto a varietyof

phenomenon,includingmulti-pathpropagation,fading,atmosphericeffects,andobstacles.While realworld tests

arecrucial for understandingtheperformanceof mobilenetwork protocols,simulationprovidesanenvironment

with specificadvantagesover real world studies. Theseadvantagesinclude repeatablescenarios,isolation of

parameters,andexplorationof a varietyof metrics.Dueto thesebenefits,simulationhasbecomea populartool

for thedevelopmentandstudyof adhocnetworkingprotocols.Thevastmajorityof networkingprotocolsproposed

for adhocnetworkshave beenevaluatedwith somesimulationtool.

Importantcomponentsof adhocnetwork simulatorsarethemobility andthesignalpropagationmodels.Once

thenodesareinitially placed,themobility modeldictateshow thenodesmove within thenetwork. A varietyof

mobility modelshave beenproposedfor adhocnetworks [7, 11, 16, 18, 22, 28], anda survey of many hasbeen

conducted[8].

Thoughthesemodelsvarywidely in theirmovementcharacteristics,whatall of thesemodelshave in common

is thatthemovementpatternsthey createarenotnecessarilycomparableto truerealworld movement.Themodels
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create� randomuncorrelatedmovementacrossunobstructeddomains.In reality, peopleon college campuses,at

conferences,andin shoppingareasgenerallydonotmovein randomdirectionsin unobstructedareas.Peopletend

to selectaspecificdestinationandfollow awell-definedpathto reachthatdestination.Theselectionof thepathis

influencedby bothpathwaysandobstacles.For instance,onacollegecampus,individualsgenerallystayonpaths

thatareprovidedfor interconnectingthecampusbuildings. While certainindividualsmaystrayfrom thesepaths

(e.g,by cuttingacrosslawns),themajorityof peoplewalk alongtheprovidedpaths.Additionally, thedestinations

aretypically not random,but arebuildings,parkbenches,andotherspecificlocationswithin thecampus.

Previousresearch[8, 19] hasshown thatthemobility modelusedcansignificantlyimpacttheperformanceof ad

hocroutingprotocols,includingthepacket delivery ratio, thecontroloverhead,andthedatapacket delay. Hence,

it is importantto usemobility modelsthat accuratelyrepresentthe intendedscenariosin which the protocol is

likely to beutilized. In thisway, theperformanceof theprotocolcanbemoreaccuratelypredicted.

In this paper, we proposeto createmorerealisticmovementmodelsthroughthe incorporationof obstacles,

the constructionof realisticmovementpaths,andthe determinationof signalattenuationdueto obstacles.The

obstaclesareplacedwithin a network areato modelthe locationof buildingswithin anenvironment,i.e., a col-

lege campus.Oncethe buildings areplaced,we usethe Voronoi diagram [23] of obstacleverticesto construct

movementpaths. Nodesarethenrandomlydistributedacrossthe paths. Destinationsareselectedfrom the set

of obstacles,andshortestpathroutecomputationsareusedto determinethepatheachnodewill useto reachits

selecteddestination.

When introducingobstaclesthat affect the movementof mobile nodesin the simulationenvironment, it is

necessarytomodelthepropertiesof multi-pathpropagationandfadingpropertiesof signalsin thepresenceof these

obstacles.Subsequently, wealsoproposetheintroductionof anon-complex signalfadingmodelthatmodifiesthe

behavior of radiosignalsthatpropagatebetweenasourceanddestinationtransceiver. Thesignalfadesby a factor

thatdependson therelative positionsof the two nodesandthematerialpropertiesof theobstaclesthat lie in the

pathbetweenthetwo nodes.

Ourgoalin thispaperis to extendourpreviouswork [19] andcreateafully developedreal-world model.To this

extentwe have augmentedthemodelwith additionalfeaturesincluding,mostimportantly, movementheuristics

andrealisticsignalfading.Throughanextensive setof new simulations,webelieve thatthisextendedmodelfully

considersthemajorfactorsthataffect communicationin a mobileenvironment.Our specificcontributionsin this

paperarethefollowing:

� A signalpropagationmodelthatsimulatesfadingof theradiosignalasthesignalpropagatesthroughobsta-

clesthatlie betweenapairof nodes.
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� A featureto modify thepathsof thevoronoigraphto createa morerealisticgraphthroughcontrolover the

placementof doorwaysbetweentheexteriorandtheinteriorof abuilding.

� A modelfor theselectionof destinationpointson thevoronoigraphthat is basedon anexponentialdistri-

bution.

� A configurableflash-crowd featurethathelpsausersimulatetheconfluenceof apercentageof thenodesto

aparticularattractionpointon theterrain.

� Theevaluationof anadditionalsetof metricsthatcomparethepropertiesof themobility models.

To evaluateour mobility modelwe usetwo methodologies.In thefirst setof evaluations,we comparethenet-

work characteristicsgeneratedby ourmodelto thoseof theRandomWaypoint[7] andtheRandomDirection[28]

modelsonthebasisof mobility metrics.Second,weusetheAd hocOn-DemandDistanceVector(AODV) routing

protocol[25] to compareits performancewith ourmodelto thatof therandomwaypointandtherandomdirection

models.Simulationresultsshow that theuseof obstaclesandpathwayshave a significantimpacton theperfor-

manceof the AODV routing protocol. Network performanceis alsoevaluatedfor movementvariationsandfor

variationsin thesignalattenuationfactors.

Theremainderof thepaperis organizedasfollows. Section2 detailsrelatedresearchin theareaof mobility

modelingandsignalpropagationmodelsandmotivatesthe importanceof creatingrealisticmobility andsignal

propagationmodels. Our proposedmobility modelandour modelingof transmissionthroughobstaclesis de-

scribedin detail in Section3. Section4 providesa descriptionof the simulationsetup. Section5 presentsthe

evaluationof ourmobility model,andfinally Section6 offerssomeconcludingremarks.

2 Background

Thereexists a wide variety of mobility modelsthat have beenpostulatedfrom both analyticandsimulation-

basedstudieson mobilesystems.This sectiondescribesa samplingof thesemodels.A concisecategorizationof

mobility modelshasbeenpresentedpreviously [3].

Guerin's mobility model[15] hasbecomethefoundationfor a numberof mobility models.In this model,each

nodeselectsa direction � in which to travel from the range � ���	�	��

��� . The nodesselecttheir speedsfrom a user-

defineddistribution of speeds,andtheneachnodemovesin its selecteddirectionat its selectedspeed.After some

randomlychosenperiodof time, eachnodehaltsandselectsa new directionandspeed. It thenstartsmoving

again.
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numberof variationsof thismodelhavebeenproposed.For instance,in theRandomDirectionmodel,instead

of moving for someperiodof time,eachnodemovesuntil it reachestheboundaryof thesimulationarea.It then

selectsa new directionin which to move. In a differentvariationof this model[17, 24], whena nodereachesthe

simulationareaboundary, it is reflectedbackinto the simulationareain the directionof either ��� , if it is on a

verticaledge,or ��������� , if it is on a horizontaledge.Thevelocity of thenodeis heldconstant.Like thesetwo

models,theGroupMobility model[18] is alsobasedon theGeurin's model.

Oneof themostwidely usedmobility modelsis theRandomWaypointmodel.In thismodel,eachnodeselects

arandompoint in thesimulationareaasits destination,andaspeed� from aninput range� �
����� �!�"�$#&%'� . Thenode

thenmovesto its destinationat its chosenspeed.Whenthenodereachesits destination,it restsfor someamountof

time. At theendof thisperiod,it selectsanew destinationandspeedandresumesmovement.Thepropertiesof the

randomwaypointmodelhavebeenextensively studied[4, 5,27, 28]. Oneof theinterestingresultsof thesestudies

addressesthenodespatialdistribution of therandomwaypointmodel. It is shown that,dueto thecharacteristics

of the model,theconcentrationof nodesfollows a cyclic patternduring the lifetime of thenetwork. The nodes

tendto congregatein thecenterof thesimulationarea,resultingin non-uniformnetwork density.

Anothermodel,the BoundlessSimulationAreaMobility Model [16], removesthe limitation of a 'border' to

thesimulationareby allowing nodesto wraparoundto theothersideof thesimulationareawhenthey encounter

a border. The effect of this changeis to createa simulationareamodeledasa torus,ratherthana rectangular

surface.

While eachof theaforementionedmobility modelsgeneratesrandommobility andcanbeusedto simulatead

hocnetworkingprotocols,noneof thesemodelsattemptsto modelthebehavior of nodesin arealisticenvironment.

Themodelsassumeopen,unobstructedareasin which thenodesarefreeto move accordingto theconstraintsof

the mobility model. Efforts to modelreal-world movementarerepresentedby the Manhattanandthe Freeway

Mobility Models[1], whichsimulatethemovementof adhocnodesonstreetsandfreeways,respectively. Mobile

nodesareonlyallowedtomoveonhorizontalandverticalpathways.Similarly, in theRestrictedRandomWaypoint

Mobility Model [6], nodesmove within a certaingeographiclocation,for instancea town, for a majority of the

time. However, nodesmay occasionallymove from onetown to anotherover a freeway. Thesepaperssuggest

mobility modelsthat do not dependon totally randommovement,but insteadinvolve certainreal movement

characteristics.

Thenotionof constrainedmovementpathsandobstructedsignalsdueto naturalandman-madeobstacleshas

notbeenconsideredby any of themobility modelsmentionedabove. In real-world scenarios,it is rarethatgroups

of peoplearelocatedin completelyunobstructedareas;therearetypically buildings, vegetation,benches,cars,
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and( otherobjectsthat obstructone's path. Additionally, it is unlikely to be the casethat peoplefollow random

trajectories.Oncampusespeopletendto follow providedpathways,in citiespeoplefollow sidewalks,in buildings

peopleareconfinedto hallways,etc. While occasionallyindividualsmaystrayfrom theprovidedpathways,the

majority of movementtypically occursalongthesepaths.The ObstacleMobility (OM) Model that we develop

in this paperprovidesa mechanismfor modelingmovementin a variety of real world environmentswheread

hocnetwork deploymentis expected.A samplingof theseincludecities,campuses,highways,conferencesand

battlefields. What most of theseenvironmentshave in commonis the presenceof obstaclesthat block node

movement. In this paper, we target scenariosthat includethe presenceof buildings. Thesescenariosinclude

collegeandbusinesscampuses,cities,andhighways.

In addition to movement,it is importantto modeldiffraction, reflection,scattering,multi-pathpropagation

andattenuationthat radio signalsundergo due to the presenceof building material,doors,windows andother

objectsthat lie in their path. To understandhow a protocol will perform in an obstructedenvironment, it is

necessaryto createa combinationof realisticmobility andsignalpropagationmodelsthataccuratelymodelthese

environments.Methodsto approximatetheattenuationexperienceddueto thepresenceof a dielectricmaterials

have beenproposed[9, 10, 14, 20, 26]. Thesemethodsdescribedetailedapproachesto evaluatethebehavior of

anelectromagneticwave that is incidentuponthesurfaceof a building. They alsoprovide empiricalresultsfor

penetrationlosses.Additionally, radiosignalfadingmodelshave beensuggestedin booksthataddressconcepts

of theelectromagneticwave theory[20, 26]. Thesebooksdiscusssophisticatedmethodsthatcloselyapproximate

the attenuationexperiencedby a radio wave in the presenceof materialsof varying electrical,magneticand

environmentalproperties.Hence,it is importantto createa lossyenvironmentthatmodelstherealworld sothat

protocolscanbeevaluatedandfurtherdeveloped.Theperformanceof protocolsstronglyrelieson theestimation

of loss-pronechannelsof communicationbetweenadhocnodes.Radiowavesdisplayanerraticbehavior dueto

1. otherwavesin therangeof thedevice thatinterferewith eachother,

2. thenatureof thegroundsurface,

3. reflection,deflection,diffractionandscatteringof a radiowave incidentonamaterialobject,and

4. mobility of thetransceiving devices.

Thus,we observe thatconnectivity betweena pair of nodescannotbeassessedby merelyassumingfree-space

lossesof thesignalpower andsignalinterferenceeffectsof signals.Instead,it alsodependson variousobstacles

that lie in thespacethroughwhich radiosignalspropagate.In this paperwe considerempiricalresults[10, 14]

andbuild apropagationmodelthatcanbeusedwith existingnetwork simulators[2, 13], sincecurrentversionsof

network simulatorsneedto beupdatedsothat they supporttheserequirements.Theresultsin thesepaperswere
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obtained� throughanextensive setof real-world experiments.Themostaccuratewayof obtainingthepropagation

lossof a radiowave by usinga adhoc network simulatoris via computationallyintensive ray-tracingmethods.

In orderto accountfor thescalabilityconstraintsof network simulators,we decidedto trade-off theaccuracy of

signalfading/losscalculationsto insteadusinga non-complex methodof modifying thesignalstrengthsbasedon

theaforementionedempiricalresults.

Thefollowing sectionsdescribein detailtheproposedmobility andsignalpropagationmodelandits effectson

themovementandtransmissionrangesof thenodeswithin model.

3 The Obstacle Mobility Model

Our ObstacleMobility (OM) Modelhasbeendesignedto modelthemovementof mobilenodesin terrainsthat

resemblereal-world topographies.Theobjectsmodelbuildingsandotherstructuresthatprovide a barrierto both

the movementof the mobile nodes,aswell asthe wirelesstransmissionof thesenodes.Our modelconsistsof

multiple components.Thefirst componentinvolvesmodelinga terrainin which a usercandefinethepositions,

shapesandsizesof theseobjects.Our modelcanhandlearbitraryshapesandpositionsfor theobjects,allowing

usto modelmany real-world terrains.Thesecondcomponentof ourmobility modelis a movementgraph,which

is a set of pathways along which the mobile nodesmove. We usethe Voronoi diagram[12] of the obstacle

cornersasourmovementgraph;this is aplanargraphwhoseedgesareline segmentsthatareequidistantfrom two

obstaclecorners.While it maynot be thecasethatpathwaysarealwaysequidistantbetweenbuilding cites(i.e.,

in a city, sidewalkswould typically line oneor bothsidesof thestreet),thecalculationof thesepathwayscreates

pre-determinedmovementpathsfor the nodesto follow; it preventsthe randommovement. Thus,the Voronoi

diagramcapturestheintuition thatpathwaystendto lie “halfway in between”adjacentbuildings.Throughtheuse

of doorwayson thesidesof thebuilding, wealsoallow movementthroughthebuildings.Thethird componentof

themodelis therouteselection.Weusetheshortestpathroutingpolicy to move thenodesbetweentwo locations

in themovementgraph.Thatis, eachnodemovesto its destinationby following theshortestpathin theVoronoi

diagram,wherethecostof eachpathsegmentis its Euclideanlength.Finally, thefourth componentis thesignal

propagationmodel.Thismodelcomputestheapproximatesignalattenuationexperiencedby theradiowave.

The following sectionsdescribein detail the constructionand placementof obstacles,the Voronoi diagram

computation,andthemovementandsignalpropagationmodels.
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3.1 Obstacle Construction

In our model, arbitrarily complex polygonalshapescan be usedto specify the obstacles(buildings). Each

polygonalshapeis specifiedasanorderedsequenceof its vertices(corners),whereeachvertex is definedby its

coordinates.Non-linearshapessuchascirclescanbeapproximatedbypolygons,with thequalityof approximation

improving with thenumberof verticesin thepolygon.Theshapeandtheplacementof theobstacleshasaneffect

onthenodeconnectivity andmobility. Eachsideof theobject(building) hasoneor moredoorwaysthroughwhich

thenodescanenteror leave thebuilding.

3.2 Voronoi Tessellation and Pathways

We now discusshow to generatethepathwaysbetweentheobstacles.Therecanbeno singlemodelthat is the

bestfor all terrains,but anappealing“geometrybased”approachis to let theobstaclesdeterminethepathways.

Voronoi-diagrambasedpathwaysgeneralizethe intuitive notionthat thepathwaystypically run in themiddleof

thetwo adjacentbuildings. Beforewe discussour pathways,we briefly describethis classicalnotionof Voronoi

diagramsfrom computationalgeometry.

Considera setof ) points *,+.-!/102��/�34�5�5�5�6��/ �87 in thetwo-dimensionalplane.For easeof reference,we call

eachof thesepointsa locationpoint. TheVoronoi diagramof * is a partitionof theplaneinto convex polygonal

cells,onecell perlocationpoint,sothateverypoint in acell is closerto its locationpoint thanto any otherlocation

point. Thus,aVoronoicell of a locationpoint / � canbethoughtof as/ � 's regionof influence. Theboundaryedges

of thecellsarestraightline segments,andeachsegmentis equidistantfrom its two closestlocationpoints. The

Voronoi diagramof ) locationpointshas 9:�;)6� verticesandedges,andit canbe computedin worst-casetime

9:�;)1<�=4>?)6� [23].

The topologicalstructureof a Voronoidiagramis anembeddedplanargraphwith straightline edgesasseen

in Figure1(a). We will call this the Voronoi graph of * . Someof the edgesof the diagramaresemi-infinite1,

andthusit is convenientto assumethat thediagramis drawn on thesurfaceof a sphere.In our case,we assume

that thesimulationis limited to a large squareregion of theplane,andso theVoronoidiagramis clippedinside

thesquare.Thus,if our terrainhasonly point-sizeobstacles*@+A-!/102��/�34�5�5�5�6��/ �87 , thentheVoronoigraphwill

representa naturalsetof pathways;that is, thepathsegmentslie at equaldistancefrom thetwo closestobstacles

(locationpoints).

We now describehow we build the Voronoi graphand pathways for our polygonalobstacles,and how we

connectthe pathways to buildings. We usethe corners of all the obstaclesin our terrainasthe setof location

1A semi-infiniteedgeis definedto beanedgethatis unboundedon oneend.
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Figure1: Examplesof Voronoigraph,pathsandmovement.

points. Thus,theexamplein Figure1(b) haseight locationpoints,which arethecornersof the two rectangular

obstacles.The readermay notethat the shown Voronoi diagramhaseight cells (regions). The verticesof the

Voronoigraph,togetherwith someadditionalvertices(definedbelow), actastheverticesof our pathways.First,

we clip the Voronoi graphto lie entirely within the simulationregion. The pointsof intersectionsbetweenthis

outerboundaryof thesimulationregionandtheVoronoigraphalsobecometheverticesin our pathways.Finally,

thepointsof intersectionbetweentheVoronoigraphandtheobstacleboundariesactasdoorways.

Figure1(b) illustratesthecomputedVoronoidiagramfor anetwork containingtwo objects.Thesetof sitesis

¬
= -4­'05�®­43
�5�	�	�	�®­ � 7$¯ -4­4° 0 �®­±° 3 �5�	�	�	�®­4° � 7²¯ -4­ � 05�®­ � 3
�5�	�	�	�®­ �	³ 7 ,

where ­´0 to ­ � arethe ) intersectingsites(e.g., ­±µ through ­´0·¶ in Figure1(b)), ­±° 0 to ­±° � arethe ¸ bordersites

(e.g., ­´0 through­"¹ ), and ­ � 0 to ­ �	³ arethe º sitesgeneratedby theVoronoicomputation(e.g., ­'0·» to ­43!¼ ).
Giventhesetof sites

¬
, theresultingsetof edgesgeneratedby theVoronoicomputationare

½
= -4¾
02�®¾±3
�5�	�	�	�®¾2¿ 7

where¾ � is anedgein theVoronoidiagramÀ .

In this model,theuseris freeto modify theVoronoidiagramafter it hasbeencomputed.It couldbe thecase

that,asresultof theVoronoicomputations,therearemultiplepathwaysleadingfrom theinsideof anobjectto the

outside,throughdifferentdoorwayson the samesideof the object. To createmorerealisticstructures,theuser

canlimit thenumberof doorwayson eachsideof anobjectto, say, one. Subsequently, theedgesof theVoronoi

diagramaremodifiedsuchthat the pathwaysthat connecta point interior to an objectto an externalpoint pass

throughasinglepoint (thedoorway) on thatsideof thatobject.
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3.3 Semi-Definitive Node Movement

In theproposedmobility model,nodesmove alongpathsthataredefinedby theedgesof theVoronoidiagram

betweenthesetof objects.Theseedgesrepresentpathwaysthatwouldtypicallybepresentconnectingbuildingson

abusinessor collegecampus.Figure1(c) representsexamplesof pathsthatmaybeselectedin thegivennetwork.

Oncethe locationof a nodeandits intendeddestinationis determined,thepathit will take to thedestinationis

selectedfrom the pathsdefinedby the Voronoi diagram. The Voronoi diagramis pre-definedandestablishesa

pathfrom eachsite to every othersite. It is possiblefor thepathbetweena pair of sitesto traverseintermediate

sites,asindicatedby theexamplein Figure1(c).

TheVoronoigraphconsistsof undirectededges,wheretheweightof anedgeis the lengthof thatedge.Intu-

itively, a mobileuserwould tendto selecttheshortestpathto its destination.Usingthis model,wecanobtainthe

shortestpathbetweenanode's currentlocationandits destinationby runningashortestpathcomputation,suchas

Dijkstra's algorithm.Oncecomputed,thepathto thedestinationsiteis maintainedfor eachnode.Whenthenode

reachesits destination,theprocessis repeatedusingthenode's new location.

Therandomcomponentof themovementis achievedthroughtheinitial placementof nodesat thesiteswithin

thenetwork andtheselectionof destinationsites.Further, thespeedatwhichnodestravel to theirdestinations,as

well asthepausetimesoncethey reachtheir destinations,arerandomlychosenfrom a distribution input by the

user. Hence,differentseedvaluescanbeusedto createvariationsin theinitial distribution of nodes,theselection

of destinations,andthespeedof movement.

3.4 Mobility Variations

As previously described,nodemovementalongthepathwayscanbeassimpleasrandomdestinationselection

andsubsequentmovementto thechosenlocation.However, variationsto this mobility patterncanbeintroduced

to modelmovementscenariosthatarebothmorerealisticandmoreinteresting,from a researchstandpoint.The

following aremobility variationswehave implementedin theObstacleModel.

Exponentially distributed destination selection

In ourearliermodel[19], we indicatedthatanodeselectsadestinationrandomlyandthenmovesto thatpointby

computingtheshortestpath.Thisselectionmethodfollowsauniformdistribution, i.e., theprobabilitywith which

a nodeselectsa destinationis independentof its distanceto thedestination.A nodemayhenceoscillatebetween

oppositeendsof thetopography. In real-world movement,however, apersonis morelikely to selecta destination

that is closeto his/hercurrentlocation. Thepersonis lesslikely to selecta moredistantdestination,althoughit

9



is stillÁ possiblewith a smallprobability. To modelthis movement,we suggesttheuseof a weightedexponential

distribution selectionof thedestination,asshown in Equation1.

If a point m is the ÂÄÃDÅ farthestpoint from thecurrentlocationof thenode,thentheprobabilitywith which it is

chosencanbegivenby Æ �;ÂÇ�È+ÊÉ�¾
Ë #®% (1)

wherea is a constantthat can be selectedto modify the distributionÌ . Thus, we seethat the probability

distribution function(PDF)of this expressionmakestheselectionof a destinationexponentiallydependenton its

distancefrom thecurrentpositionof thenode.

Attraction point movement

In addition to the exponentiallydistributed destinationselectionmethod,we also assumethat in a real-world

scenariomultiplenodesmaymovetowardsacertainplaceof interestat thesametimeor within aspecificinterval

of time. For instance,on a college campus,studentsandfaculty membersmove towardsthe cafeteriasduring

the lunch hour. Alternatively, specialeventson a campusare also likely to draw crowds of people. We call

theseplacesof interestattractionpoints. We addthesupportof attractionpointsto our mobility modelsothata

randomlychosensubsetof nodesmove towardsaspecificlocationataspecifiedtime.

3.5 The Signal Propagation Model

Oneof the primary limitations of the performanceof wirelessnetworks is the significantattenuationandin-

terferenceexperiencedby the radio signalas it propagatesfrom the sendingnodeto the receiving node. In a

settingwith obstacles,the signalmay reachthe receiver via non-line-of-sightpropagationmechanisms,suchas

reflection,diffractionandscattering.Thiseffectof multi-pathpropagationresultsin adropin theSignal-to-Noise

Ratio(SNR)of thereceivedsignal. Thefree-spacefadingmodelsarenot generallysuitedto calculatetheatten-

uationundergoneby thesignalbeingreceived. Additionally, thefluctuationsof thesignallevelsarelognormally

distributedabouta meanvalueandthe changesin the signal levels areinsignificantover shortperiodsof time,

leadingto a phenomenacalledlong-termfading. In our simulations,we useeithertheTwo-RayPathlossModel

thataccommodatesthereflectionsof thesignalsoff thesurfaceof theground,in additionto thedirectpathsignals

from thesourcetransceiver to thedestinationtransceiver; or theFriis' FreeSpaceEquation[26] which considers

only asinglepathof propagation.Thechoiceof thesemodelsdependsonthevalueof thecross-overdistance,ÍÏÎ , ÐÑ
It is essentialthata siteon thegraphis chosenat every instanceof destinationselectionsince, ÒÄÓÔÖÕ�×	Ø´Ù5Ú5ØÊÛ Ò8ÓÔÝÜ±Þàß
á!â�Ú5ØÝÛ�ã .

Herewecanassumethatthenumberof pointsfrom whichaselectionis to bemadeis a largenumber.ä Ú5åæÛèçêéàë!ì�ë!íî , whereï
ð and ï
ñ aretheantennaheightsof thetransmitterandthereceiver, respectively, and ò is thewavelengthof the
radiosignal.
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Home Office

SingleWall 6 - 20dB 6 - 20db
DoubleWall 40 - 50dB 50 - 60db

Table1: Powerattenuationvalues.

whereÍÏÎ is thedistancesuchthatwhen Íó+ÊÍÏÎ , thereceivedpowerpredictedby thetwo-raygroundmodelequals

to thatpredictedby theFriis equationand� when Í:ôÝÍ?Î , weusetheFriis' Equationsincethepower attenuatedis inverselyproportionalto Í´õ .� when Í÷öøÍÏÎ , we usetheTwo RayPathlossModel sincethepower attenuatedis inverselyproportionalto

Í 3 .
In ourpreviouswork [19], weassumedthatwallsof building werethick enoughto blockany transmissionthat

passesthroughthem. In that case,two nodeslocatedon oppositesidesof oneor morewalls would not beable

to communicatewith eachother. In the realworld, however, a radiosignaltransmittedbetweena pair of nodes

undergoesfading,attenuation,scattering,diffraction,reflection,multi-pathpropagation,etc. In this paperwe use

empiricalresultsto simulatetheseeffects. Hence,thereis a possibility that two nodesthat areobstructedby a

wall or any othernaturalobstaclemaystill beableto communicate,but thesignalsthatarereceivedhave a lower

power level thanif they hadnotpassedthroughtheobstacle.

Beforea simulationbegins,a usercanspecifythepenetrationcharacteristicsof a building wall. Therearetwo

extremecasesfor thisspecification.In thecaseof aperfectconductor, aradiowavethatis incidentonthematerial

is completelyattenuated(i.e.,Attenuationù ÃÈúüû ). On theotherhand,anobstaclecanbespecifiedsuchthat it

obstructsonly movement,andnot thepropagationof radiosignals,e.g,a river. In this case,theradiowave does

not fadedueto theobstacle(i.e., ù Ã +ý� ). Hence,�:þèù Ã þ û .

Someattenuationresultsare shown in Table 1. The table shows the power attenuatedwhen a radio wave

penetratesthrougha singleor doublewall, in a homeor an office building. For implementationpurposes,we

reducetheeffective signalstrengthreceivedat thereceiver by a randomvaluechosenfrom therangeasspecified

in Table1 for everyobstaclein thestraightline pathfrom asenderto thereceiver.

4 Simulations

Theprimaryobjective of oursimulationsis to understandtheimpactof obstaclesin a simulationenvironment.

To thisend,weevaluatetwo aspectsof theObstacleMobility model.First,wedeterminethecharacteristicsof the

network topologycreatedby this model. Dueto thepresenceof obstaclesanddefinedpathways,characteristics,

suchasthe averagenodedensity, are likely to differ whencomparedwith othermobility models. Second,we

determinetheimpactof ourmobility modelon theperformanceof anadhocroutingprotocol.

11



A

Figure2: Simulatedterrain.

Specifically, to understandthenetwork topologycharacteristicscreatedby ourmobility model,weevaluatethe

following metrics:

� Node Density: Theaveragenumberof neighborspernode.� Path Length: Thenumberof hopsfrom asourceto adestination.� Average Link Duration (LD): Thedurationfor whicha link is availablebetweentwo pairsof nodes.

The averagelink durationdescribesthe connectivity of the nodesin the network. Bai et. al. [1] suggestthat

this metric allows us to studythe effect of the mobility pattern,which in turn affectsthe connectivity graphof

nodesandtheperformanceof theprotocols.For comparison,theabove metricsarealsoevaluatedfor therandom

waypointmodelandtherandomdirectionmodel.

To determinethe impactof the obstaclesandpathwayson the performanceof routing,we utilize the AODV

protocolfor routediscoveryandpathsetup. In thesesimulations,wealsocomparetheresultswith theperformance

of AODV usingtherandomwaypointmodelandtherandomdirectionmodel.Whenusingtherandomwaypoint

modelor the randomdirectionmodel,thereareno obstaclesin thesimulationarea.Themetricswe evaluatein

thesesimulationsarethefollowing:

� Data Packet Reception: Thenumberof datapacketsreceivedat their intendeddestinations.� Control Packet Overhead: Thenumberof network-layercontrolpacket transmissions.� End-to-End Delay: Theend-to-endtransmissiontime for datapackets. This valueincludesdelaysdueto

routediscovery.

The network scenariowe utilize to evaluatethe obstacle-orientedmobility modelis shown in Figure2. This

modelwascreatedbasedon the locationsof buildings on the campusof the University of California at Santa

12



Barbara.ÿ The modelis a representationof the buildings on a selectedareaof the campus.We modelan actual

portionof thecampusin orderto createa realisticsimulationterrain.Thecomplexity of thegeometricshapesof

thebuildingshasbeenreducedby approximatingthestructuresasunitsof rectangles,asdescribedin Section3.1.

TheVoronoipathsarethengeneratedbasedon this model.2 At thebeginningof simulationsruns,thenodesare

randomlyplacedat thesitescomposingtheVoronoigraph.

In additionto thesetests,we alsoevaluatethe aforementionedmetricsfor the obstaclemodelalongwith the

mobility variations.Thesevariationsincludetheexponentiallydistributeddestinationselectionheuristicandthe

attractionpointmovement,asdescribedearlierin Section3.4.Finally, wehavealsoevaluatedtheeffectof varying

thepenetrationfactorof building wallson thenetwork performance.

Thefollowing sectionsgive furtherdetailsaboutthesimulationparameters,aswell astheobtainedresults.

4.1 Simulation Environment

All of thesimulationswererunusingtheNS-2network simulator[13] with theCMU wirelessadhocnetwork-

ing extensions.The simulationareais 1000m � 1000m,andthe maximumnodetransmissionrangeis 250m.

However, in the presenceof obstructions,the actualtransmissionrangeof eachindividual nodeis likely to be

limited. At the MAC layer, the IEEE 802.11DCF protocol is used,andthe bandwidthis 2Mbps. At the radio

layer, thecapturethresholdis 10.0dB,thecarriersensethresholdis
� �L���������

	�
�5� Ë 0·3�� , andthereceivethreshold

is �
�L�´

� ��
 ���5� Ë 0·¼ � . We assumethat thenodesareon thesamehorizontalplane.Becausewe aremodelinga

campusenvironment,themobility of thenodes,unlessotherwisestated,is randomlyselectedbetween0 and5 m/s

to representwalkingspeeds.Thepausetimein oursimulationsis randomlyselectedbetween10and300seconds.

Eachdatapoint is anaverageof tensimulationrunswith thenodesdistributedin differentinitial positions.

To evaluatethe characteristicsof the network topologiescreatedby the threemobility models,we randomly

distribute thenodesat thebeginningof thesimulation. Thenumberof neighborspernodeis calculatedfor this

initial distribution, aswell asperiodicallythroughoutthesimulationasthenodesmove. To computetheaverage

pathlength,nodesperiodicallydiscover routesto specifieddestinationsthroughoutthesimulation. Theaverage

discoveredpathlengthis plottedversussimulationtime. We alsocalculatethe averagelengthof eachlink that

existsbetweena pairof nodesduringthesimulations.Thismetricis evaluatedby varyingthenumberof nodesin

thenetwork from 20to 100.

For thesescenarios,we study the impact of both the pre-definedmovementpathways and the inclusion of

obstacles.To performexperimentsusingonly thepre-definedpathways,we utilize theobstaclesto computethe

2Interestingly, theVoronoidiagramgeneratedby thismodelcloselyapproximatestheactualpathsthatexist aroundthesebuildings.
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pathw� ays,andthenremove themwhencomputingneighborsandpathlengths.Whentheobstaclesareincluded,

they areutilizedto obstructtransmissions,aswell asfor thepathwaycalculations.In bothcases,theobjectsarein

thelocationsillustratedin Figure2.

The secondset of simulationscomparesthe performanceof the AODV routing protocol using the random

waypointmodel,therandomdirectionmodelandourobstaclemobility model.After theinitial distribution of the

nodes,thenodesmovefor 60secondssothatthey aredistributedthroughoutthesimulationarea.Tendatasessions

arethenstarted.Thedatapacketsizeis 512bytesandthesendingrateis 4 packets/second.Themaximumnumber

of packetsthatcanbesentperdatasessionis setto 6,000.Hence,anaggregateof 60,000packetscanbereceived

by the10 destinationschosen.In thesesimulations,all nodesareassignedthesamespeedbetween0 and10 m/s,

sothattheeffect of mobility canbedetermined.Movementcontinuesthroughoutthesimulationsfor a periodof

1800seconds.

In a third setof simulations,we vary thepenetrationfactorof building walls by a specifiedpercentagevalue.

Thisimpliesthateveryobstaclewall attenuatesthepowerof theincidentradiowaveby apercentageof its original

power level. In thesesimulations,theattenuationexperiencedby a radiowave is variedfrom 0% to 100%,where

0% attenuationindicatesno blocking at all, while 100%attenuationindicatescompleteblocking of the signal.

Although this methodof controlling the attenuationlevel is an unrealisticsituation,we utilize it to evaluatethe

impactof thesignalfadingmodel.

The fourth setof simulationscomparesthe effect of the movementvariationson the network performance.

In the obstaclemodelusedin the previous setof simulations,destinationsareselectedrandomly. In this setof

simulations,destinationsareeitherselectedaccordingto an weightedexponentialdestinationselectionmethod

or basedon an attractionpoint, asdescribedin Section3.4. For the attractionpoint movement,we specifyan

AP-Begin andan AP-Endtime. Every nodethat needsto selectits next destinationat a time that falls between

AP-Begin andAP-End3, selectsthatdestinationto bea specifiedattractionpoint (AP). After thenodereachesthe

AP, it pausesfor aperiodof time,andthenagainselectsa randomdestination.

5 Results

Network Topology

The averagenumberof neighborsper nodethroughoutthe simulationsis shown in Figure3. The numberof

neighborsper nodefor the randomwaypointmodelandthe randomdirectionmodelmatchesthosepreviously

demonstratedfor 50 nodeswith 250mtransmissionrangesin a 1000m � 1000marea[21]. Using the obstacle

3It is necessarythatAP-Begin andAP-Endbeselectedsuchthat,0 � AP-Begin � AP-End � Simulation-End-Time.

14



 5

 6

 7

 8

 9

 10

 11

 12

 0  200  400  600  800  1000  1200  1400  1600  1800

N
u

m
b

e
r 

o
f 

N
o

d
e

s

�

Simulation Time (Seconds)

Obstacle Model
Obstacle Model without Obstacles

RWP without Obstacles
RD without Obstacles

Figure3: NodeDensity.
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Figure4: PathLengthversusTime.
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Figure5: AverageLink Duration.

modelwith theobstacles,theaveragenumberof neighborspernodeis lowerthanin therandommodels4. Thiscan

beexplainedby thefactthatnodesthatareacrossobstaclesareobstructedby wallsof theobstaclesthatattenuate

thesignalstrengthof thepackets. Thus,theeffective communicationrangebetweena pair of nodesis reduced.

Hence,in many circumstancesanode'sneighborsarenotall nodeswithin theomni-directionaltransmissionrange

of thenode;the transmissionrangeis typically limited to somesubsetof this area.Thenumberof neighborsis

thereforedecreased.

For themobility modelwith pathwaysbut not obstacles,thenodesmaintaintheir 360degreeomni-directional

transmissionranges.In this scenario,thenumberof neighborspernodeis about10%greaterthanin theobstacle

mobility model.This is dueto thelimitation of wherethenodesmaytravel. Becausethenodescanonly traverse

thedefinedpathways,theareaof thenetwork thatcanbeoccupiedby a nodeis reduced.Thenetwork areacan

be divided into a grid asshown in Figure2. In the randommodels,eachgrid box hasan equalprobability of

containingoneor morenodes. However, the obstaclemodel limits the numberof grid boxes that cancontain

mobile nodesto thosecontainingpathways. For instance,a mobile nodewill never be locatedin the grid box

labeled'A' in Figure2 becausethereis no pathway containedin this area.Hence,by limiting themovementof

thenodesto thepre-definedpathways,theeffective areaof thenetwork in whichnodescanbelocatedis reduced.

This leadsto higherclusteringof nodes,andhenceahighernodedensityasindicatedin Figure3.

Figure4 illustratestheaveragepathlengthovertimein eachof thenetworks.Theroutesareinitially discovered

whenthedatasessionsstart. This occursafter60 secondsof simulationtime. The lengthsof thepathsarethen

tracked throughoutthe simulations.Path lengthsmay changedueto link breaksandsubsequentrediscovery of

routes.Thefigureshows thatpathlengthsareroughlythesamefor therandomwaypointmodelandtheobstacle

modelwithout obstacles.Theobstaclemodelshows a slightly lower pathlengthdueto thepresenceof obstacles.

This increaseis directly dependenton the topologyof the network. For instance,if a completelyobstructing

4Here,theterm'randommodels'referto therandomwaypointmodelandtherandomdirectionmodel.
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Figure6: DataPacketReception.
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Figure7: ControlPacketOverhead.

obstaclewasplacedhorizontallyacross90%of thenetwork width, thepathlengthfrom onesideof theobstacle

to theotherwouldbeincreasedsignificantly.

Theeffect of themobility characteristicson the link durationbetweenpairsof nodesis shown in Figure5. It

canbeobservedfrom thisfigurethatthelink durationdecreasesin thepresenceof obstacles.Thisbehavior canbe

attributedto morefrequentlink breaksdueto obstacles.Shorterlink lifetimeswill mostlikely leadto lower data

packet delivery andmorerouterepairs.

Routing Performance

Thetotal numberof datapacketsreceivedby their destinationsis shown in Figure6. Thenumberof datapackets

receivedusingtheobstaclemodelis lower thanthatusingtherandommodels.This is dueto thelowerprobability

of routesexisting betweensourcesthat are not in the line-of-sightof eachother. Thereis a possibility that a

pair of nodesmaynot beableto talk to eachother, evenif they aregeographicallywithin thetransmissionrange

of eachother. As shown in Table2, the numberof failed routediscoverieswith the obstaclemobility modelis

slightly higher thanwith the randommovement. In our model,oncethe routediscovery is deemeda failure,

the datasessionbetweenthe sourceanddestinationis aborted;the routediscovery is not re-attemptedlater in

thesimulation. Basedon theseresultswe hypothesizethat, to improve datadelivery, thesourcenodeshouldbe

allowedto periodicallyre-attemptunsuccessfulroutediscoveriesthroughoutthesimulation.Thatway, if a route

Mobility Model Initial FailedConnections TotalFailedConnections

RandomWaypoint 0.31 2.73
RandomDirection 0.61 2.93

Obstacle 0.94 3.06

Table2: Numberof FailedConnections.
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Figure8: End-to-EndLatency.
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laterbecomesavailabledueto the movementof nodes,datapacket delivery could resume.The investigationof

thismechanismis anareaof futurework.

The controloverheadis shown in Figure7. The graphshows that the numberof control packets transmitted

by theobstaclemodelis lower thanin therandommodels.This resultis directly correlatedwith theconnectivity

betweennodes.In theobstaclemodel,routesmaybreakmorefrequentlydueto signalfadingcausedby obstacle

walls. Becausedatasessionsareabortedif they cannotberepaired,fewer sessionsaremaintainedthroughoutthe

simulation,resultingin lessoverhead.

Figure8 shows the end-to-enddatapacket delivery delay. This measurementincludesthe routeacquisition

latency for discoveringroutes.Thefigureshows thatthedatadelivery delayfor theobstaclemodelis lower than

in therandommodels.Becausethereis a smalldecreasein thedatasessionsthatarecompleted,thereis lessdata

traffic in thenetwork overall. Hencedatapacketsexperiencelesscontentionfor transmissionandareableto be

deliveredmorequickly to their destinations.

To isolatetheeffect of thesignalblockingpropertyof theobstacle,we evaluatetheperformanceof AODV for

differentpercentagesof allowed penetration.Figure9 shows that thereis a significantdecreasein the number

of datapacketsreceived, astheattenuationexperiencedby the radiowavesincreases.With 0% attenuation,the

numberof link breakssolely dueto obstaclesis zero. Hence,thereis no packet lossdueto obstacles.As the

attenuationfactor increasesto a completelyblocked scenario,the numberof packets received decreases.The

100%attenuationfactormodelis thesameasthemodelwe presentedearlier[19], andthustheresultscorrelate

with ourearlierstudy.
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Figure10: DataPacketReception.
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Figure11: ControlPacketOverhead.
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Figure12: End-to-EndLatency.

Movement Variations

Theeffectof movementvariationsis shown in Figures10 to 12. It is evidentthatwith theexponentialdestination

selectionheuristic,everynoderemainslocalizedin acertainareafor amajorityof thesimulationtime. Thisresults

in a lowerprobabilityof link breaksandbrokenroutes.Consequently, weseein Figure10thatthenumberof data

packetsreceiveddoesnot decreasewith the increasein themobility, ascomparedto thatof therandommodels.

On theotherhand,theattractionpoint featuredisplaysa smallincreasein thenumberof datapacketsasmobility

increases,ascomparedto theobstaclerandommodel.This is becausethereis a convergenceof a majorityof the

nodescloseto the attractionpoint. Hence,pathlengthsbetweensourcesandreceiversdecrease,which in turn

increasesthe datareception. Becausethe impactof attractionpoints is likely to be affectedby the amountof

traffic, wealsoevaluatethismovementmodelin acongestednetwork. In thiscase,weincreasethenumberof data

sessionsto 30. FromFigure10weobserve that,astraffic congestionin thenetwork increases,thenumberof data

packetsreceiveddecrease.This canbeattributedto a significantincreasein channelcontentionwhena groupof

nodescomecloserto theattractionpoint, resultingin a fewerpacketsdeliveredsuccessfully.

Figure11showsthatthenumberof controlpacketsfor theexponentialheuristicincreasesasmobility increases,

but at a slower ratethanthesimpleobstaclemodel. This agreeswith our observation thatnodestendto remain

localized,resultingin a reductionin theneedto rediscover broken routes.Theattractionpoint featureshows an

increasein thecontroloverheaddueto congestionsinceconvergenceof nodesleadsto anincreasein thenumber

of routechangesandchannelcontentionproblems.

Figure12shows theend-to-endlatency for themodels.Thelow latency valuefor theattractionpoint featureis

dueto shorterpathlengths.However, ascongestionincreases,thelatency of transmissionof datapacketsbetween

thesourcesanddestinationsincreasessignificantly. Thiscanalsobeattributedto thechannelcontentionproblems.
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6 Conclusions

This paperdescribesan ObstacleMobility model that enablesthe inclusionof obstaclesin ad hoc network

simulationsthatareusedbothto definethemovementpathwaysof themobilenodesby voronoigraphtesselations,

andto obstructthe transmissionof thenodes.The signalpropagationmodeldeterminesthe reductionof signal

power thattakesplacewhencommunicatingpairsof nodesmusttransmitthroughobstacles.

Oursimulationresultsconcurwith apreviousmobility modelcomparison[8] in thatthemobility modelsignif-

icantly impactstheperformanceof adhocnetwork routingprotocols.Throughtheuseof theAODV protocol,we

have shown thatthemobility modeleffectsa varietyof performancecharacteristics.Wehave shown thatrealistic

movementpatternseffectsmobility metricssuchas inter-nodeconnectivity, nodedensityand the averagelink

durationbetweennodes.

Therearea numberof waysto furtherextendthis work. Thefirst of theserelatesto thecombinationof move-

mentcharacteristicsof variousmobility modelspresentedin Section2 to createamorediverseandcomprehensive

mobility model. For instance,multiple peoplemaymove to a destinationasa group. This movementvariation

allows thecombinationof our ObstacleMobility ModelandtheGroupMobility Model [18]. In anotherscenario,

peoplemayfollow well-definedpathwaysto travel to their destination,suchasa conferencehall. Oncethey ar-

rive at the hall, thesepeoplefollow randommovement.This scenarioinvolvesthe combinationof the Obstacle

Mobility Modelto definepathwaymovementandtheRandomMobility Modelafteranodereachesits destination.

Thespecificvaluesobtainedin our simulationsarestronglydependenton theconfigurationof theobstaclesin

thenetwork terrain. However, thedataleadsto an importantconclusion.Theresultsshow thata wide rangeof

scenariosmustbestudiedto discerntheoverallperformanceof theroutingprotocol.
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