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Abstract

Simulationervironmentsareanimportanttool for the evaluationof new conceptsn networking. The studyof mobilead
hocnetworks depend®n understandingrotocolsfrom simulations beforetheseprotocolsareimplementedn areal-world
setting. To producea real-world ervironmentwithin which anad hoc network canbe formedamonga setof nodesthereis
aneedfor thedevelopmenbf realistic,genericandcomprehensie mobility andsignalpropagatiormodels.In this paperwe
proposehe designof a mobility andsignalpropagatiormodelthat canbe usedin simulationsto producerealisticnetwork
scenarios.Our model allows the placemenbf obstacleghat restrict movementand signal propagation.Movementpaths
areconstructedasvoronoitessellationsvith the cornerpointsof theseobstaclesasvoronoisites. Our mobility modelalso
introducesa signalpropagatiormodelthatemulategropertiesof fadingin the presencef obstacles As a result,we have
developeda completeernvironmentin which network protocolscanbe studiedon thebasisof numerougperformancenetrics.
Throughsimulation we shaw thatthe proposednobility modelhasa significantimpacton network performanceespecially
whencomparedo othermobility models.In addition,we alsoobsene thatthe performancef ad hoc network protocolsis
effectedwhendifferentmobility scenariosreutilized.

1 Introduction

The natureof mobile ad hoc networks males simulationmodelingan invaluabletool for understandinghe
operationof thesenetworks. Wirelesschannelexperiencehigh variability in channelquality dueto a variety of
phenomenorincludingmulti-pathpropagationfading,atmospherieffects,andobstaclesWhile realworld tests
arecrucial for understandinghe performancef mobile network protocols,simulationprovidesan ervironment
with specificadvantagesover real world studies. Theseadwantagesnclude repeatablescenariosjsolation of
parametersandexplorationof a variety of metrics. Due to thesebenefits simulationhasbecomea populartool
for thedevelopmentandstudyof adhocnetworking protocols.Thevastmajority of networking protocolsgproposed
for adhocnetworks have beenevaluatedwith somesimulationtool.

Importantcomponent®f adhocnetwork simulatorsarethe mobility andthe signalpropagatioormodels.Once
thenodesareinitially placed,the mobility modeldictateshow the nodesmove within the network. A variety of
mobility modelshave beenproposedor ad hocnetworks[7, 11, 16, 18, 22, 28], anda suney of mary hasbeen
conducted8].

Thoughthesemodelsvary widely in their movementcharacteristicayhatall of thesemodelshave in common

is thatthe movementpatternghey createarenotnecessarilgomparabléo truerealworld movement.Themodels



createrandomuncorrelatednovementacrossunobstructedlomains. In reality, peopleon college campusesat
conferencesandin shoppingareagyenerallydo notmove in randomdirectionsin unobstructe@reasPeopleend
to selecta specificdestinatiorandfollow awell-definedpathto reachthatdestination.The selectionof the pathis
influencedby bothpathwaysandobstaclesFor instancepn a college campusijndividualsgenerallystayon paths
thatareprovidedfor interconnectindhe campusbuildings. While certainindividualsmay strayfrom thesepaths
(e.g,by cuttingacrosdawns),themajority of peoplewalk alongthe provided paths.Additionally, thedestinations
aretypically notrandom but arebuildings, parkbenchesandotherspecificlocationswithin thecampus.

Previousresearchi8, 19] hasshavn thatthemobility modelusedcansignificantlyimpacttheperformancef ad
hocroutingprotocols,includingthe paclet delivery ratio, the controloverheadandthe datapaclet delay Hence,
it is importantto usemobility modelsthat accuratelyrepresenthe intendedscenariosn which the protocolis
likely to be utilized. In thisway, the performancef the protocolcanbemoreaccuratelypredicted.

In this paper we proposeto createmore realistic movementmodelsthroughthe incorporationof obstacles,
the constructionof realisticmovementpaths,andthe determinatiorof signalattenuatiordueto obstacles.The
obstaclesare placedwithin a network areato modelthe locationof buildings within anervironment,i.e., a col-
lege campus.Oncethe buildings are placed,we usethe Voronoi diagram [23] of obstacleverticesto construct
movementpaths. Nodesare thenrandomlydistributed acrossthe paths. Destinationsare selectedrom the set
of obstaclesandshortesipathroutecomputationgreusedto determinethe patheachnodewill useto reachits
selectedlestination.

Whenintroducing obstacleghat affect the movementof mobile nodesin the simulationervironment, it is
necessarto modelthepropertieof multi-pathpropagatiorandfadingpropertieof signaldn thepresencef these
obstaclesSubsequent)ywve alsoproposeheintroductionof anon-complg signalfadingmodelthatmodifiesthe
behaior of radiosignalsthatpropagatdetweera sourceanddestinatiortranscerer. Thesignalfadesby afactor
thatdepend®n therelative positionsof the two nodesandthe materialpropertiesof the obstacleghatlie in the
pathbetweerthetwo nodes.

Ourgoalin thispaperis to extendour previouswork [19] andcreateafully developedreal-world model. To this
extentwe have augmentedhe modelwith additionalfeaturesncluding, mostimportantly movementheuristics
andrealisticsignalfading. Throughanextensve setof new simulationswe believe thatthis extendedmodelfully
considerghe majorfactorsthataffect communicatiorin a mobile environment.Our specificcontritutionsin this

paperarethefollowing:

e A signalpropagatiormodelthatsimulatedadingof theradiosignalasthe signalpropagatethroughobsta-

clesthatlie betweera pair of nodes.



A featureto modify the pathsof the voronoigraphto createa morerealisticgraphthroughcontrolover the

placemenbf doormwaysbetweerthe exterior andtheinterior of a building.

A modelfor the selectionof destinatiorpointson the voronoigraphthatis basedon an exponentialdistri-

bution.

A configurabldlash-cravd featurethathelpsa usersimulatethe confluenceof a percentagef thenodeso

aparticularattractionpointontheterrain.

Theevaluationof anadditionalsetof metricsthatcomparehe propertiesof the mobility models.

To evaluateour mobility modelwe usetwo methodologieslin thefirst setof evaluationswe comparehe net-
work characteristicgeneratedby our modelto thoseof the RandomWaypoint[7] andthe RandonDirection[28]
modelson thebasisof mobility metrics.Secondwe usethe Ad hocOn-DemandistancevVector(AODV) routing
protocol[25] to comparéts performancavith our modelto thatof therandomwaypointandtherandomdirection
models. Simulationresultsshav thatthe useof obstaclesandpathways have a significantimpacton the perfor
manceof the AODV routing protocol. Network performancas also evaluatedfor movementvariationsand for
variationsin the signalattenuatiorfactors.

The remainderf the paperis organizedasfollows. Section2 detailsrelatedresearchin the areaof mobility
modelingand signal propagatiormodelsand motivatesthe importanceof creatingrealistic mobility andsignal
propagatiormodels. Our proposedmobility modeland our modelingof transmissiorthroughobstacleds de-
scribedin detailin Section3. Section4 providesa descriptionof the simulationsetup. Section5 presentshe

evaluationof our mobility model,andfinally Section6 offers someconcludingremarks.

2 Background

Thereexists a wide variety of mobility modelsthat have beenpostulatedrom both analyticandsimulation-
basedstudieson mobile systemsThis sectiondescribes samplingof thesemodels.A concisecategorizationof
mobility modelshasbeenpresentegbreviously[3].

Guerins mobility model[15] hasbecomehefoundationfor a numberof mobility models.In this model,each
nodeselectsa directiond in which to travel from therange[0...27]. The nodesselecttheir speedsrom a user
defineddistribution of speedsandtheneachnodemaovesin its selectedlirectionatits selectedspeed After some
randomlychosenperiod of time, eachnodehaltsand selectsa new directionand speed. It then startsmoving

again.



A numberof variationsof thismodelhave beernproposedFor instancein theRandonmDirectionmodel,instead
of moving for someperiodof time, eachnodemaovesuntil it reacheshe boundaryof the simulationarea.lt then
selectsa new directionin which to move. In a differentvariationof this model[17, 24], whenanodereacheghe
simulationareaboundaryit is reflectedbackinto the simulationareain the directionof either—46, if it isona
verticaledge,or (7 — @), if it is ona horizontaledge. The velocity of the nodeis held constant.Lik e thesetwo
models the GroupMobility model[18] is alsobasednthe Geurins model.

Oneof themostwidely usedmobility modelsis the RandomwWaypointmodel.In thismodel,eachnodeselects
arandompointin the simulationareaasits destinationanda speed from aninputrange[v,,in, Vmaz]. Thenode
thenmovesto its destinatioratits choserspeed Whenthenodereachedts destinationit restsfor someamountof
time. At theendof thisperiod,it selectsanew destinatiorandspeedandresumesnovement.Thepropertieof the
randomwaypointmodelhave beenextensiely studied4, 5,27, 28]. Oneof theinterestingresultsof thesestudies
addressethe nodespatialdistribution of the randomwaypointmodel. It is shavn that,dueto the characteristics
of the model,the concentratiorof hodesfollows a cyclic patternduring the lifetime of the network. The nodes
tendto congr@atein the centerof the simulationarea resultingin non-uniformnetwork density

Anothermodel,the BoundlessSimulationArea Mobility Model [16], removesthe limitation of a 'border' to
thesimulationareby allowing nodesto wrap aroundto the othersideof the simulationareawhenthey encounter
aborder The effect of this changeis to createa simulationareamodeledas a torus, ratherthana rectangular
surface.

While eachof the aforementionednobility modelsgeneratesandommobility andcanbe usedto simulatead
hocnetworking protocols noneof thesanodelsattemptdo modelthebehaior of nodedn arealisticervironment.
The modelsassumepen,unobstructedreasn which the nodesarefreeto move accordingto the constraintof
the mobility model. Efforts to modelreal-world movementare representedby the Manhattanandthe Freavay
Mobility Models[1], which simulatethe movementof adhocnodeson streetsaandfreeways,respectiely. Mobile
nodesareonly allowedto move onhorizontalandverticalpathways. Similarly, in theRestrictedRandonmWWaypoint
Mobility Model [6], nodesmave within a certaingeographidocation,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 randommaovement,but insteadinvolve certainreal movement
characteristics.

The notion of constrainednavementpathsandobstructedsignalsdueto naturalandman-madebstacledas
notbeenconsideredby any of themobility modelsmentionedaborve. In real-world scenariosit is rarethatgroups

of peoplearelocatedin completelyunobstructedireas;therearetypically buildings, vegetation,benchescars,



andl otherobjectsthat obstructone’s path. Additionally, it is unlikely to be the casethat peoplefollow random
trajectoriesOncampusegpeopletendto follow providedpathways,in cities peoplefollow sidevalks,in buildings
peopleareconfinedto hallways, etc. While occasionallyindividuals may strayfrom the provided pathvays, the
majority of movementtypically occursalongthesepaths. The ObstacleMobility (OM) Model thatwe develop
in this paperprovides a mechanisnfor modelingmovementin a variety of real world ervironmentswheread
hoc network deploymentis expected.A samplingof theseincludecities, campuseshighways, conferencesind
battlefields. What most of theseervironmentshase in commonis the presenceof obstacleghat block node
movement. In this paper we tamget scenarioghat include the presenceof buildings. Thesescenariosnclude
college andbusinescampuses;ities,andhighways.

In additionto movement,it is importantto model diffraction, reflection, scattering,multi-path propagation
and attenuationthat radio signalsundego dueto the presenceof building material,doors,windows and other
objectsthat lie in their path. To understanchow a protocolwill performin an obstructedervironment,it is
necessaryo createa combinationof realisticmobility andsignalpropagatiormodelsthataccuratelymodelthese
ervironments.Methodsto approximatehe attenuatiorexperienceddueto the presencef a dielectricmaterials
have beenproposed9, 10, 14, 20, 26]. Thesemethodsdescribedetailedapproacheto evaluatethe behaior of
an electromagnetigvave thatis incidentuponthe surfaceof a building. They alsoprovide empiricalresultsfor
penetratioHosses.Additionally, radio signalfadingmodelshave beensuggestedh booksthataddressoncepts
of the electromagnetiwave theory[20, 26]. Thesebooksdiscusssophisticateanethodgshatcloselyapproximate
the attenuationexperiencedby a radio wave in the presenceof materialsof varying electrical, magneticand
ervironmentalproperties.Hence,it is importantto createa lossyervironmentthatmodelsthe realworld sothat
protocolscanbe evaluatedandfurther developed.The performancef protocolsstronglyrelieson the estimation
of loss-pronechannelof communicatiorbetweeradhocnodes.Radiowavesdisplayanerraticbehaior dueto

1. otherwavesin therangeof thedevice thatinterferewith eachother

2. thenatureof thegroundsurface,

3. reflection,deflection diffractionandscatteringpf a radiowave incidenton a materialobject,and

4. mobility of thetransceiing devices.

Thus,we obsere thatconnectiity betweera pair of nodescannotbe assesselly merelyassumingree-space
lossesof the signalpower andsignalinterferenceeffectsof signals.Insteadt alsodepend®n variousobstacles
thatlie in the spacethroughwhich radio signalspropagate.ln this paperwe considerempiricalresults[10, 14]
andbuild a propagatiommodelthatcanbe usedwith existing network simulatorg2, 13], sincecurrentversionsof

network simulatorsneedto be updatedsothatthey supporttheserequirementsTheresultsin thesepaperswere



obtainedhroughanextensve setof real-world experiments.The mostaccuratevay of obtainingthe propagation
lossof a radiowave by usinga ad hoc network simulatoris via computationallyintensve ray-tracingmethods.
In orderto accountfor the scalability constraintf network simulatorswe decidedto trade-of the accurag of
signalfading/losscalculationgo insteadusinga non-compl& methodof modifying the signalstrengthdasedn
theaforementione@mpiricalresults.

Thefollowing sectiondescriben detailthe proposednobility andsignalpropagatiormodelandits effectson

themovementandtransmissiomangesof the nodeswithin model.

3 TheObstacle Mobility M odel

Our ObstacleMobility (OM) Modelhasbeendesignedo modelthe movementof mobilenodesin terrainsthat
resembleeal-world topographiesThe objectsmodelbuildings andotherstructureghatprovide a barrierto both
the movementof the mobile nodes,aswell asthe wirelesstransmissiorof thesenodes. Our modelconsistsof
multiple componentsThe first componentnvolves modelinga terrainin which a usercandefinethe positions,
shapesandsizesof theseobjects. Our modelcanhandlearbitrary shapesandpositionsfor the objects,allowing
usto modelmary real-world terrains.The secondcomponenbdf our mobility modelis amovementgraph,which
is a setof pathways along which the mobile nodesmove. We usethe Voronoi diagram[12] of the obstacle
cornersasour movementgraph;thisis aplanargraphwhoseedgesareline segmentghatareequidistanfrom two
obstaclecorners.While it may not be the casethat pathvwaysare alwaysequidistanbetweerbuilding cites(i.e.,
in a city, sidavalkswould typically line oneor both sidesof the street) the calculationof thesepathwayscreates
pre-determineanovementpathsfor the nodesto follow; it preventsthe randommaovement. Thus,the Voronoi
diagramcapturegheintuition thatpathwaystendto lie “halfway in betweenadjacentbuildings. Throughtheuse
of doorwayson the sidesof the building, we alsoallow movementthroughthe buildings. Thethird componenbf
themodelis therouteselection We usethe shortestpathroutingpolicy to move thenodesbetweertwo locations
in the movementgraph. Thatis, eachnodemovesto its destinatiorby following the shortespathin the Voronoi
diagram wherethe costof eachpathsegmentis its Euclideaniength. Finally, the fourth components the signal
propagatioormodel. This modelcomputeghe approximatesignalattenuatiorexperiencedy theradiowave.

The following sectionsdescribein detail the constructionand placemenbf obstaclesthe Voronoi diagram

computationandthe movementandsignalpropagatiormodels.



3.1 Obstacle Construction

In our model, arbitrarily complex polygonalshapescan be usedto specify the obstacleqbuildings). Each
polygonalshapes specifiedasan orderedsequencef its vertices(corners) whereeachverte is definedby its
coordinatesNon-linearshapesuchascirclescanbeapproximatedby polygonswith thequality of approximation
improving with the numberof verticesin the polygon. The shapeandthe placementf the obstaclehasan effect
onthenodeconnectrity andmobility. Eachsideof theobject(building) hasoneor moredoorwaysthroughwhich

thenodescanenteror leave the building.
3.2 Voronoi Tessdllation and Pathways

We now discusshow to generatahe pathwaysbetweerthe obstaclesTherecanbe no singlemodelthatis the
bestfor all terrains,but an appealing'‘geometrybased”approachs to let the obstaclesleterminethe pathways
Voronoi-diagranbasedpathways generalizehe intuitive notion thatthe pathwaystypically runin the middle of
thetwo adjacentbuildings. Beforewe discussour pathways,we briefly describehis classicalnotion of Voronoi
diagramdrom computationagjeometry

Considera setof n pointsP = {p1, ps, - .. ,pn} in thetwo-dimensionaplane. For easeof referencewe call
eachof thesepointsa locationpoint The Voronoi diagramof P is a partition of the planeinto corvex polygonal
cells,onecell perlocationpoint,sothatevery pointin acell is closerto its locationpointthanto any otherlocation
point. Thus,aVoronoicell of alocationpointp; canbethoughtof asp;'sregion of influence Theboundaryedges
of the cells arestraightline sggments,andeachsegmentis equidistantfrom its two closestiocationpoints. The
Voronoi diagramof n locationpointshasO(n) verticesand edgesandit canbe computedin worst-casdime
O(nlogn) [23].

The topologicalstructureof a Voronoidiagramis an embeddeglanargraphwith straightline edgesasseen
in Figure1(a). We will call this the Voronoi graph of P. Someof the edgesof the diagramare semi-infinite,
andthusit is corvenientto assumehatthe diagramis dravn on the surfaceof a sphere.Iln our casewe assume
thatthe simulationis limited to a large squareregion of the plane,andsothe Voronoidiagramis clippedinside
the square.Thus,if ourterrainhasonly point-sizeobstacles? = {p1,p2,.-. ,ps}, thentheVoronoigraphwill
represent naturalsetof pathways;thatis, the pathsegmentdie at equaldistancerom thetwo closestobstacles
(locationpoints).

We now describehow we build the Voronoi graphand pathways for our polygonalobstaclesand hov we

connectthe pathvaysto buildings. We usethe corness of all the obstaclesn our terrainasthe setof location

1A semi-infiniteedgeis definedto be anedgethatis unboundedn oneend.
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points. Thus,the examplein Figure 1(b) haseightlocationpoints,which arethe cornersof the two rectangular
obstacles.The readermay notethat the shavn Voronoi diagramhaseight cells (regions). The verticesof the
Voronoigraph,togethemwith someadditionalvertices(definedbelow), actasthe verticesof our pathways. First,
we clip the Voronoigraphto lie entirely within the simulationregion. The pointsof intersectionsdetweerthis
outerboundaryof the simulationregion andthe Voronoigraphalsobecomehe verticesin our pathvays. Finally,
thepointsof intersectiorbetweerthe Voronoigraphandthe obstacleboundariesactasdoorways

Figurel(b)illustratesthe computedvoronoidiagramfor a network containingtwo objects.The setof sitesis

S= {313 825 eny Sn} U {Sbb Sh2y --+5 Sbm} U {Sib 8425 «-ey Sik}:
wheres; to s, arethen intersectingsites(e.g.,ss throughsis in Figure1(b)), sp1 to sy, arethem bordersites

(e.g.,s1 throughsy), ands;; to s;; arethe k sitesgeneratedby theVoronoicomputatione.g.,sq¢ t0 s9g).

Giventhesetof sitesS, theresultingsetof edgegyeneratedby the Voronoicomputatiorare
E ={e1,e,...,e1}

wheree; is anedgein the VoronoidiagrambD.

In this model,the useris freeto modify the Voronoidiagramafterit hasbeencomputed.lt could bethe case
that,asresultof the Voronoicomputationstherearemultiple pathwaysleadingfrom theinsideof anobjectto the
outside throughdifferentdoorways on the sameside of the object. To createmorerealistic structuresthe user
canlimit the numberof doorwayson eachsideof anobjectto, say one. Subsequentjythe edgesof the Voronoi
diagramare modified suchthat the pathwaysthat connecta point interior to an objectto an externalpoint pass

througha singlepoint (thedoorway) on thatsideof thatobject.



3.3 Semi-Definitive Node M ovement

In the proposednobility model,nodesmove alongpathsthataredefinedby the edgesof the Voronoidiagram
betweerthesetof objects. Theseedgesepresenpathwaysthatwouldtypically bepresentonnectinguildingson
abusinessr college campus Figurel(c) representsxamplesof pathsthatmaybe selectedn the givennetwork.
Oncethe locationof a nodeandits intendeddestinatioris determinedthe pathit will take to the destinationis
selectedrom the pathsdefinedby the Voronoi diagram. The Voronoi diagramis pre-definedand establishes
pathfrom eachsite to every othersite. It is possiblefor the pathbetweera pair of sitesto traverseintermediate
sites,asindicatedby theexamplein Figurel(c).

The Voronoigraphconsistsof undirectededgeswherethe weight of an edgeis the lengthof thatedge. Intu-
itively, amobile userwould tendto selectthe shortespathto its destination.Usingthis model,we canobtainthe
shortespathbetweera nodes currentlocationandits destinatiorby runninga shortespathcomputationsuchas
Dijkstra's algorithm.Oncecomputedthe pathto thedestinatiorsiteis maintainedor eachnode.Whenthenode
reachedts destinationthe processs repeatedisingthe nodes new location.

Therandomcomponenbf the movementis achiered throughtheinitial placementf nodesat the siteswithin
thenetwork andthe selectionof destinatiorsites.Further the speedat which nodegravel to their destinationsas
well asthe pausetimesoncethey reachtheir destinationsarerandomlychosernfrom a distribution input by the
user Hence differentseedvaluescanbe usedto createvariationsin theinitial distribution of nodesthe selection

of destinationsandthe speedf movement.
3.4 Mohbility Variations

As previously describednodemovementalongthe pathwayscanbe assimpleasrandomdestinatiorselection
andsubsequernmovementto the choserlocation. However, variationsto this mobility patterncanbeintroduced
to modelmovementscenarioghatare both morerealisticandmoreinteresting from a researctstandpoint.The

following aremobility variationswe have implementedn the ObstacleModel.

Exponentially distributed destination selection

In our earliermodel[19], we indicatedthata nodeselectsa destinatiomandomlyandthenmovesto thatpoint by
computingtheshortespath. This selectiormethodfollows a uniformdistribution, i.e., the probabilitywith which
anodeselectsa destinationis independenof its distanceto the destination A nodemay henceoscillatebetween
oppositeendsof thetopographyIn real-world movementhowever, a persoris morelikely to selecta destination

thatis closeto his/hercurrentlocation. The personis lesslikely to selecta moredistantdestinationalthoughit
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is still possiblewith a smallprobability To modelthis movement,we suggesthe useof a weightedexponential
distribution selectionof the destinationasshavn in Equationl.
If apointmis thez!* farthestpoint from the currentlocationof the node,thenthe probabilitywith whichit is

chosercanbegivenby

f(z) = ae™®* 1)
wherea is a constantthat can be selectedto modify the distributiont . Thus, we seethat the probability
distribution function (PDF) of this expressiommakesthe selectionof a destinatiorexponentiallydependenon its

distancerom the currentpositionof thenode.

Attraction point movement

In additionto the exponentially distributed destinationselectionmethod,we also assumethat in a real-world
scenarianultiple nodesnay move towardsa certainplaceof interestatthe sametime or within a specificintenal
of time. For instance,on a college campus studentsand faculty memberamove towardsthe cafeteriasduring
the lunch hour Alternatively, specialeventson a campusare alsolikely to drav crownds of people. We call
theseplacesof interestattraction points We addthe supportof attractionpointsto our mobility modelsothata

randomlychosersubsebf nodesmove towardsa specificlocationat a specifiedtime.
3.5 TheSignal Propagation Model

Oneof the primary limitations of the performanceof wirelessnetworks is the significantattenuatiorandin-
terferenceexperiencedby the radio signalasit propagate$rom the sendingnodeto the receving node. In a
settingwith obstaclesthe signalmay reachthe recever via non-line-of-sightpropagatiormechanismssuchas
reflection diffractionandscattering This effect of multi-pathpropagationresultsin adropin the Signal-to-Noise
Ratio (SNR) of thereceved signal. The free-spacdadingmodelsarenot generallysuitedto calculatethe atten-
uationundegoneby the signalbeingreceved. Additionally, the fluctuationsof the signallevels arelognormally
distributed abouta meanvalue andthe changesn the signallevels are insignificantover shortperiodsof time,
leadingto a phenomenaalledlong-termfading In our simulations,we useeitherthe Two-RayPathlossModel
thataccommodatethereflectionsof the signalsoff the suriaceof theground,in additionto thedirectpathsignals
from the sourcetransceier to the destinatiortransceier; or the Friis' FreeSpaceEquation[26] which considers

only asinglepathof propagationThe choiceof thesemodelsdepend®nthevalueof thecross-wer distanced,,

%1t is essentiathata site on the graphis choserat every instanceof destinatiorselectionsince,fo"" flx)dz = f0°° ae”*®dxr = 1.
Herewe canassumehatthe numberof pointsfrom which a selectionis to bemadeis alargenumber

td, = % whereh; andh, aretheantennéheightsof thetransmitterandtherecever, respectiely, and X is the wavelengthof the
radiosignal.
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\ | Home | Office |

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

Tablel: Powerattenuatiorvalues.

whered, is thedistancesuchthatwhend = d., thereceved power predictedby thetwo-raygroundmodelequals
to thatpredictedby the Friis equatiorand
e whend < d,, we usetheFriis' Equationsincethe power attenuateds inverselyproportionalto d*.
e whend > d., we usethe Two Ray PathlossModel sincethe power attenuateds inverselyproportionalto
dz.

In our previouswork [19], we assumedhatwalls of building werethick enoughto block ary transmissiorthat
passeshroughthem. In that case,two nodeslocatedon oppositesidesof one or morewalls would not be able
to communicatewith eachother In therealworld, however, a radio signaltransmittedoetweena pair of nodes
undegoesfading,attenuationscatteringdiffraction, reflection,multi-pathpropagationetc. In this papemwe use
empiricalresultsto simulatetheseeffects. Hence,thereis a possibility that two nodesthat are obstructedby a
wall or ary othernaturalobstaclamaystill beableto communicatebut the signalsthatarereceved have alower
power level thanif they hadnot passedhroughthe obstacle.

Beforea simulationbegins, a usercanspecifythe penetratiorcharacteristicef a building wall. Therearetwo
extremecasedor this specificationIn the caseof a perfectconductoraradiowave thatis incidentonthe material
is completelyattenuatedi.e., Attenuation4; — oo). Ontheotherhand,anobstaclecanbe specifiedsuchthatit
obstructsonly movement,andnot the propagatiorof radiosignals,e.g,ariver. In this case theradiowave does
notfadedueto theobstaclg(i.e., A; = 0). Hence0 < 4; < co.

Someattenuationresultsare shawvn in Table1. The table shavs the power attenuatedvhen a radio wave
penetrateshrougha single or doublewall, in a homeor an office building. For implementatiorpurposeswe
reducethe effective signalstrengthrecevved at therecever by arandomvaluechoserfrom therangeasspecified

in Tablel for every obstaclen the straightline pathfrom asendeto therecever.
4 Simulations

Theprimary objective of our simulationds to understandheimpactof obstaclesn a simulationervironment.
To thisend,we evaluatetwo aspect®f the ObstacleMobility model.First,we determinghe characteristicsef the
network topologycreatedoy this model. Dueto the presencef obstaclesanddefinedpathways, characteristics,
suchasthe averagenodedensity arelikely to differ whencomparedwith other mobility models. Secondwe

determingheimpactof our mobility modelon the performancef anadhocroutingprotocol.
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Figure2: Simulatedterrain.

Specifically to understandhe network topologycharacteristicsreatedoy our mobility model,we evaluatethe

following metrics:

o Node Density: Theaveragenumberof neighborgpernode.

e Path Length: Thenumberof hopsfrom a sourceto adestination.

e Averagelink Duration (LD): Thedurationfor whichalink is availablebetweertwo pairsof nodes.
The averagelink durationdescribeghe connectiity of the nodesin the network. Bai et. al. [1] suggesthat
this metric allows us to studythe effect of the mobility pattern,which in turn affectsthe connectiity graphof
nodesandthe performancef the protocols.For comparisonthe abose metricsarealsoevaluatedfor therandom
waypointmodelandthe randomdirectionmodel.

To determinethe impactof the obstaclesand pathways on the performanceof routing, we utilize the AODV
protocolfor routediscavery andpathsetup. In thesesimulationswe alsocompareheresultswith theperformance
of AODV usingthe randomwaypointmodelandthe randomdirectionmodel. Whenusingthe randomwaypoint
modelor the randomdirectionmodel,thereareno obstaclesn the simulationarea. The metricswe evaluatein
thesesimulationsarethefollowing:

o Data Packet Reception: Thenumberof datapacletsrecevedattheirintendeddestinations.

e Control Packet Overhead: Thenumberof network-layercontrol paclet transmissions.

e End-to-End Delay: The end-to-endransmissiortime for datapaclets. This valueincludesdelaysdueto
routediscovery.

The network scenariowe utilize to evaluatethe obstacle-orientedhobility modelis shavn in Figure2. This

modelwas createdbasedon the locationsof buildings on the campusof the University of Californiaat Santa
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Barbara. The modelis a representationf the buildings on a selectedareaof the campus.We modelan actual
portionof the campusn orderto createa realisticsimulationterrain. The compleity of the geometricshape®f
thebuildingshasbeenreducedoy approximatinghe structuresasunits of rectanglesasdescribedn Section3.1.
The Voronoi pathsarethengeneratedasedon this model? At the beginning of simulationsruns,the nodesare
randomlyplacedat the sitescomposingheVoronoigraph.

In additionto thesetests,we alsoevaluatethe aforementionednetricsfor the obstaclemodelalongwith the
mobility variations. Thesevariationsincludethe exponentiallydistributed destinatiorselectionheuristicandthe
attractionpointmovementasdescribedrarlierin Section3.4. Finally, we have alsoevaluatedheeffect of varying
thepenetratiorfactorof building walls on the network performance.

Thefollowing sectiongyive furtherdetailsaboutthe simulationparametersaswell asthe obtainedresults.
4.1 Simulation Environment

All of thesimulationavererunusingthe NS-2network simulator[13] with the CMU wirelessadhocnetwork-
ing extensions. The simulationareais 1000m x 1000m,andthe maximumnodetransmissiorrangeis 250m.
However, in the presencef obstructionsthe actualtransmissiorrangeof eachindividual nodeis likely to be
limited. At the MAC layer, the IEEE 802.11DCF protocolis used,andthe bandwidthis 2Mbps. At the radio
layer, the capturethresholds 10.0dB thecarriersensahresholds 5.011872 x 10~ 2w, andthereceve threshold
is 1.02054 x 10~19W . We assumehatthe nodesareon the samehorizontalplane. Becausave aremodelinga
campuservironment themobility of thenodesunlessotherwisestatedjs randomlyselecteetweerD and5 m/s
to representvalking speedsThe pausdimein our simulationds randomlyselecteetweenl0and300seconds.
Eachdatapointis anaverageof tensimulationrunswith the nodesdistributedin differentinitial positions.

To evaluatethe characteristic®f the network topologiescreatedby the threemobility models,we randomly
distribute the nodesat the beginning of the simulation. The numberof neighborgper nodeis calculatedor this
initial distribution, aswell asperiodicallythroughouthe simulationasthe nodesmaove. To computethe average
pathlength,nodesperiodicallydiscover routesto specifieddestinationghroughoutthe simulation. The average
discaveredpathlengthis plotted versussimulationtime. We also calculatethe averagelengthof eachlink that
existsbetweenra pair of nodesduringthe simulations.This metricis evaluatedby varyingthe numberof nodesin
thenetwork from 20to 100.

For thesescenarioswe study the impact of both the pre-definednovementpathways and the inclusion of

obstaclesTo performexperimentsusingonly the pre-definedbathways,we utilize the obstaclegso computethe

2Interestinglythe Voronoidiagramgeneratedy this modelcloselyapproximateshe actualpathsthatexist aroundthesebuildings.
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pathways,andthenremaore themwhencomputingneighborsandpathlengths.Whenthe obstaclesreincluded,
they areutilizedto obstructtransmissionsaswell asfor the pathway calculationsin bothcasestheobjectsarein
thelocationsillustratedin Figure?2.

The secondset of simulationscompareghe performanceof the AODV routing protocol using the random
waypointmodel,therandomdirectionmodelandour obstaclemobility model. After theinitial distribution of the
nodesthenodesmovefor 60 secondsothatthey aredistributedthroughouthesimulationarea.Tendatasessions
arethenstarted.Thedatapacletsizeis 512 bytesandthesendingateis 4 paclets/secondThemaximumnumber
of pacletsthatcanbe sentperdatasessioris setto 6,000.Hence anaggregateof 60,000pacletscanbereceved
by the 10 destinationshosen.In thesesimulations all nodesareassignedhe samespeedetweer0 and10 m/s,
sothatthe effect of mobility canbe determined Movementcontinueghroughouthe simulationsfor a periodof
1800seconds.

In athird setof simulationswe vary the penetratiorfactorof building walls by a specifiedpercentagealue.
Thisimpliesthatevery obstaclewvall attenuatethe power of theincidentradiowave by a percentagef its original
power level. In thesesimulationsthe attenuatiorexperiencedy aradiowave is variedfrom 0% to 100%,where
0% attenuatiorindicatesno blocking at all, while 100% attenuatiornindicatescompleteblocking of the signal.
Although this methodof controlling the attenuatiorlevel is an unrealisticsituation,we utilize it to evaluatethe
impactof the signalfadingmodel.

The fourth setof simulationscompareghe effect of the movementvariationson the network performance.
In the obstaclemodelusedin the previous setof simulations,destinationsare selectedandomly In this setof
simulations,destinationsare either selectedaccordingto an weightedexponentialdestinationselectionmethod
or basedon an attractionpoint, asdescribedn Section3.4. For the attractionpoint movement,we specifyan
AP-Bgin andan AP-Endtime. Every nodethat needsto selectits next destinationat a time thatfalls between
AP-Bgjin andAP-End, selectghatdestinatiorto be a specifiedattractionpoint (AP). After the nodereacheshe

AP, it pausedor a periodof time,andthenagainselectsarandomdestination.

5 Results
Network Topology

The averagenumberof neighborsper nodethroughoutthe simulationsis shavn in Figure 3. The numberof
neighborsper nodefor the randomwaypointmodelandthe randomdirection model matcheshosepreviously

demonstratedor 50 nodeswith 250mtransmissiorrangesin a 1000mx 1000marea[21]. Usingthe obstacle

3It is necessaryhat AP-Bagin andAP-Endbe selectedsuchthat,0 < AP-Bagin < AP-End< Simulation-End-ifne
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Figure3: NodeDensity Figure4: PathLengthversusTime. Figure5: Averagelink Duration.

modelwith theobstaclestheaveragenumberof neighborspernodeis lower thanin therandommodel$. Thiscan
be explainedby thefactthatnodeshatareacrossbstaclesreobstructedy walls of the obstacleshatattenuate
the signalstrengthof the paclets. Thus,the effective communicatiorrangebetweena pair of nodesis reduced.
Hencejn mary circumstanceanodes neighborsarenotall nodeswithin theomni-directionatransmissiomange
of the node;the transmissiorrangeis typically limited to somesubsef this area. The numberof neighbordgs
thereforedecreased.

For the mobility modelwith pathwaysbut not obstaclesthe nodesmaintaintheir 360 degreeomni-directional
transmissiomanges.In this scenariothe numberof neighborgpernodeis about10%greaterthanin the obstacle
mobility model. Thisis dueto thelimitation of wherethe nodesmaytravel. Becausehe nodescanonly traverse
the definedpathways, the areaof the network thatcanbe occupiedby a nodeis reduced.The network areacan
be divided into a grid asshavn in Figure2. In the randommodels,eachgrid box hasan equalprobability of
containingone or more nodes. However, the obstaclemodellimits the numberof grid boxesthat cancontain
mobile nodesto thosecontainingpathways. For instance,a mobile nodewill never be locatedin the grid box
labeled'A' in Figure2 becauseahereis no pathway containedn this area. Hence by limiting the movementof
thenodedo the pre-definegathways,the effective areaof the network in which nodescanbe locatedis reduced.
Thisleadsto higherclusteringof nodesandhencea highernodedensityasindicatedin Figure3.

Figured illustratesheaveragepathlengthovertimein eachof thenetworks. Theroutesareinitially discovered
whenthe datasessionstart. This occursafter 60 second®f simulationtime. The lengthsof the pathsarethen
tracked throughoutthe simulations. Path lengthsmay changedueto link breaksand subsequentediscoery of
routes.Thefigure shaws that pathlengthsareroughlythe samefor the randomwaypointmodelandthe obstacle
modelwithout obstaclesThe obstaclenodelshavs a slightly lower pathlengthdueto the presencef obstacles.

This increaseis directly dependenbn the topology of the network. For instance,if a completelyobstructing

“Here theterm'randommodels'referto the randomwaypointmodelandthe randomdirectionmodel.
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Figure6: DataPacket Reception. Figure7: ControlPacket Overhead.

obstaclewasplacedhorizontallyacros90% of the network width, the pathlengthfrom onesideof the obstacle
to theotherwould beincreasedignificantly

The effect of the mobility characteristicen thelink durationbetweerpairsof nodesis shavn in Figure5b. It
canbeobseredfrom thisfigurethatthelink durationdecreasem the presencef obstaclesThis behaior canbe
attributedto morefrequentlink breaksdueto obstaclesShorterink lifetimeswill mostlikely leadto lower data

paclet delivery andmorerouterepairs.

Routing Performance

Thetotal numberof datapacletsrecevedby their destinationss shavn in Figure6. The numberof datapaclets
receved usingthe obstaclanodelis lower thanthatusingtherandommodels.This is dueto thelower probability
of routesexisting betweensourceghat are not in the line-of-sightof eachother Thereis a possibility that a
pair of nodesmaynot beableto talk to eachother evenif they aregeographicallywithin thetransmissiomange
of eachother As shawn in Table2, the numberof failed route discoserieswith the obstaclemobility modelis

slightly higherthanwith the randommovement. In our model, oncethe route discovery is deemeda failure,
the datasessiorbetweenthe sourceand destinationis aborted;the route discovery is not re-attemptedater in

the simulation. Basedon theseresultswe hypothesizehat, to improve datadelivery, the sourcenodeshouldbe

allowedto periodicallyre-attempunsuccessfuloutediscoreriesthroughouthe simulation. Thatway, if aroute

| Mobility Model | Initial FailedConnections Total Failed Connections

Randomwaypoint 0.31 2.73
RandonDirection 0.61 2.93
Obstacle 0.94 3.06

Table2: Numberof FailedConnections.
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later becomeswvailable dueto the movementof nodes,datapaclet delivery could resume.The investigationof
this mechanisnis anareaof futurework.

The control overheads shavn in Figure7. The graphshavs thatthe numberof control pacletstransmitted
by the obstaclemodelis lower thanin therandommodels.This resultis directly correlatedwith the connectiity
betweemodes.In the obstaclanodel,routesmay breakmorefrequentlydueto signalfadingcausedy obstacle
walls. Becauselatasessionsireabortedf they cannotbe repairedfewer sessionsiremaintainedhroughouthe
simulation resultingin lessoverhead.

Figure 8 shaws the end-to-enddatapaclet delivery delay This measuremenncludesthe route acquisition
lateny for discoveringroutes. The figure shaws thatthe datadelivery delayfor the obstaclemodelis lower than
in therandommodels.Becauséhereis a smalldecreasn the datasessionshatarecompletedthereis lessdata
traffic in the network overall. Hencedatapaclets experiencdesscontentionfor transmissiorandareableto be
deliveredmorequickly to their destinations.

To isolatethe effect of the signalblocking propertyof the obstaclewe evaluatethe performancef AODV for
different percentagesf allowed penetration.Figure9 shavs thatthereis a significantdecreaseén the number
of datapacletsreceved, asthe attenuatiorexperiencedoy the radio wavesincreasesWith 0% attenuationthe
numberof link breakssolely dueto obstacleds zero. Hence,thereis no paclet lossdueto obstacles.As the
attenuatiorfactorincreasedo a completelyblodked scenario the numberof paclets receved decreases.The
100%attenuatiorfactormodelis the sameasthe modelwe presenteararlier[19], andthustheresultscorrelate

with our earlierstudy
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M ovement Variations

Theeffect of movementvariationsis shavn in Figures10to 12. It is evidentthatwith the exponentialdestination
selectiorheuristic,every noderemaindocalizedin a certainareafor amajority of thesimulationtime. Thisresults
in alower probabilityof link breaksandbrokenroutes.Consequent/ywe seein Figurel10thatthe numberof data
pacletsreceved doesnot decreasevith the increasdn the mobility, ascomparedo that of therandommodels.
Ontheotherhand the attractionpointfeaturedisplaysa smallincreasan the numberof datapacletsasmobility
increasesascomparedo the obstacleandommaodel. This is becausehereis a convergenceof a majority of the
nodescloseto the attractionpoint. Hence,pathlengthsbetweensourcesandrecevers decreasewhich in turn
increaseghe datareception. Becausehe impactof attractionpointsis likely to be affectedby the amountof
traffic, we alsoevaluatethis movementmodelin acongesteaetwork. In thiscaseweincreaseahe numberof data
sessionso 30. FromFigure10we obsere that,astraffic congestiorin thenetwork increasesthe numberof data
pacletsreceved decreaseThis canbe attributedto a significantincreaseén channelcontentiorwhena group of
nodescomecloserto theattractionpoint, resultingin afewer pacletsdeliveredsuccessfully

Figurellshawvsthatthenumberof controlpacletsfor theexponentiaheuristicincreasessmobility increases,
but at a slower ratethanthe simple obstaclemodel. This agreeswith our obseration thatnodestendto remain
localized,resultingin a reductionin the needto rediscaoer broken routes. The attractionpoint featureshavs an
increasen the controloverheaddueto congestiorsinceconvergenceof nodedeadsto anincreasan the number
of routechangesindchannelcontentiorproblems.

Figure12 shawvsthe end-to-endateng for themodels.Thelow lateny valuefor the attractionpointfeatureis
dueto shortempathlengths.However, ascongestiorincreaseghelateny of transmissiorof datapacletsbetween

thesourceanddestinationincreasesignificantly Thiscanalsobeattributedto thechannetontentiorproblems.
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6 Conclusions

This paperdescribesan ObstacleMobility modelthat enablesthe inclusion of obstaclesn ad hoc network
simulationghatareusedbothto definethe movementpathwaysof themobilenodesby voronoigraphtesselations,
andto obstructthe transmissiorof the nodes. The signal propagatiormodeldetermineghe reductionof signal
power thattakesplacewhencommunicatingpairsof nodesmusttransmitthroughobstacles.

Oursimulationresultsconcurwith a previousmobility modelcomparisorf8] in thatthe mobility modelsignif-
icantlyimpactsthe performancef adhocnetwork routing protocols.Throughthe useof the AODV protocol,we
have shavn thatthe mobility modeleffectsa variety of performanceharacteristicsWe have shawvn thatrealistic
movementpatternseffects mobility metricssuchas internode connectiity, nodedensityandthe averagelink
durationbetweemodes.

Therearea numberof waysto furtherextendthis work. Thefirst of theserelatesto the combinationof move-
mentcharacteristicef variousmobility modelspresentedh Section2 to createamorediverseandcomprehense
mobility model. For instance multiple peoplemay move to a destinationasa group. This movementvariation
allows the combinationof our ObstacleMobility Modelandthe GroupMobility Model[18]. In anotherscenario,
peoplemay follow well-definedpathvwaysto travel to their destination suchasa conferencéhall. Oncethey ar
rive at the hall, thesepeoplefollow randommovement. This scenaridgnvolvesthe combinationof the Obstacle
Mobility Modelto definepathway movementandtheRandomMobility Model afteranodereachedts destination.

The specificvaluesobtainedn our simulationsarestronglydependenbn the configurationof the obstaclesn
the network terrain. However, the dataleadsto animportantconclusion.The resultsshav thata wide rangeof

scenariosnustbe studiedto discernthe overall performancef therouting protocol.
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