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Recenttechnologicaladvanceshave fosteredtheemergenceof small, low-power de-

vicesthatintegratemicro-sensingandactuationwith on-boardprocessingandwireless

communicationscapabilities.Throughdistributedcoordination,pervasivenetworksof

micro-sensorsandactuatorsareexpectedto revolutionizethe waysin which we un-

derstandandconstructcomplex physicalsystems.Fundamentalto suchcoordination

is localization, or theability to establishspatialrelationshipsamongobjects.

In this dissertation,we addressthe challengesinvolved in localizationfor very

large, ad hoc deployed sensornetworks. Although several localizationtechnologies

havebeenproposedin thepastfew years,nonecurrentlysatis�esall our requirements

becauseno single localizationsystemis simultaneouslyscalable,ad hoc deployable

andaccommodatingof the hardwareconstraintsof very small devices. Our thesisis

thatall theseissuescanbesolvedsimultaneouslybyaself-con�guringlocalizationsys-

temthatautonomouslyadaptsto its environmentaldynamics.Our approachis based

onlocalizedadaptivealgorithmsthatself-con�gureto exploit boththelocalprocessing

oneachsensornode,aswell astheredundancy acrossdensely-deployedsensornodes.

First,toaccommodatedeviceconstraints,weadoptalow cost,hardware-independent

localizationapproachfor verysmalldevicesthatleveragestheexistingradio(RF)com-
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municationscapabilitiesof suchdevicesanddoesnot requireany othersensors.

Second,to scaleto very large sensornetworks,we developa decentralized,self-

localizationmethodologyfor devices.Insteadof relyingonacentralserverto compute

theirpositions,devicesthemselvesperforma localizedlocationcomputationbasedon

radioconnectivity constraintsto asmallnumberof nearbybeacons(nodeswith known

positions),obtainedby listeningto radiobroadcastadvertisementsof beacons.

Third, we needto ensurea uniform localizationgranularityin dynamic,unpre-

dictableenvironmentswith numerousradio propagationvagaries. One solution to

this problemis to extensively instrumentandmodel the environment,a priori. Un-

fortunately, this approachdoesnot scalewell. Instead,we advocateanddevelop a

self-con�guring mechanismin which beaconsthemselvesmeasureandadaptto their

environmentandavailability of neighboringbeacons.

Finally, we quantitatively analyzethe impact of beacondensityon localization.

We show thatproximity basedlocalizationusingonly local informationsaturatesat a

thresholdbeacondensity ���������
	�� . We developvariousself-con�guring algorithmsfor

incrementalbeaconplacementfor sparsebeacondeployment. For densebeaconde-

ployment,it is desirableto keeptheoperationalbeacondensitycloseto ���������
	�� to re-

ducetheprobabilityof self-interferenceamongstbeaconsandto conserveenergy. We

develop a parameterizedalgorithm(tunableaccordingto radio parameters)to adjust

theduty cycle of beaconsbasedon theavailability of otherbeaconsin theneighbor-

hoodto realizea low operationaldensity.

Thesetechniquesform the basesof our self-con�guring localizationsystem.We

have implementedit asa user-level library on two test-beds,RadiometrixRPC-418

radios,andmoteswith RFM radios. We evaluateanddemonstratethe effectiveness

of our localizationsystemin termsof theperformanceof thebasiclocalizationalgo-

rithms,aswell asthebeaconplacementtechniquesto adaptit to noisyenvironments.
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CHAPTER 1

Intr oduction

To begin, begin.

—William Wordsworth

1.1 Moti vation: Location-AwareComputing

In thelastdecade,wehavewitnessedaburgeoningamountof researchandcommercial

interestin theareaof ubiquitouscomputing.As envisionedby Mark Weiser[Wei93,

Wei91] in theearlynineties,in ubiquitouscomputing,variouscomputingelementsare

so seamlesslyintegratedinto the environmentthat they will be invisible to common

awareness.

Several factorshave fueled this vision. Recentadvancesin CMOS IC, wireless

communication,andMEMS technologyhaveledto dramaticreductionsin size,power

consumptionandcircuitry cost.Variousfunctionssuchassensingandsignalprocess-

ing cannow beintegratedinto a singlewirelessnode.Coordinationandcommunica-

tion amongsuchnodeswill not only enableseamlesscomputingbut alsorevolution-

ize informationtechnology, especiallyapplicationsrelatedto sensingandcontrolling

physicalenvironments. Small active devices or sensorscan coordinateto perform

largersensingtasks(i.e., distributedmicro-sensingtasks),which couldnot have been

achievedwith individualnodecapabilities.
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Potentialapplicationsof suchsensornetworksspanmany domains:physiological

monitoring; environmentalmonitoring (air, water, soil, chemistry);conditionbased

maintenance;smartspaces;military surveillance; precisionagriculture; transporta-

tion; factoryinstrumentationandinventorytracking.Coordinatedefforts in exploring

suchapplicationshave alreadybegun, the Centerfor EmbeddedNetworked Sensing

[CEN] at UCLA, MIT' s ProjectOxygen[OXY] andBerkeley's CITRIS effort [CIT],

theAwareHomeatGeorgia Tech[AWA] to namea few.

Fundamentalto suchseamlesscoordinationin thesesystemsis location aware-

ness. Localizationis a mechanismto establishspatialrelationshipsin thesedevices.

Becausethesesystemsarecoupledto thephysicalworld, locationmeasuresandgives

acontext to thatphysicalcoupling.Many of theseenvisionedsystemsareembeddedto

monitoror control thebehavior of physicalsystems(ascomparedwith strictly virtual

informationsystems),andthereforenodesoftenneedto determinetheir actionbased

on theirphysicallocation(amI thecorrectsensorto monitoraparticularobject?).

Networked applicationsareoften implementedin the form of a layerednetwork

protocol stack[Zim80] and localizationbene�ts spanseveral layersof the protocol

stack. At the applicationlayer, localizationis indispensablefor context-awareappli-

cationsthat selectservicesbasedon location[HHS99], andfor sensornetworks that

achieve power conservation by combiningdatafrom multiple sensors.At the net-

work layer, location informationon a scalewith the transmissionrangecan enable

geographicrouting algorithmsthat can propagateinformation ef�ciently througha

multi-hopnetwork [Fin87,KK00].

Several issuesrenderthe localizationproblemmorechallengingfor large scale,

denselydistributed sensornetworks than in many other domains. Sensornetworks

mustsatisfyseveral physicalconstraints.In order to be untetheredanddeeplyem-

bedded,individualnodesmusthaveasmallform factorandprovide theirown energy.

2



Thesystemoverallmusttolerateadhocdeploymentandunattendedoperationwithout

infrastructuresupport.

Given suchconstraintsthe network designers'goalsshift from optimizing chan-

nel throughputor minimizing nodedeployment,to extendingsystemlifetime andro-

bustnessin thefaceof unpredictabledynamics.Moreover, in theseextremecontexts,

centralizedsolutionsarenot applicablebecausethe communicationsassociatedwith

extractingthedynamicsystemstateto a centrallocation,andin a timely manner, will

consumeexcessiveamountsof preciousenergy resources.

Any deployablelocalizationsystemfor sensornetworksmustscaleto largeareas,

to large numbersof devices,mustaccommodatethedevice constraintsof very small

devices,andmustberobustandfault-tolerantevenin thepresenceof signi�cant envi-

ronmentandsystemdynamics.

Traditionalinformationsystemshave not hadsucha locationfocus,consequently

our supportfor localizationhasbeenrelatively weak.Presently, themostwell known

and widely available technologyfor localization is the Global PositioningSystem

(GPS) [HLC92]. Sinceits introductionnearlythreedecadesago,boththeapplications

andscopeof GPSusagehave exploded. Nevertheless,GPShasseveral drawbacks

which make it ill suitedto sensornetworks. Firstly, it is not ubiquitouslyavailable—

GPSdoesnot work indoors,underwater, andin very clutteredurbanenvironments.

Secondly, it maynotbeeconomicallyviablefor sensornetworks.While atypicalGPS

receiver costsaround100 dollarsandconsumespower on the orderof magnitudeof

Watts,typical sensornodesareexpectedto bedisposablein thenearfuture. Thus,it

doesnot alwaysmeettheoperational(for example,low power andlow cost[PK00]),

environmental(for example,indoors)or costconstraints.

Although a numberof localizationsystemshave beenproposedin the pastfew

years [HLC92, PCB00, HHS99,BP00b](thesearereviewedin Chapter2), nonecur-
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rently satis�estherequirementsfor adhocdeploymentof largescalesensornetworks

becauseno singleexisting localizationsystemis simultaneouslyscalable,adhocde-

ployableandaccommodatingof thehardwareconstraintsof verysmalldevices.

1.2 The Problem: Envir onment DependentCon�guration

Not surprisingly, localizationhasmanifesteditself as a classicalproblemin many

disciplines,including the autonomousrobot navigation problem[HS98] in mobile

robotics[TFB01], virtual reality systems[WBV99], air, landandwatervehiclenavi-

gationin intelligenttransportationsystems[VOR, HLC92], userlocationandtracking

in cellularnetworks[RAD] etc.

A key challengein engineeringlocalizationsystemsfor theseapplicationshasbeen

environmentaldependence. To achieve localizationin any givenenvironment,several

characteristicsof theenvironmentneedto betakeninto accountasthey canin�uence

the measurementsof the sensorsusedfor localization(for example,the temperature

andspeedof propagationof light in themedium,theparametersof signalattenuation

etc.). Sincethesepropertiescanvary widely from oneenvironmentto another, these

environment-dependentparametersneedto becon�gured in all nodesin thelocaliza-

tion system.

Traditionallocalizationsystemsaddressthis problemeither(i) throughextensive

environment-speci�ccalibrationandcon�guration of thecentrallycontrolled,tightly

coupledlocalizationsystem [WBV99, BP00b,RAD] or (ii) throughsophisticated,

memoryandcompute-intensiveprobabilisticposition-estimationalgorithms[TFB01].

Large-scale,denselydistributedsensornetworks that are closely coupledto the

physicalworld requirenodelocalization,but underfarseverenode-level resourcecon-

straints(limited energy, bandwidth,memoryandprocessing)[BHE00].
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Consequently, localizationsystemsthat can reconciletheseneedsby necessity

mustbe basedon a looselycoupled,distributedsystemsarchitecture(asin [BHE00,

PCB00, SHS01a, Gir00, HWB00]) thatcanadaptto thedynamicsof its environment,

relyingneitheronany centralizedcontrollernoronsophisticatedprocessingandsens-

ing capabilitiesoneachoneverynode.

1.3 A Solution: Self-Con�guring Localization Systems

We have highlightedthedeployment,con�guration andoperationalissuesfor sensor

network localization.Our approachto solvingtheaforementionedissuesfor localiza-

tion is basedon “self-con�guration”.

Our thesisis that all theseissuescan be solved simultaneouslyby a distributed

localizationsystemthat is also self-con�guring, i.e., it autonomouslymeasuresand

adaptsto its environmentalandsystemdynamicsto achievebothenvironmentalinde-

pendenceandrobust,unattendedsystem-level operation.

Our approachis basedon localizedadaptive algorithmsthatself-con�gureto ex-

ploit boththelocalprocessingavailableoneachsensornode,aswell astheredundancy

availableacrossdensely-deployedsensornodes.

1.3.1 Self-Localization

Toaccommodateexistingdeviceconstraints,weadoptalow cost,hardware-independent

localizationapproachfor very small devices that leveragesthe existing radio (RF)

communicationscapabilitiesof suchdevicesanddoesnot requireany othersensors.

To scaleto very large sensornetworks,we developa decentralized,self-localization

methodologyfor devices.Insteadof relying on a centralserver to computetheir posi-

tions,clientdevicesthemselvesperforma localizedlocationcomputationbasedonra-
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dio connectivity constraintsto asmallnumberof nearbybeacons(known nodeswhich

areposition-aware). Theseconstraintsareobtainedfrom listeningto radiobroadcast

advertisementsof nearbybeacons.

1.3.2 Self-Con�guration

As discussedearlier, oneof the key challengesin localizationis to ensurea uniform

localizationgranularityevenin dynamic,unpredictableenvironments(with numerous

radio propagationvagariesandunpredictableterrain). Onesolutionto this problem

is to extensively instrumentandmodeltheenvironment,a priori anddeploy beacons

basedon thesemeasurements.Unfortunately, this approachdoesnot scalewell for

very large numbersof beaconsandfor very large environments.Instead,to adaptto

noisyenvironments,we advocateanddevelopa self-con�guringmechanismin which

beaconsthemselvesmeasureandadaptto their environmentandavailability of neigh-

boringbeacons.Ourself-con�guringmechanismsapplyto otheradhocbeacon-based

localizationsystemsaswell [SHS01a].

1.4 Contributions

A numberof researchactivities have laid thegroundwork for both low-costlocaliza-

tion [BP00b, CCK01] and scalablelocalization[HLC92, PCB00]. However, these

researchefforts arepolarized:they eithersolve thehardwarehalf of theproblem(ac-

commodatingdeviceconstraints)or thenetworkinghalf of theproblem(makinglocal-

izationscalable).

Consequently, noneof the proposedsystemsmeetall our requirements,because

in eachinstance,only half of theproblemis solved. Our work bridgesthis gap. We

have developed,analyzed,simulated,andre�ned a comprehensive setof techniques
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for makinglocalizationsystemsself-con�guring.

Weaccountfor eachcomponentin theoverallsystem— from thenetwork location

protocolandpositionestimationalgorithmto thebeacondeploymentandadaptation

strategy — resultingin thedesignandimplementationof a comprehensivesystemfor

localizationin adhocwirelessnetworks.

Ultimately, we believe that high-quality localizationwill be commonplace.But

beforethiscanhappen,wemustunderstand,build anddeploy localizationsystemsfor

sensornetworks. This dissertationresearchis onesteptoward this goal. Our contri-

butionsadvancethestateof theart in localizationandenergy-conservingprotocols—

especiallyin thecontext of largescalesensornetworks— asfollows:

� LocalizationMethodology. We have developeda low cost,scalableandenergy-

ef�cient RF-basedlocalizationmethodology. Our localizationmethodologyis

novel bothin its highly scalablesystemarchitecturefor self-localization,andin

its simplesensingmodelof RF-proximity throughradioconnectivity. Further-

more,wehaveimplementedit ontwo verydifferentexperimentalplatforms,and

evaluatedits useunderanumberof settings.Wepresentexperimentalresultsto

show thatour localizationmethodologyworkswell outdoors.

� Densityanalysis. We formalize the notion of beacondensityandanalyzethe

impactof beacondensityonthelocalizationquality— bothin termsof localiza-

tion errorandsystemresponsiveness.Ouranalysisleadsusto differentproblem

formulationsfor beaconplacementatdifferentdensities.

� SolutionstoBeaconPlacement.Wemakeourlocalizationsystemself-con�guring

by addressingthefollowing two beaconplacementproblems.

– In noisyenvironments,theexistingbeacon�eld infrastructuremightprove

insuf�cient to ensurelocalizationquality. We addressthis issuewith both
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a novel problemformulationandanovel solutionapproach.We formulate

the problemof adaptive beaconplacement— deployment of additional

beaconsat new points to augmentan existing infrastructureof beacons.

Our solutionis novel in that it is empiricallydetermined— basedon ac-

tual measurementsof the terrain ratherthanon an idealizedmodel. We

have developedandevaluatedthroughsimulationandexperiment,several

algorithmsfor this purpose.We discussthedesignspaceandpresentour

algorithms,evaluationresultsandfuturework. GRID is the�r st algorithm

that usedrobotic mobility to heal and self-con�gure an unattendednet-

work [BHE01a]. HEAP is a localizedalgorithmthatautomatestheplace-

mentof new beacons.

– Alternatively, evenif beaconsweredenselydeployedto provideredundant

coverage,wemaynotwantto keepall of themoperationalsimultaneously.

We developSTROBE, analgorithmthatexploits deploymentredundancy

to improvesystemlifetime, without degradingthequalityof localization.

Our solutionsto beaconplacementnot only apply to other localizationsystems,but

alsoprovide a methodologyandcasestudy in tuning network densityasa function

of the level (�delity) of network servicerequired,thatcanbeappliedto severalother

problemsin denselydeployedsensornetworks.

1.5 DissertationOverview

The remainderof this dissertationis organizedas follows. In the next chapter, we

survey relatedwork in the�elds of localizationat large,andadaptiveprotocoldesign

in sensornetworks.

Chapter3 preciselyde�nesthenetwork modelthatweassumefor all of ourwork.
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Wealsopresentourassumptionsof nodesandargueourdesignprinciplesof localized

algorithms.

Chapter4 describesour researchmethodologyandwirelesstestbed.

In Chapter5, we discussthe design,implementationandevaluationof our RF-

basedlocalizationsystembasedon theprinciplesdescribedin Chapter3.

In Chapter6, we discusstherole of self-con�guringbeaconsystems.Chapters7,

8, 9 explore threedifferentformsof beaconself-con�guration. We alsopresentsim-

ulation andexperimentalresultsthat demonstratethe advantagesof self-con�guring

beaconsystems.

Finally, in Chapter10, we identify a numberof remainingchallengeswith our

approach,presentplansfor future work, identify applicationsthat bene�t from a lo-

calizationsystemsuchas ours, andnew researchproblemsin sensornetworks and

provide referencesto our implementationandsimulationframework.
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CHAPTER 2

Background and RelatedWork

Whatwehavelearnedfromothers,becomesour ownby re�ection.

—RalphWaldoEmerson

Thereal voyage of discoverycomesnot in seekingnew landscapesbut in

havingnew eyes.

—MarcelProust

Localizationis by naturean interdisciplinaryprobleminvolving several areasof

computerscienceandrelevant to many kindsof engineeringsystems.Consequently,

researchhasproceededon both the systemsandalgorithmicfronts in computersci-

ence.

In thischapter, wesurvey backgroundresearchandwork relatedtoourself-con�guring

localizationsystemframework. Ratherthanattemptto cover theentirespectrumof re-

searchin location-awarecomputingor even in localization,we will concentrateon

areasthataremostrelevantto thework in this dissertation1. In thenext few sections,

wesurvey relatedwork in eachof thefollowing areas:

localizationsystems,
�

Our discussionis not strictly chronological. Sincethis work was amongthe earliestefforts to
addressnodelocalizationin adhocsensornetworks,severalof thelocalizationtechnologiesfor sensor
networks(includingCricket[PCB00, PMB01], [DPG01], [ACZ01], APS[NB00]) andadaptive sensor
network protocols(includingSPAN [CJM01]) discussedhereweredevelopedsubsequentto ourwork.
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robustpositionestimationalgorithms,

techniquesfor localizationerrorreduction,

systemdeploymenttechniques,and

adaptivenetwork protocols

2.1 Localization Systems:An Overview

In this section,we review previouswork in localizationsystemsfor ubiquitouscom-

putingandotherapplications.We review why state-of-the-artdevelopmentsin local-

ization systemsdo not meetthe requirementsandmotivateour approach.We focus

on:

measurementtechniquesfor obtainingconstraints(ranges,angles,proximity)

thatcorrelateunknown positions,

systemarchitecture,and

robustpositionestimationalgorithms

2.1.1 MeasurementTechniques

Measurementtechniquesfor localizationincluderangingfrom radioTime Difference

of Arrival techniques[HLC92,WL98,AET, TIM], rangingusingradioandsound[WJH97,

PCB00], triangulationfrom camera-images[OK93] and video [RS00], radio signal

strengthmeasurements[BP00b, HWB00] and measurementsof radio connectivity

[BHE00, DPG01]. We canbroadly classify them as �ne-grained or coarse-grained

localizationmethods,dependingonthegranularity(or error)of theobtainedmeasure-

ments,andalsosub-classifythemasranging,directionality, pattern-matchingbased
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Figure2.1: Localizationfrom rangemeasurements.

systems,dependingon thetypeof measurements.

Fine-grainedlocalizationmethodstypically estimaterangesor anglesrelative to

beaconsandcomputethe locationof the unknown nodeusingtrilateration (position

estimationfrom distanceto threepoints, seeFigure 2.1) or triangulation (position

estimationfrom anglesto threepoints,seeFigure2.2).

2.1.1.1 Ranging-basedSystems

Themostpopularmeasurementtypeis ranging.Therearetwo methodsto obtainrange

measurements— timing andsignalstrength.Weexploreboththeseapproachesbelow.

Timing

The distancebetweena client nodeanda beaconmay be inferred from the time of

�ight of thecommunicationsignal.

The time of �ight may be calculatedusing the timing advancetechniquewhich

measuresthe amountthe timing of the measuringunit hasto be advancedin order

for the received signal to �t into the correcttime slot to be in phasewith an inter-

nally generatedsignal.This techniqueis usedin theGlobalPositioningSystem(GPS)

[HLC92] andPinpoint [WL98], which estimatedistancefrom the radio signal time
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of �ight. GPSmeasuresone-way �ight time, whereasPinpoint's Local Positioning

System(LPS) measuresround-trip time (therebyeliminatingthe needfor time syn-

chronization).

GPSis a wide-arearadio positioningsystem. In GPS,eachsatellitetransmitsa

uniquecode,a copy of which is createdin real time in the userset receiver by the

internalelectronics.Thereceiver thengraduallytime shifts its internalclock, until it

correspondsto thereceivedcode,aneventcalledlock-on. Oncelockedon to a satel-

lite, the receiver can determinethe exact timing of the received signal in reference

to its own internal clock. If that clock were perfectly synchronizedwith the satel-

lite's atomicclocks,thedistanceto eachsatellitecouldbedeterminedby subtracting

a known transmissiontime from the calculatedreceive time. In real GPSreceivers,

theinternalclock is not quiteaccurateenough.An inaccuracy of a meremicrosecond

correspondsto a300m error.

Pinpoint's 3D-iD system[WL98] is a Local PositioningSystemthatcoversanen-

tire three-dimensionalindoorspaceandis capableof determiningthe3-D locationof

itemswithin thatspace.TheLPSsubdividestheinteriorof thebuilding into cell areas

that vary in sizewith the desiredlevel of coverage.The cells areeachhandledby a

cell-controllerwhich is attachedby acoaxialcableto upto 16antennas.It providesan

accuracy of 10mfor mostindoorapplications,althoughsomemayrequireaccuracy of

2m. Themaindrawbackof this systemis thatit is centralizedandrequiressigni�cant

infra-structuralsetup.

Active Bat[WJH97],the acousticrange-�nder[Gir00], Cricket [PCB00], Cricket

Compass[PMB01] andAHLoS [SHS01a] makeexplicit time-of-arrivalmeasurements

basedontwo distinctmodalitiesof communication,ultrasoundandradio,whichtravel

at vastlydifferentspeeds(
�

�

	����


 and
���

� 	��	���


 respectively), enablingthe radio

signal to be usedfor synchronizationbetweenthe transmitterand the receiver, and
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theultrasoundsignalto beusedfor ranging. TheActive Bat system,however, relies

on signi�cant effort for deployment indoorsand may not work very well outdoors

becausethey all usea single transmissionfrequency (40 kHz), andhencethereis a

highprobabilityof interferencefrom otherultrasoundsources.

Signal Strength

An importantcharacteristicof radio propagationis the increasedattenuationof the

radio signal as the distancebetweenthe transmitterand receiver increases.Radio

propagationmodels[Rap96]in variousenvironmentshave beenwell researchedand

have traditionallyfocusedonpredictingtheaveragereceivedsignalstrength(RSSI)at

a givendistancefrom thetransmitter(large-scalepropagationmodels),aswell asthe

variability of thesignalstrengthin closeproximity to a location(small-scaleor fading

models). In the RADAR system[BP00b,BP00a] (andalso in SpotON[HWB00]),

BahlandPadmanabhansuggestestimatingdistancebasedonsignalstrengthin indoor

environments. They computedistancefrom measuredsignalstrengthby applyinga

Wall AttenuationFactor(WAF) basedsignalpropagationmodel. Thedistanceinfor-

mationis thenusedto locatea userby trilateration.This approach,however, yielded

lower accuracy thanradiomappingof signalstrengthcorrespondingto variousloca-

tionsfor their system.Their radio-mapping-basedapproachis quiteeffective indoors,

unlikeours,but requiresextensiveinfra-structuraleffort, makingit unsuitablefor rapid

or adhocdeployment.

2.1.1.2 SignalPattern Matching

Another�ne-grainedlocalizationtechniqueis theproprietaryLocationPatternMatch-

ing technology, usedin theU.SWirelessCorporation's RadioCamerasystem[RAD].

Insteadof exploiting signaltiming or signalstrength,it reliesonsignalstructurechar-
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Figure2.2: Localizationfrom directionalityor angleconstraints.

acteristics.It turnsthemulti-pathphenomenonto surprisinglygooduse:by combing

themulti-pathpatternwith othersignalcharacteristics;it createsasignatureuniqueto

a given location. The RadioCamerasystemincludesa signalsignaturedatabasefor

a locationgrid of a speci�c servicearea. To generatethis database,a vehicledrives

throughthecoverageareatransmittingsignalsto a monitoringsite. Thesystemana-

lyzestheincomingsignals,compilesauniquesignaturefor eachsquarein thelocation

grid, and storesit in the database.Neighboringgrid points are spacedabout30m

apart. To determinethe position of a mobile transmitter, the RadioCamerasystem

matchesthetransmitter's signalsignatureto anentry in thedatabase.Thesystemcan

usedatafrom only a singlepoint to determinelocation. Moving traf�c andchanges

in foliageor weatherdo not signi�cantly affect thesystem's capabilities.TheNibble

system[CCK01] similarly estimateslocationfrom signalintensityusingBayesianin-

ferencealgorithms.Themajordrawbackof thesetechniques,aswith RADAR, is the

substantialeffort neededfor the generationof the signalsignaturedatabase.Conse-

quently, they arenotsuitedfor theadhocdeploymenttechniquesthatinterestus.
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2.1.1.3 Dir ectionality-basedSystems

Anotherwayof estimatinglocationis to estimatetheangleof eachbeaconwith respect

to theclientnodein somereferenceframe.Thepositionof theclientnodecanthenbe

computedusingtriangulationmethods.

An importantexampleof directionality-basedsystemsaretheVOR/VORTAC sta-

tions[VOR], whichwereusedfor longdistanceaviationnavigationprior to GPS.The

VOR stationtransmitsa uniqueomnidirectionalsignal that allows an aircraft aloft

to determineits bearingrelative to the VOR station. The VOR signal is electrically

phasedsothat thereceivedsignalis in variouspartsof the360degreecircle. By de-

terminingwhich of the360differentradialsit is receiving, theaircraftcandetermine

thedirectionof eachVORstationrelative to its currentposition.

Small aperturedirection�nding is anotherdirectionalitybasedtechniqueusedin

cellularnetworks. It requiresa complex antennaarrayat eachcell site location. The

antennaarrayscanin principle work togetherto determinethe angle(relative to the

cell site) from which a cellular signaloriginated. Whenseveral cell sitescandeter-

mine their respective anglesof arrival, the cell phonelocation can be estimatedby

triangulation.Therearetwo drawbacksof thisapproachwhichmakeit inapplicableto

our applicationdomain.Thecostof thecomplex antennaarrayimplies that it canbe

placedonly at thecell sites.Second,thecell sitesareresponsiblefor determiningthe

locationof theclient node,which will not scalewell whenwehave a largenumberof

suchnodesanddesirea client-basedapproach.

Directionalitybasedsystemsarenotveryeffectivein indoorenvironmentsbecause

of multi-patheffects.
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Figure2.3: Localizationfrom connectivity constraints.

2.1.1.4 Proximity-basedSystems

Coarse-grainedlocalizationmethodsestimateunknown nodelocationfrom proximity

to beacons,asin Figure2.3). Oneof theearliestsuchsystemswastheActive Badge

system[WHF92] developedin 1991. Here,eachpersonor object is taggedwith an

Active Badge.Thebadgetransmitsa uniqueInfra Red(IR) signalevery 10 seconds,

which is received by sensorsplacedat �x ed positions(beacons)within the building

andrelayedto the locationmanagersoftware. Thelocationmanagersoftwareis able

to provide informationaboutthe person's locationto the requestingservicesandap-

plications.

AnothersystembasedonIR technologywasdevelopedby Azumain 1992[Azu93]

andis theprecursorto the currentHiBall trackingsystemat the Universityof North

Carolinaat ChapelHill [WBV99]. This systemrequiresIR transmittersto belocated

at �x edpositionsinsidetheceilingof thebuilding. An opticalsensorsittingonahead-

mountedunit sensesthe IR beacons,andsystemsoftwaredeterminesthepositionof

theperson.
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Both theseIR-basedsolutionsperformquitewell in indoorenvironments,because

IR rangeis fairly smallandcanbelimited to thelogical boundariesof a region, such

asa room(by walls). On theotherhand,thesametechniquecannotbeaseffectively

appliedusingradio in indoor environments,becauseradio propagationin indoor en-

vironmentssuffersfrom severemulti-patheffectsthatmake it impossibleto precisely

control the radio range. The short rangeof IR, which facilitateslocation is also a

majordrawbackof thesesystemsbecausethebuilding hasto bewired with a signif-

icantnumberof sensors.In the few placeswheresuchsystemshave beenphysically

deployed, sensorshave beenphysicallywired in every room of the building. Such

a systemscalespoorly, andincurssigni�cant installation,con�guration, andmainte-

nancecosts. IR tendsto performpoorly in thepresenceof direct sunlightandhence

cannotbeusedoutdoors.Anotherdrawbackis thatit is a trackingsystemratherthana

self-localizationsystem.

More recently, Dohertyet al [DPG01]hasalsoproposedtechniquesfor localiza-

tion from radio-connectivity. However, unlike our approach,theirsis centralizedand

requiresthatnodesdeliverconnectivity informationto a centralizedprocessor, for so-

lution asaconvex optimizationproblem.Evenallowing for acentralizedsolution,the

constraintsin theproblemaresusceptibleto errors,sincelack of connectivity implies

greatseparatingdistance,thoughnearbynodesmayjust beblockedby anobstacleor

intermittentnoise.Inaccuraciesmight causesolutionsto oscillateor, worseyet,make

theprobleminfeasible.

2.1.2 SystemAr chitecture

Localizationsystemsusingsimilar measurementtechniquescan differ considerably

in their systemarchitecture.For instance,Active Bat, theGALORE Panel[GBE02],

andCricket all userangingbasedon acousticandradio signals,but their systemar-
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chitecturesarecentralized,hierarchicalanddecentralizedrespectively. Thedesignof

a localizationsystemis largely in�uencedby applicationrequirements— suchasthe

requirementfor highly accurateor real time positionestimation.Thesystemcouldbe

either

tightly coupled(usesbeaconsthatarewired to acentralizedcontrollerand

placedat �x edpositions)or

looselycoupled(usesbeaconsthatarewirelessandcoordinatein acompletely

decentralizedmannerwith no centralcontrol).

2.1.2.1 Tightly coupledsystems

Severalof the traditionalandmaturelocalizationtechnologieshave a tightly coupled

systemarchitecture,motivatedby applicationrequirements.TheseincludetheActive-

Batsystem[WJH97]developedfor sentientcomputingapplications[ACH01]andthe

HiBall Tracker [WBV99] designedfor virtual reality applications.Theseapplications

havehighaccuracy andreal-timetrackingrequirements.

Problemsof time synchronizationand coordinationamongstbeaconsare easily

resolved becausethesesystemsare wired and have a centralizedcontroller. These

systemsthereforeachieve high accuracy. But the drawback is that the centralized

position estimationlimits the numberof devices thesesystemscan simultaneously

track (HiBall). Secondly, wiring signi�cantly impedesdeployment. A key research

challengein thesesystemsis achieving similargranularityoutdoorswheredeployment

cannotbecontrolledandwiring maybeinfeasible.
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2.1.2.2 Looselycoupledsystems

Motivatedby deploymentconcerns,recentlyproposedlocalizationsystems[BHE00],

Cricket [PCB00] andAHLoS [SHS01a]aredecentralizedandcompletelywireless.

They sacri�ce the accuracy of tightly coupledsystemsfor easeof deployment,and

scalability to large numbersof devices. They rely on a systemof beacons,eachof

whichperiodicallytransmitsanadvertisementcontainingits position.Clientscompute

their positionbasedon theadvertisementsthey receive.

Becausebeaconsarewirelessanddeployedin anadhocmanner, beaconcoverage

is not guaranteed.Due to the lack of centralizedcontrol, thereis no explicit coordi-

nationamongstbeacons.Thusbeaconscancontendandself-interferewhenemitting

a signal (radio, acousticetc.). Theseproblemsneedto be addressedfor large scale

deployment.

2.1.3 Robust Position Estimation Algorithms

Besidesrangingtechniquesand architecturalissuesin systemdesign,a third com-

ponentof a localizationsystemis a robust algorithmfor positionestimation.In this

section,wediscussthreeclassesof algorithmsfor robustpositionestimation,namely

MonteCarloLocalization

Convex Optimization

IterativeMultilateration

2.1.3.1 Monte Carlo Localization

In the �eld of mobile robotics,localizationhasbeenreferredto as“the mostfunda-

mentalproblemto providing a mobile robotwith autonomouscapabilities”[Cox91].

Environmentalobstructionssuchaswalls,moving peopleandobjects,cangreatlyin-

20



terferewith thesensingcapabilitiesof a mobile robot. Statisticaltechniquesprovide

a meansto representuncertaintyin sensormeasurements.For example,robot local-

ization is just an exampleof a statisticalinferenceproblemon Lie groups[Sri96].

Consequently, the focusherelies on robust positionestimationin real-timethrough

probabilisticlocalizationtechniquesthataccountfor unpredictablesensingerror.

An interestingdevelopmentin probabilisticlocalizationalgorithmsfor mobilerobot

navigationhasbeenMonteCarloLocalization(MCL) [TFB01]. MCL algorithmsrep-

resenta robot's belief by a setof weightedhypotheses(samples),which approximate

theposteriorunderacommonBayesianformulationof thelocalizationproblem.These

algorithmsarecomputationallyef�cient, versatile,resource-adaptiveandrobustunder

a rangeof circumstances.However, thesealgorithmshave beendesignedto localize

a singlemobile robot (with PC-classcomputationalhardware)with respectto its en-

vironment. Consequently, they have not addressedissuesof scalabilityor hardware

constraints.

2.1.3.2 ConvexOptimization

Oneway to formalizetheproblemof estimatingnodepositionsin a sensornetwork,

is to expressrelations(angular, rangeetc.)betweendifferentpairsof nodes(known or

unknown) asa setof convex constraints.Dohertyhasproposedconvex optimization

techniques[DPG01]for solvingthepositionestimationproblemin sensornetworksin

anoff-line, centralizedmanner. Theadvantageof thisapproachis thatit requiresvery

few references(or beacons)sinceall systemconstraintsaresolvedglobally. However,

thisalgorithmis notvery robustto failures— whenthereareambiguitiesin measure-

ments.
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2.1.3.3 Iterati veMultilateration

Multilaterationis theproblemof estimatinga node's positionfrom rangesto threeor

moreknown nodes(beacons).If not all nodeshave rangesto at leastthreebeacons,

their positionsmustbeestimatedthroughaniterativeprocess.Savvideset al haveex-

plorediterativetechniquesfor robustpositionestimationin sensornetworks[SHS01b].

Iterative techniquesincuradditionalenergy costsin communication,andarenotguar-

anteedto be completelyfault tolerant. Suchtechniqueshave alsobeenexploredby

[ACZ01,NB00].

2.1.4 Summary of Localization Work

In the previous sections,we summarizedrelatedwork in a numberof areasrelevant

to the localizationissuesin this thesis,namely: localizationsystems,algorithms,and

sensingtechniques.

Mostproposedsystemshavefocusedonthelocalizationtechnology, relyingeither

on sophisticatedhardwarecapabilitiesof devicesor on centralizedapproachesincor-

poratingextensive infrastructureandplanning.

Althoughtheseresearchefforts provide a rich spectrumof work to build on,none

of thesecontributionshavecompletelysolvedtheproblemof localizationin verylarge,

adhocdeployedsensornetworks.

This work proposesa decentralized,low-costandhardwareindependentapproach

cansubstantiallyincreasethescalabilityandviability of the localizationsystem,and

is describedin moredetail in Chapter5. A detaileddiscussionof variousproposed

localizationsystemsis givenin [BHE00] and[HB01].
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2.2 Localization Err or Reduction: An Overview

Any deployedlocalizationsystemis subjectto errorsfrom many sources.In this sec-

tion, we discussthevarioussourcesof localizationerror, theapproachesdevelopedto

addressthem,andtheir shortcomings.

2.2.1 Sourcesof Localization Err or

Localizationerror in thesesystemsstemsfrom threemain sources.Beaconunavail-

ability iscausedduetosparsebeacondeploymentor radiopropagationvagaries[Rap96])

that affect the visibility of beaconsthat shouldbe in range. If the numberof bea-

consis not suf�cient, thena positionestimatecannotbe obtained.Poor calibration

causesmeasurementerrorswhosemagnitudevariesdependingon the rangingtech-

nologyused,precisionof time synchronizationandthequality of equipment.Beacon

placementanddensityessentiallycontrol localizationgranularityin proximity based

localizationsystemssuchas[BHE00, DPG01](seeFigure2.3). Thegeometricrela-

tionshipbetweenbeaconscontrolslocalizationgranularityin multilaterationsystems

thatestimatepositionfrom distancesto threeor morebeacons(seeFigure2.1),dueto

theuncertaintyin rangemeasurements[War98].

2.2.2 Err or ReductionApproaches

Researchersnormallyusethefollowing approachesto reducelocalizationerrorin their

systems.

Geometricand Statistical Tests The�rst approachis a computationalapproachand

is usedin [WJH97,PCB00]. Thekey ideais to combinesimplegeometriccon-

sistencychecks andstatisticalteststo identify andeliminateincorrectdistance
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measurementsanddealwith Gaussiannoisein measurements.

Multiple SensorModalities Geometricand statisticaltestsalonecannoteliminate

non-Gaussiannoise.An exampleof suchnoiseis thenonline-of-sight(NLOS)

problem. A secondapproachto eliminatespuriousnon line-of-sight readings

(non Gaussianerror) is to usemultiple but orthogonalsensingmodalities(for

example,acousticandoptical ranging)[GE01a].However, it cannotbeapplied

to endnodeswhich mustrely solelyon radiocharacteristicsto determineloca-

tion.

Ultra Wide Band (UWB) Ranging A promisingnew technologyon the horizon is

ultra-widebandradioranging[AET, TIM]. Becauseultra-widebandsignalshave

much higher signal bandwidththan narrow-band signals, they can penetrate

throughwallsandotherobstacles,therebyavoidingnon-line-of-sightconditions.

Thetechnologyhowever, is still underdevelopmentandnot robustto foliage.

2.2.3 Summary of Err or Reduction Work

Wehavesummarizedthesourcesof localizationerrorandtwo approachesto localiza-

tion error reduction:namely, geometricandstatisticaltestsandcombiningmeasure-

mentsfrom multiple sensormodalities. While theseapproachescan locally reduce

error, to achieve a uniform localizationgranularityacrossthe terrain,we needto ad-

dressthecomplementaryproblemof infrastructuredeployment.

2.3 SystemDeploymentTechniques:An Overview

When localization is accomplishedusing beacons,the questionof whereand how

many of thesebeaconsshouldbeplacedor deployedarises.Severalotherresearchers
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have also stressedthe signi�cance of beaconplacementin determiningthe overall

qualityof aservicesuchaslocalizationor coverage[PCB00, MKP01].

An idealplacementof beaconsshouldusethefewestpossiblenumberof beacons

to provide uniform andfull coverageof theareaof interest.So far, researchershave

triedto addressbeacon(or node)deploymentissuesusingeitherguidelines(in�uenced

by environmentconditionsandapplicationrequirements)or optimalplacementalgo-

rithms. In this section,we review thesetechniquesanddiscusstheir drawbacks.

2.3.1 Guidelines

The Cricket LocationSupportSystem[PCB00], which is alsoproximity based,pro-

posesdeploymentguidelinesfor beaconsin indoor environmentsbasedon practical

considerations.Wheneverabeaconis placedto demarcateaphysicalor virtual bound-

arycorrespondingto adifferentspace,it mustbeplacedata �x eddistanceaway from

the boundarydemarcatingthe two spaces.Suchplacementensuresthat a receiver

rarelymakesawrongchoice,unlesscaughtwithin asmalldistancefrom theboundary

betweentwo beaconsadvertisingdifferentspaces.

Whenrangingis basedon measurementsof signal time-of-�ight, the transmitter

andreceiver musthave line-of-sight. In non line-of-sightconditions,the signalmay

takeare�ectedpath,therebyleadingto anincorrectrangemeasurement.To maximize

thelikelihoodof line of sightto beacons,theActiveBatsystem[WJH97] usesceiling

mountedbeacons.Both Active Bat and the HiBall Tracker [WBV99] usemassive

redundancy in beacondeploymentto improveposition-estimation.

25



2.3.2 Optimal Placement

Anotherapproachto addressingthe deploymentproblemis to formulateit asan op-

timal placementproblem. Optimalplacementproblemshave beenstudiedin various

contexts by researchersincluding facility location(theory[CGS99]) andpursuiteva-

sionproblemsin robotics( [GLL99]).

2.3.2.1 Art Gallery and Pursuit Evasion

In robotics,art galleryandpursuitevasion[GLL99] problemshavebeenwell studied.

In the art-gallery analogy, the robot's goal is to move from onepositionto another

to maximizevisual coverageof its surroundings,as a humanmight try to do in a

gallery. A complementarysetof approachesaddressesthepursuit-evasionproblemin

which a robot tries to move soasto evadeobservationor captureby mobile trackers.

However theseapproachesarebasedon modelingtheenvironmentasa polygonand

arebestsuitedfor vision-basedlocalizationandtrackingsystemssuchas[HMS02].

They accountfor neitherthenoisenor thewidevarietyof terrainconditionsonewould

expectto encounterfor adhocsensornetworks.

2.3.2.2 Facility Location

Facility Location[CGS99, SC99] problemsareawell known classof theoreticalcom-

puterscienceproblemsandhave beenthesubjectof extensive researchover thepast

thirty-� ve years.In thesefacility locationproblems,thereis a setof locations,where

thecostof building a facility at location
�

is ���

���

; furthermore,thereis a setof client

locations(suchasstores)that requireto be servicedby a facility, and if a client at

location � is assignedto a facility at location
�

, acostof ���

�
	

�

�

is incurred.Theobjec-

tive is to determinea setof locationsat which to openfacilities,soasto minimizethe
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total facility andassignmentcosts. SincetheseproblemsareNP-hard,it is unlikely

that thereexist ef�cient algorithmsto �nd optimal solutions. Instead,the focushas

beenon designingalgorithmsthatareguaranteedto �nd solutionswithin a particular

factorof theoptimum.Solutionsarebasedon linearrelaxationsto thenaturalinteger

programmingformulationsthatyield extremelygoodlowerbounds.

2.3.3 Of�ine Analysis

Researchershave recognizedthat thesesystemswill be deployed at large in an ad

hocfashion,without controlling theplacementof eachandevery node. Instead,they

havefocusedondevelopingtechniquesto identify problemsin adeployedsensor�eld.

For example,Megeurdicherianetal [MKP01] proposesolutionsto coverageproblems

in wirelessad hoc sensornetworks given global knowledgeof nodepositionsusing

Voronoidiagrams[Aur91] tocomputemaximalbreachpathsand�nd gapsin coverage.

2.3.4 Summary of SystemDeploymentTechniques

The techniquesdiscussedfor systemdeploymentarea) not scalableto large sensor

networks, b) not suitablefor rapid deploymentandc) not generalizableto a variety

of environmentsandsystems,sufferingunknown andunpredictableradiopropagation

vagaries.

It is virtually impossibleto precon�gureto suchterrain andpropagationuncer-

taintiesandcomputea satisfyingbeaconplacementto achieve uniform localization

granularityacrosstheterrain.

Theseconsiderationsmotivateourwork. Thefocusof thisdissertationis thedesign

of beaconplacementalgorithmsbasedon two complementarydistributedanddensity-

adaptiveapproaches,describedin Chapters7, 8 and9.
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2.4 AdaptiveNetwork Protocols:An Overview

To ourknowledge,measurement-basedadaptivealgorithmsfor beaconplacementhave

not beenpreviously studiedin thenetworking literature.However, our work hasbeen

informedandin�uencedby a varietyof otherresearchefforts in several �elds, which

wenow describe.

2.4.1 AdaptiveProtocolsin the Inter net

The Internethasevolved from a small, well controlled,cooperative experimentinto

anenormous,chaotic,competitive infrastructure.While this hasalloweda systemof

enormousscale,it hasalsoput a lot of pressureon theunderlyinginfrastructure.Em-

pirical (or measurement-based)adaptationhasservedasa powerful designprinciple

in Internetevolution — for variousnetworking protocols,includingtheTransmission

ControlProtocol(TCP)[Jac88],ScalableReliableMulticast(SRM)[FJL95], andmea-

surementbasedadmissioncontrol[JDS95].

TCPadaptively setsits timersor congestioncontrolwindows basedon roundtrip

time measurementsin orderto adaptto a wide rangeof link bandwidthswhile main-

taininghighperformance[Jac88].

Algorithmsin theScalableReliableMulticastframework (SRM) [FJL95]dynami-

cally adjusttheircontrolparametersbasedonobservedperformancewithin amulticast

session.This allows applicationsusingtheSRM framework to adaptto a wide range

of groupsizes,topologiesandlink bandwidthwhile maintainingrobustandhigh per-

formance.

The measurementbasedadmissioncontrol algorithmdescribedin [JDS95]uses

ongoingmeasurementsratherthanapriori characterizationto determinebehavior of

existing �o ws,which enablesit to providepredictiveservicewith fairly reliabledelay
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boundsatnetwork utilizationsigni�cantly higherthanthoseachievableunderguaran-

teedservice.

2.4.2 AdaptiveProtocolsin SensorNetworks

Within thecontext of unattendedadhocsensornetworks,thedesignof adaptivealgo-

rithmsasaself-con�guringmechanismis aburgeoningareaof research.For instance,

the AFECA algorithmproposedin [XHE00], exploits nodedeploymentdensityand

demonstratesadaptive �delity . It adaptssleeptimesbasedon nodedensity, scaling

backnodedutycycles(andsoreducingrouting“�delity”) whenmany interchangeable

nodesarepresent.This allows it to substantiallyincreasethe network lifetime. AS-

CENT [CE02],GAF [XHE01] andSPAN [CJM01] similarly applytheideaof tuning

densityto tradeoperationalquality againstsystemlifetime for topologymaintenance

andenergy-ef�cient routingrespectively.

2.4.3 Summary of Adaptive Network Protocols

We discussedempirically adaptive protocolsin the Internet— to enablecongestion

control in transportprotocols,reliablemulticastthat scalesto arbitrary group sizes

andtopologies,andadmissioncontrol;andin sensornetworks— for topologymain-

tenanceand routing. The novel aspectof the work describedin this dissertationis

applyingtheconceptof empiricaladaptationto beaconplacement, in orderto enable

a localizationsystemthat can self-con�gure andcopewith a wide variety of noisy

environments.
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2.5 Summary

In thischapter, wesurveyedlocalizationsystems,systemdeploymentandlocalization

error reductiontechniques. None of the deployment or error reductiontechniques

apply for really large scalesystems.All of the scalablelocalizationsystemsignore

deploymentandmaintenanceissues.

Wedescribeanradio-beaconbasedlocalizationmethodologyin Chapter5. Wealso

show how theselocalizationsystemscanbetunedto provide probabilisticguarantees

of localizationquality.
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CHAPTER 3

Network Model

Thewirelesstelegraph is not dif�cult to understand. Theordinary tele-

graphis like a very long cat. You pull thetail in New York, andit meows

in LosAngeles.Thewirelessis thesame, only withoutthecat.

— AlbertEinstein

Sensornetworks have vastly different systemconstraintsand performancerequire-

mentsfrom traditionalpacket switchednetworkssuchastheInternetandwirelessad

hocnetworksandrequirea differentnetwork architecture.Thework in this disserta-

tion buildsheavily on thenetwork modeladvocatedby Estrinetal [EGH99] for large,

denselydeployed sensornetworks. In this chapter, we presentan overview of this

network model to provide context for our self-con�guring localizationsystem. Our

systemleveragesuponthefollowing concepts:

1. Tiered Architectures. Although Moore's law predictsthat hardware for sen-

sor networks will becomesmaller, cheaperand morepowerful, technological

advanceswill never prevent the needto make tradeoffs. Nodeswill needto

be fasteror more energy-ef�cient, smalleror more capable,cheaperor more

durable. Insteadof choosinga singlehardwareplatform that makesa particu-

lar setof compromises,we believe thataneffective designis onewhich usesa

tieredplatformconsistingof aheterogeneouscollectionof hardware.
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2. BroadcastMedia. Thewirelesschannelprovidesamediumfor broadcastcom-

munication.All nodeswithin thenominaltransmissionradiusof thetransmitter

canreceivebroadcasts.

3. Multi-hopCommunication.Theenergy costsof directlong rangewirelesscom-

municationareprohibitive. Long rangecommunicationalsoprohibitsspectrum

reuse. Therefore,in thesesystemswe usemulti-hop communicationboth to

conserve power andimprove network capacity. Thetradeoff is that thedelayis

longer.

4. LocalizedAlgorithms. A localizedalgorithmis onein which communication

within nodesis restrictedto a certainscope.Localizedalgorithmsexhibit good

scalabilityandrobustnesspropertiesandmay be ideally suitedfor large-scale,

multi-hopsensornetworks.

5. Data-centricCommunication. Unlike traditionalnetworks,a sensornodemay

not needanidentity (e.g., anaddress)1. Thatis, sensornetwork applicationsare

unlikely to askthe question:What is the temperatureat sensor# 27? Rather,

applicationsfocuson the data context generatedby sensors,e.g.,what is the

temperaturein theconferenceroom?

6. Application-speci�cIn-networkProcessing. Traditionalnetworksaredesigned

to accommodatea wide variety of applications.We believe it is reasonableto

assumethat sensornetworks can be tailored to the sensingtask at hand. In

particular, this meansthat intermediatenodescanperformapplication-speci�c

dataaggregationandcaching,or informedforwardingof requestsfor data.This

is in contrastto routersthat facilitatenode-to-nodepacket switchingtraditional

networks.
�

In somesituations,for example, for queryinga speci�c faulty sensorthe ability to addressan
individualsensoris clearlynecessary.
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In thefollowing sections,we describeeachof thesearchitecturalcomponentsthat

togetherform thefoundationfor our self-con�guringlocalizationsystem.

3.1 TieredAr chitectures

Many recentadvancesin chip integrationtechnologywill enablematch-boxsizedsen-

sornodesequippedwith abattery, apower-conservingCPU(severalhundredMHz), a

memory(severaltensof Megabytes)[KKP99].

AlthoughMoore's law [Moo] predictsthathardwarefor sensornetworkswill in-

exorably becomesmaller, cheaper, andmorepowerful, technologicaladvanceswill

never prevent theneedto make tradeoffs. Evenasour notionsof metricssuchasfast

andsmall evolve, therewill alwaysbe compromises:nodeswill needto be fasteror

moreenergy-ef�cient, smalleror morecapable,cheaperor moredurable.

Insteadof choosingasinglehardwareplatformthatmakesaparticularsetof com-

promises,we believe thataneffectivedesignis onewhich usesa tieredplatformcon-

sistingof a heterogeneouscollectionof hardware. Larger, faster, andmoreexpensive

hardware(sensors) canbe usedmoreeffectively by alsousingsmaller, cheaper, and

more limited nodes. The smallerdeviceswill tradefunctionality and �e xibility for

smallerform factor and power. Alone, they would not be adequateto supportour

sensornetwork applications[CEE01]. However, in conjunctionwith moreendowed

nodes,they signi�cantly enhancethenetwork's capabilities.Therearemany possible

advantagesto augmentingsensornodeswith smallform factortags,suchas:

� Density: Tags,by de�nition canbesigni�cantly lower costandthereforecan

bedeployedin largernumbers,moredensely, thanlarger, highercapacitysensor

nodes.

� Longevity: Tagscanbesigni�cantly lowerpowerandthereforecanbedeployed
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Figure3.1: Trendsin communicationcostsrelativeto computationcosts(Source:Gre-

gory J.Pottie).

for longerperiodsof time, or at higherduty cycles,thanlarger, highercapacity

sensornodes,particularly, if weareableto exploit higherdensity.

� Form factor: Tagsaresmallerandthereforecanbemoreeasilyandunobtru-

sively attachedto a wider varietyof targets(e.g.,for tracking,conditionbased

maintenance,andotherloggingapplications).

3.2 BroadcastMedia

Thewirelesschannelprovidesa sharedbroadcastcommunicationmedium. Wireless

channelaccesscanbearbitratedusingamultipleaccessprotocol— eithercontention-

based(CarrierSenseMultiple Access)or contention-free(TimeDivisionMultiple Ac-

cess(TDMA))[Tan96].All nodeswithin thenominaltransmissionradiusof thetrans-

mitter canreceivebroadcasts,exceptin aTDMA-network.
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Figure3.2: An illustrationof directlong rangecommunication.
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Figure3.3: An illustrationof multi-hopcommunication.

3.3 Multi-hop Communication

Communicationsis thedominantconsumerof energy in sensornetworks[PK00]. This

trendis expectedto continuein thenearfuture(seeFigure3.1).

Thesimplestwayfor asenderSandareceiverR to communicateis throughdirect-

link communication,regardlessof thedistancebetweenthem.Thisis illustratedin Fig-

ure 3.2. Theenergy costof direct long rangecommunicationis prohibitive (because

receivedsignalpower attenuatesexponentiallywith distance).Long rangecommuni-
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cationalsoprohibitsspectrumreuse[PK00].

Therefore,in thesesystemswe usemulti-hopcommunication.In multi-hopcom-

munication,asenderSandareceiverR maycommunicatethroughintermediatenodes

R andQ. This is illustratedin Figure3.3. Multi-hop communicationconservespower

[PK00] andalsoimprovesthecapacity[Sha48] of thewirelessnetwork [GK00]. The

tradeoff with multi-hopcommunicationis increasedlatency (dueto transmissionand

processingdelaysexperiencedat intermediatenodes)androutingcomplexity.

3.4 LocalizedAlgorithms

Sensornetwork coordinationapplicationsarebetterrealizedusing localized algo-

rithms.Thistermmeansadistributedcomputationin whichsensornodesonly commu-

nicatewith sensorswithin someneighborhood,yet theoverall computationachievesa

desiredglobalobjective.

Thedesignrationalefor localizedalgorithmsmaybeexplainedasfollows. Since

thesensorsthemselvesarephysicallydistributedit is naturalto designsensornetworks

usingdistributedalgorithms. Furthermore,localizedalgorithmshave two attractive

properties. First, becauseeachnodecommunicatesonly with other nodesin some

neighborhood,thecommunicationoverheadscaleswell with increasein network size.

Second,for a similar reason,thesealgorithmsare robust to network partitionsand

nodefailures.

3.5 Data-centric Communication Paradigm

Ad hoc networks refer to self-organizingnetworks of mobile wirelessnodesthat do

notdependona �x edinfrastructure.Severalroutingprotocolshavebeenproposedfor
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adhocnetworks[RT99]. Unlike traditionalnetworks,a sensornodemaynot needan

identity (e.g., an address)2. That is, sensornetwork applicationsareunlikely to ask

the question:What is the temperatureat sensor# 27? Rather, applicationsfocuson

the datacontext generatedby sensors,e.g.,whatis thetemperaturein theconference

room? Addressingmaynot evenberequiredfor network operation,nodescould just

selectrandomtransactionidenti�ers onapertransactionbasis,allowing for signi�cant

savingsin addressingoverhead[EE01].

Datais namedby attributesandapplicationsrequestdatamatchingcertainattribute

values.So,thecommunicationprimitive in this systemis a request:Wherearenodes

whosetemperaturesrecentlyexceeded30degrees?Thisapproachdecouplesdatafrom

the sensorthat producedit. This allows for morerobust applicationdesign:even if

sensor# 27 dies,the datait generatescanbe cachedin other(possiblyneighboring)

sensorsfor laterretrieval.

Directeddiffusion [IGE00] is an exampleof a scalableand robust data-centric

communicationparadigm. By eliminatingthe indirection,e.g. the mappingfrom a

nameto a nodeaddressto a route,a sensornetwork caneliminatethe maintenance

overheadassociatedwith constructingandmaintainingthesemappingsanddirectory

services[HSI01].

3.6 Application-speci�c In-network Processing

Traditionalnetworks suchas the Internetaregeneral-purposenetworks designedto

accommodatea wide variety of applications.We believe it is reasonableto assume

that sensornetworks can be tailored to the sensingtaskat hand. In particular, this

meansthat intermediatenodescanperformapplication-speci�cdataaggregationand
�

In somesituations,for example, for queryinga speci�c faulty sensorthe ability to addressan
individualsensoris clearlynecessary.
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PHYSICAL

IN-NETWORK

Adaptive Topology, Geographic Routing

Data dissemination, Storage and Caching

User Queries, External Database

Application Processing, Data Aggregation,  Query Processing

Media Access Control, Location and Time Synchronization

Communication, Sensing, Actuation, Signal Processing

Figure3.4: Layeredcommunicationsarchitecturefor sensornetworks.

caching,or informedforwardingof requestsfor data. In denselydeployednetworks,

this could lead to substantialbandwidthand energy savings [IEG02] by exploiting

correlationsin data. This is in contrastto routersthat facilitatenode-to-nodepacket

switchingin traditionalnetworkswithout examiningthecontentof data.

3.7 Summary

To closethis chapter, we illustratethecommunicationsarchitecturein Figure3.4. In

summary, tieredarchitecturesallow us to tradeform factoragainstfunctionality. We
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leveragethis idea in usinga beacon-basedarchitecturefor localization(Chapter5).

Broadcastcommunicationprovidesameansfor a transmittingnodeto simultaneously

reachseveral receiver nodes. We exploit broadcastcapabilitiesto ef�ciently imple-

mentour RF-proximity localizationsystemwithout degradingsystemresponsiveness

by having beaconsbroadcastpositionadvertisements.Multi-hop communicationcon-

serves energy and enablesspectrumreuse. Localizedalgorithmsenablescalability

androbustnessbesidesconservingenergy in a multi-hop network. Hence,our algo-

rithmsfor nodelocalization(Chapter5) andself-con�guration(Chapter9) arelocal-

ized algorithms. Data-centriccommunicationssimpli�es network maintenanceand

con�guration by eliminating the indirection of namingnodesand binding them to

nodeaddresses.It alsomotivatesnodelocalization(Chapter5), sincelocation is a

naturalway to namedatain aphysicallycoupledsensornetwork. In-network process-

ing conservesbandwidthandenergy. Weleveragein-network processingto selectively

propagateonly thedataitemswith maximumutility in theHEAPapproachfor beacon

self-con�gurationdescribedin Chapter8. In short,thesedesignprinciplesarerequisite

to aneffectiveandscalablesensornetwork,andaltogethercompriseasolidfoundation

for our self-con�guringlocalizationsystem.
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CHAPTER 4

Experimental Methodologyand Wir elessTestbed

Whatweobserveis not nature itself, but nature exposedto our methodof

questioning.

—WernerHeisenberg

It is a capital mistake to theorizebefore one has data. Insensiblyone

beginsto twist factsto suit theoriesinsteadof theoriesto suit facts.

—Sherlock Holmes,in TheWholeArt of Detection,bySir Arthur Conan

Doyle

Our goal is to enablelocalizationthat is scalable,ad hoc deployableandenergy

ef�cient andrequiresminimumcon�guration. To achieve this goal,we usea combi-

nationof analysis,simulation,design,implementationandperformancemeasurement.

In thischapter, wedescribethemethodologyandtoolsusedto performtheresearch

reportedin thisdissertation.We startby describingour researchmethodologyandthe

simulationenvironmentweused,followedby thedetailsof theLECS(Laboratoryfor

EmbeddedCollaborative Systems)andSCADDStestbedsandthedifferentnetworks

(nodes)that form the testbed. We concludethis chapterwith a descriptionof our

measurementtechniquesandperformancemetrics.
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4.1 Research Methodology

Ourgeneralresearchmethodologyinvolvesthreephases.In the�rst phase,weanalyze

the problemsthat could affect RF-basedlocalizationperformanceby measuringthe

propertiesof radiopropagationin deployedwirelessnetworks. This analysisis done

usingdifferent transmissionworkloads,whosecontrol parametersincludethe inter-

framespacing,densityof nodes,transmitpower level, transmitter-receiver distance,

areaof deploymentetc. Using the tools describedin Section4.4, we collect packet-

level tracesandanalyzethemin detail. This analysisyieldsa betterunderstandingof

the reasonsfor the degradedperformance,andalsogivesus dataon realisticvalues

for thedifferentparametersin thenetwork elements,suchasbandwidths,delays,error

andradioconnectivity patterns,etc.

Thegathereddataandintuition on thenatureof theproblemsserve asthestarting

point for thesecondphase,simulation. Simulationis apowerful approachthatenables

rapidprototypingof variousideasandsolutions,andallows us to explore thedesign

spaceof parametersandalgorithmsmorethoroughlythanin a direct implementation.

It alsohelpsus“time travel” andexplorepossibletechnologytrendsthathelpuspredict

what performancemight be achievable in the future using different solutions. The

principaladvantageof simulationis in having a controlledenvironmentin which we

cananalyzeproblemsanddesignsolutions,explorea widevarietyof alternatives,and

comparethemequitably.

After obtainingagoodunderstandingof theproblemvia measurementandsimula-

tion, we move to thethird phase,implementation.Here,we implementthepromising

solutionsfrom thesimulationphasein ourexperimentaltestbed.

After completinganinitial implementation,we proceedto the performanceeval-

uation phase,which leadsbackto our analysisphase.Here,we measurethe perfor-
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manceof ournew algorithmsandprotocolsunderdifferentenvironmentalandnetwork

conditions,andgatherpacket-level tracesto understandthereasonsfor observedper-

formance. When we cannotexpect to completelyexplore how the implementation

performsundera wide varietyof emulatedradiopropagationconditions.Finally, we

comparethe resultsof thesemeasurementsto the resultsobtainedfrom simulation.

This helpsus tune the implementationto perform well, and also helpsus identify

shortcomingsin thesimulationsthatwecorrectto accuratelyre�ect reality.

The restof this chapterdiscussesour simulationenvironment,the experimental

networksin ourwirelesstestbed,andthemeasurementtechniquesandtheperformance

metricsweused.

4.2 Simulation Envir onment

Simulationis aninvaluabletool in networking researchandour work is no exception

to this generalrule. The advantagesof simulationarerapid prototyping,beingable

to vary a wide rangeof parametersin a controlledfashionrepeat-ably, which is not

alwayspossiblein realimplementations.

Selectingthe correctlevel of detail (or level of abstraction)for a simulationis a

dif�cult problem. Choicesaboutdetail areparticularlydif�cult for wirelessnetwork

simulations[HBE01]. In sensornetwork simulation,thesechoicesincludethe topol-

ogymodel,radiopropagationmodel,andthepowerconsumptionmodel.

4.2.1 TopologyModels

Becausepacketsarebroadcastoveranunguidedwirelessmedium,thenetwork topol-

ogy is a functionof theradiopropagationmodelandthedistributionof nodes.

Nodeswereeitherdistributeduniformly or uniformly atrandomin asquareterrain.
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Thereis anedgebetweentwo nodesif thereis radioconnectivity betweenthem.

4.2.2 Radio PropagationModels

A radio propagationmodel predictsthe received signal power as a function of the

transmitterandreceiverpositions.To receivepacketssuccessfully, thereceivedsignal

powermustexceedacertainthreshold.

In orderto evaluateouralgorithmsunderdifferentpropagationconditions,wecar-

riedoutour simulationsfor

idealradiopropagationconditions

noisyradiopropagationand

a terrainbasedshadowing modelbasedon abitmapof theenvironment.

4.2.2.1 Ideal Radio Propagation

The Friis free spacemodel[Rap96] is an ideal radio propagationmodel,which pre-

dicts thereceivedsignalpower asa deterministicfunctionof thedistance
�

from the

transmitteras

�

�

�

�

�

�

�

��� ��� �����

�
	

�

�

���

(4.1)

where
�

� is the transmittedpower � � and � � are the antennagainsof the transmit-

ter and the receiver respectively. �

�

�
�

�

�

is the systemlossand � is the system

wavelength.It is normalto select� �

�

� �

���

and �

���

in simulations.
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4.2.2.2 NoisyRadio Propagation

To studythe impactof noiseon our beaconplacementalgorithms,we modelrandom

propagationnoiseasfollows. For eachbeacon�eld, connectivity to any beacon
�

at

any givenpoint
�

is determinedbasedona noisemodel.

In ournoisemodel,connectivity toabeacon
�

existsatapoint
�

, if
�

�


������

��� �

�

	

�

�
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�
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is thenoisefactorof thebeacon
�

, andis chosenuniformly

between0 and ���

�




� , themaximumnoisefactorfor the �eld.
�

is chosenuniformly

at randombetween�

�

and
�

.

Theintentwasto createnon-uniformpropagationnoisefor thebeacons,andto cre-

aterandomregionswith higherpropagationnoisethantherestof thelocation�eld. We

did this becausetheimpactof noiseis lessevidentwheneachbeaconhasanidentical

propagation�eld.

4.2.2.3 Terrain BasedShadowing Model

WehaveportedtheterrainbasedshadowingmodelfromtheArena/nssimulator[YVS01]

to oursimulationsanddescribeit below.

The basiclog-normalshadowing model [Rap96] consistsof two parts. The �rst

is a path lossmodelwhich predictsthe meanreceived power at distance
�

, denoted

by
�

�

�

�

�

relative to a close-inreferencedistance
���

. Thesecondis a log-normalran-

domvariable1 thatre�ects thevariationof thereceivedpower at certaindistance.The

overall shadowing modelis representedby
�

�

�

�
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where
�

is called the path lossexponent. Typically
��� �

for free spacepropaga-

tion, andlies between3-5 for outdoorobstructedenvironments[Rap96].
�

�

�

���

�

can
�

It is of Gaussiandistribution if measuredin dB.
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be computedfrom the Friis free spacemodel [Rap96].
'

�

�

is a Gaussianrandom

variablewith zeromeanandstandarddeviation �

�

�

. �

�

�

is calledtheshadowing devi-

ation. Its typicalvaluein outdoorenvironmentsis 5-12.Theshadowing modelextends

the idealcircle modelto a richerstatisticalmodel: beaconscanonly probabilistically

communicatewhenneartheedgeof communicationrangeor whenthereis clutter in

between.

Theterrain-in�uencedshadowing modelextendstheshadowing modelin cluttered

environmentsto a terrainbasedmodel.By inspectingabitmapof theterrain,it distin-

guishesthecasewhenthereis clearline-of-sightbetweentwo points(goodpropaga-

tion condition)andwhenthereis not (badpropagationcondition).Radiopropagation

conditionscanbevariedby choosingdifferentpathlossexponents(
���

for goodprop-

agationand
�

�

for badpropagationrespectively), to simulatethesigni�cant difference

in signalstrengthandmulti-patheffectsbetweendirectandindirecttransmission.The

communicationrangeis decidedby thetransmissionpower, propagationconditionand

thereceiving threshold.

4.2.3 Energy ConsumptionModels

Sinceour goal is to build long-livedlocalizationsystems,it is importantto modelthe

energy usageof individual nodes. An energy consumptionmodelcharacterizesthe

powerconsumptionfor eachof thevarioustasksanodemayperform.

Typicalprocessingcostsaremuchlower thancommunicationcosts[PK00]. Addi-

tionally, atasksuchastransmissionof smallbeaconadvertisementsisnotacomputation-

intensiveactivity. Thus,communicationsis thedominantconsumerof energy in these

systems.Therefore,ourenergy modelonly characterizestheenergy usageof theradio

transceiveronly anddoesnot explicitly modeltheenergy usageof theprocessor.

RadioEnergyModel: A typical radiocanoperatein any oneof four states- Trans-
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Table4.1: Parametersof theenergy consumptionmodel.

PARAMETER VALUE
�

� 660mW
���

395mW
���

35mW
���

0 mW

mit, Receive, Idle andSleep. We representpower dissipationin eachof thesestates

with the symbols
�

� ,
���

,
���

and
���

respectively. The relative power dissipationin

eachof thesestatesdependson theradiosbeingused.Wechooseanenergy consump-

tion modelto mimic realisticsensorradios[Kai00]. Theseparametersarealsoused

in [IGE00] andaresummarizedin Table9.2.

4.3 Wir elessTestbeds

While simulationsarea valuabledesigntool, radiopropagationin practicedeviatesa

lot from mathematicalmodelsandexhibits high spatio-temporalvariation.Therefore,

experimentaldatais invaluableto evaluatingthesesystems.

Wehaveimplementedaprototypeof ourlocalizationmethodologyontwodifferent

experimentaltestbeds.

1. RadiometrixRPCradiosconnectedto laptopsvia. aserialinterface

2. UC Berkeley Renemotes[HSW00], completelyintegratedwith RFM [RFM]

radioscompletely, shown in Figure4.1.
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(1) Librettoswith RadiometrixRPCradios (2) Motes

Figure4.1: Experimentaltestbedfor thelocalizationmethodology.

4.3.1 Radiometrix RPC-418

Our �rst experimentaltestbedconsistsof RadiometrixRPC418 (radio packet con-

troller) modulesconnectedto a ToshibaLibretto runningRedHatLinux 6.0. In our

experiments,one of thesemodulesis usedas a receiver and four are usedas bea-

cons. A 3 inch antennais usedfor the experimentalpurposes.The softwarefor the

RadiometrixRPC-418modulesconsistsof two components.

� Beacon: The beaconperiodically transmitsa packet (every 2 secondsin our

experiment)containingits uniqueID andposition.

� Receiver: Thereceiver obtainsits currentmeasuredpositionbasedon an input

from theuser. For eachmeasuredposition,it samplesfor a time period � deter-

minedby the samplesize
�

, andlogs the setof beaconsit hearsfrom andits

currentlocalizationestimate.
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4.3.2 BerkeleyMotes

Wehaveconductedfurtherexperimentsonverysmall,embeddeddevicescalledmotes,

developedat the University of California, Berkeley [HSW00], and available from

Crossbow Technologies[CRO]. Thesedeviceshave a RISC-like 8-bit CPUthat runs

at 4MHz. Motesareequippedwith 512bytesof SRAM, 256Kbits of EEPROM, and

a 916MHz ISM radio (RF MonolithicsTR1000[RFM]) thatcantransmitat therate

of 10Kb/s. The transmitpower level of the radio can be controlledusing a digital

potentiometeron themote.

Motescanbeprogrammedin threecon�gurations:Snooper, Beaconor Logger. A

Snoopermoteactsasa network interfacefor a PC via the RS-232interfaceandcan

listento all transmitteddatapacketsandforwardthis to thePC.A Beaconmotecanbe

instructedto periodicallytransmitpacketswith its ID at a giventransmitpower level.

A Loggermoterecordsall messagessentout by beaconsinto an EEPROM, andcan

transferthis informationon demandto aSnoopermoteconnectedto aPC.

4.4 MeasurementTechniquesand PerformanceMetrics

In this section,we discussthe toolsandtechniquesusedto measureandevaluatelo-

calizationqualityandour improvementsin theselocalizationsystems.

4.4.1 MeasurementTools

While the basiclocalizationsoftware consistsof just two components(beaconand

client), theexperimentaltestbedto measureit is actuallya lot moreelaborate.

We madethefollowing extensionsto basiclocalizationsoftwarecomponents.

� Beacon: It not only transmitsperiodicadvertisementswith its position,but it
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Table4.2: Beaconcontrolcommandssupportedby thetransceiver.

PARAMETER DEFINITION

STANDBY In thismode,abeaconsetsits clock rateto theslowest

anddoesnot transmitits coordinates.Whenit receivesan

ON command,it will entertheNORMAL modeagain.

TRANSMISSION It canadjustits own transmissionpower.

POWER (valid in NORMAL modeonly)

CONTROL

TRANSMIT RATE It canadjusttherateatwhich it transmitsits coordinates

CONTROL (valid in NORMAL modeonly)

RANDOMIZED Sincea commandpacket �oating on theair cancontrol

RESUME morethanonebeacon,eachbeaconin theSTANDBY

modewill enterNORMAL mode� milli-secondsafter

it hearsthecommand,where���

�

	

	�� �

milli-seconds

and
�

is adjustable.

alsolistensto andrespondsto commandsfrom aBeaconRemoteController.

� Client: It not only estimatesits positionfrom the beaconadvertisementsit re-

ceives(thealgorithmfor doing this positionestimationis describedin Chapter

5), but alsoreportsits estimatedpositionto theBeaconInterpretor.

We developedthe following controlandvisualizationtools for experimentalcon-

trol.
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� Transceiver:The Transceivercommunicateswith the Beaconsaswell as the

Clients. It is neededto sendcontrol packets to beaconsand to interpret the

estimatedcoordinatesentby the Client. To avoid interference,problemswith

beacons'life-time, etc. thebeaconscanberemotelycontrolled.Thecommands

supportedareenumeratedin Table4.4.1.

� BeaconRemoteController: A Java GraphicalUser Interface(GUI) that lets

theusersselectthedesiredTRANSMISSIONPOWER andTRANSMIT RATE

settingsthatbeaconsoperateat. This programwill encodethe informationand

sendit asa commandpacket to the beacons.ON andOFF commandscanbe

selectedto togglethebeaconsbetweenSTANDBY andNORMAL modes.

� BeaconInterpretor: A JavaGraphicalUserInterface(GUI) thatlistensfor coor-

dinatestheClient reportandputsthemin a table.A usercanmanuallyenterthe

actualcoordinatesof theClient is locatedandthesecoordinatewill becompared

with theestimatedcoordinateto computethelocalizationerror.

� Visualization: Thevisualizationprogramdisplaysall transmittingmotesin our

laboratory. This is usefulto verify whetherbeaconsaretransmittingasexpected,

or if othermotesaretransmittingandinterferingwith theexperiment.

By allowing us to automaticallycontrol and con�gure the beacons,thesetools

allow usto experimentrapidlyunderdifferentbeacondensityandinterferencesettings

withouthaving to reprogramandredeploy all thebeacons.

4.4.2 PerformanceMetrics

The metricswe useto evaluateperformanceof the localizationsysteminclude the

meanandmedianlocalizationerror in the terrain. Ideally, theseshouldbe closeto

zero.
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4.5 Summary

Thischapterdescribedourresearchmethodology, whichincludesanalysis,simulation,

design,implementationandperformanceevaluation.We describedthesimulationen-

vironmentand the detailsof our radio propagationand radio basedenergy models.

Wealsodescribedourwirelesstestbedconsistingof RadiometrixRPC-418radiosand

Berkeley motes.Finally, wede�nedmetricsusedto evaluatelocalizationperformance

in therestof this thesis.
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CHAPTER 5

Localization fr om Radio Proximity

The amountof misguidedingenuity which has beenexpendedon these

two problemsof submarineand aerial navigationduring the nineteenth

centurywill offer oneof the mostcuriousand interestingstudiesto the

futurehistorianof technologic progress.

—GeorgeSutherland,Americanlawyer, 20thCenturyInventions(1900)

Having establishedournetwork modelandsystemmodelbasedontieredarchitectures,

we now turn to a detaileddiscussionof thecorecontribution of this thesis:our self-

con�guring localizationsystemarchitecture.In the next four chapters,we describe

the issuesin makingthe localizationsystemself-con�guring andthe techniquesfor

achieving thatself-con�guration.

In this chapter, we developthedistributedalgorithm,sensingmodel,andthenet-

work protocolthatcompriseourlocalizationsystem.Eachunknownnodecancompute

its positionindividually, enablingthesystemto scaleto largenumbersof nodes.More-

over, severalunknown nodescancomputetheirpositionssimultaneously, allowing the

systemto beextremelyresponsive andoperatein real time. In thenext few sections,

wedescribeour localizationsystemin detail,focusingon:

adetailedoverview of our localizationsystem

radioconnectivity inference

positionestimationalgorithmbasedonradioconnectivity relations.
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Table5.1: Notationusedto describetheRF-basedlocalizationmethodology.

PARAMETER DEFINITION
�

Separationdistancebetweenadjacentbeacons
�

Transmissionrangeof thebeacon
�

Time interval betweentwo successivepositionadvertisementstransmitted

by abeacon

� client samplingor datacollectiontime

�

	��

�

�

�

� 	

�

�

Numberof advertisementsthathavebeensentby
���

in time �

�

�
�����

�

� 	

�

�

Numberof advertisementssentby
���

thathavebeenreceivedin time �

�
	

�

Connectivity metricfor
���

�

Samplesizefor connectivity metricfor beacon
���

�
	

�������
	�� Thresholdfor
�
	

�

'

� 	��

	
�

�
	 �

�

EstimatedLocationof thereceiver

�

'��

	
�

�

�

ActualLocationof thereceiver

We thendescribeits implementationandpresenta largenumberof experimentaland

simulationresultsunderanumberof typicalnetwork andenvironmentcon�gurations.

5.1 Overview

In this section,we formalizetheproblemof nodelocalization, stateour designgoals

for anidealsolutionanddescribeournetwork locationprotocol.

5.1.1 ProblemDe�nition

Formally, theproblemof nodelocalizationcanbestatedasfollows.

Given:
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�

, acollectionof sensornodesatpositions
� �

	

, asetof measurementsthatestablishrelationsbetween
� �

.

Estimate:
� � �

�

5.1.2 DesignGoals

An ideallocalizationsolutionmustmeetthefollowing designgoals:

� RF-based:We focuson small nodeswhich have somekind of short-rangera-

dio frequency (RF) transceiver. Our primary goal is to leveragethis radio for

localization,therebyeliminatingthecost,powerandsizerequirementsof aGPS

receiver.

� Client based:In orderto scalewell to largedistributednetworks,theresponsi-

bility for nodelocalizationmustlie with theclientnodethatneedsto belocalized

andnotwith thebeacons.

� Ad hoc: In orderto easedeployment,we desirea solutionthatdoesnot require

extensivepre-planningor wired infrastructure.

� Responsiveness:We needto beableto localizeindividual nodeswithin a fairly

low responsetime.

� LowEnergy: Small,un-tetherednodeshavemodestprocessingcapabilities,and

limited energy resources.If adeviceusesall of its energy localizingitself, it will

havenoneleft to performits task.Therefore,wedesireto minimizecomputation

andmessagecoststo reducepowerconsumption.

� AdaptiveFidelity: Finally, we want theaccuracy of our localizationalgorithms

to beadaptive to thegranularityof availablebeacons.
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5.1.3 Network Location ProtocolDescription

Multiple nodesin the network with overlappingregions of radio coverageserve as

beacons,labelled
� �

to
�

� . Beaconsare situatedat known positions, �

' �

	
�

�

�

to

�

'

�

	
�

�

�

.

Beaconsperiodicallybroadcastadvertisementpackets(period=
�

) containingtheir

respective positions. To avoid collisions,beaconsrandomizetheir packet transmis-

sions,ratherthanexplicitly coordinatewith eachother. Furthermore,in any time in-

terval
�

, eachof thebeaconswouldhave transmittedexactlyoneadvertisement.

5.2 Sensing

We measureradioconnectivity to establishproximity relationsbetweenknown nodes

(beacons)and unknown nodes(clients). In this section,we describethe statistical

methodologyfor inferring radioproximity andnominalradiotransmissionrange.The

notationwe useto describeour proximity inferenceandpositionestimationmethods

aregivenin Table5.1.

5.2.1 Proximity Inference

To drive the radioproximity-basedpositionestimationalgorithm,a client nodemust

determinewhich beaconsit hasconnectivity to, andwhethertheconnectivity is weak

or strong.

For a �x ed time period � , eachclient nodelistensto andcollectsall the position

advertisementsthatit receivesfrom variousbeacons.We characterizetheinformation

ataclient �

�

�

, where
�

is thesetof all clients,for eachbeacon
���

by aconnectivity
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metric(
�
	

�

�

�

), de�ned as:

������� �
	 �
���

�������������

���

��� �

���������"!$#&%'% (5.1)

Sinceeachclienthasits own connectivity metrics,we implicitly dropthe � subscript.

In orderto improvethereliability of ourconnectivity metricin thepresenceof var-

ious radio propagationvagaries,we would like to baseour metric on a sampleof at

least
�

packets,where
�

is the samplesize,a tunableparameterof our method(i.e.,

�

	��

�

�

�

� 	

�

�

�

�

). Sinceweknow
�

to bethetimeperiodbetweentwo successivebea-

consignaltransmissions,wecanset � , thereceiver's samplingtimeas:

�

�

�

�

� �

�)(

�

�

�

	+*

(-,

�

�

(5.2)

Notethatabeaconmessagecanbeheardby all theclientsin its range.

5.2.2 Nominal Radio TransmissionRange

The nominal transmissionrangeof a radio cannotbe theoreticallydetermined,but

mustbeestablishedempirically. We de�ne thenominalradiotransmissionrangeof a

beaconstatisticallyasthemedianrangewith 90%connectivity.

5.3 Position Estimation

In this section,we describeour algorithmfor positionestimationanddiscussits com-

plexity.

56



5.3.1 Algorithm Description

From the positionadvertisementsthat it receives,the client nodeinfers proximity to

a collectionof referencepointsfor which the respective connectivity metricsexceed

a certainthreshold,
� 	

������� 	 � (say 90%). We denotethe collection of beaconsby

� �

�

	

� �

�

	

� � �

	

� �

� . The client localizesitself to the region which coincidesto the in-

tersectionof the connectivity regionsof this setof beacons,which is de�ned by the

centroid of thesebeacons.

���

�

�

�

���

�

�

�

�
	

�

�

�

���
	�	�	
�

�

���

�

�

�

�

���
	�	�	
�

�

���

�

�

(5.3)

We characterizetheaccuracy of theestimateby thelocalizationerror ��� de�ned

as,

���

	 � ���

�

�

���

��� ���

�

���

�

�

���

���&���

(5.4)

By increasingtherangeoverlapof thebeaconsthatpopulatethegrid i.e., increas-

ing theratio
�

�

, thegranularityof thelocalizationregionsbecomes�ner, andhencethe

accuracy of thelocationestimateimproves.This is illustratedin Figure5.1.

5.3.2 Algorithm Complexity

Both thecommunicationandcomputationcomplexity for adevice to infer its position

onceare � � �

�

, where � is thenumberof beaconsin radiorange.

Becauseboththecomputationandcommunicationcomplexity grow linearly with
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2 * 2 GRID OF REFERENCE POINTS
FEWER AND LARGER LOCALIZATION REGIONS

3 * 3 GRID OF REERENCE POINTS
MORE AND SMALLER LOCALIZATION REGIONS

THE SHADED AREA REFLECTS ONE LOCALIZATION REGION

Figure5.1: Granularityof localizationregionsvs. rangeoverlap.

thedensityof thebeaconinfrastructure,ratherthanthesizeof thesystem,our system

is generallyscalable.

5.4 Preliminary Measurements

Sinceour localizationmethoddependsonthesphericalradiopropagationassumption,

wecheckedthevalidity of ourassumptionin bothoutdoorandindoorenvironments.

In outdoorenvironments,we evaluatedthe effectivenessof our idealizedradio

modelby comparingits accuracy to experimentalmeasurements.Weevaluatedpropa-

gationbetweentwo Radiometrixradiopacket controllers(modelRPC-418)operating

at 418 MHz. A nodeperiodicallysent27 byte positionadvertisements;we de�ne a

90%packet receptionrateasconnectedandempiricallymeasuredan8.94mspherical

rangefor our simplemodel.

To evaluatehow well our simple model comparesto a real-world scenario,we

placeda radio in the cornerof an empty parking lot (i.e., at the origin �

	

	

	

�

) and

thenmeasuredconnectivity at 1m intervals over a 10m squarequadrant.Figure5.3
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Figure5.2: An illustrationof localizationwith multiple transmitpower levels.

comparesthesemeasurementswith connectivity aspredictedby the model. Among

the78 pointsmeasured,thesimplesphericalmodelmatchescorrectlyat68 points(an

87%correlation)andmismatchesat 10, all at theedgeof therange.Error wasnever

morethan
� �

. No deadspotswereobserved.

As expected,our simple,idealizedradio modelapproximationis not appropriate

for indoorenvironmentswherere�ection andocclusionarecommon.Our indoormea-

surementsof propagationrangevariedwidely from 4.6mto22.3m,dependingonwalls

andexactnodelocationsandorientations.Furthermore,thesemeasurementswerenot

time invariant. We found that connectivity could vary from
	

to even
��	�	

�

for the

sametransmitterreceiverpositions,atdifferenttimesof theday.

Hencetheidealizedradiomodelmaybeconsideredvalid for outdoorunconstrained

environmentsonly.
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5.5 Position Estimation with Multiple Power Levels

To furtherimprovethegranularityof beacons,wecanleveragethecapabilityof nodes

to transmitatsoftwarecontrollableradiopowerlevels.Usingasmallnumberof differ-

entpower levelswecancreateanumberof distinctrangesfor eachbeacon(seeFigure

5.4).

As usual,beaconssituatedat known positions,�

' �

	 �

�

�

, transmitperiodicallywith

atimeperiod
�

. However, they cyclethroughadiscretenumberof transmissionpower

levels.

Clientslistenfor aperiod �

�

�

to evaluateconnectivity. If thepercentageof mes-

sagesreceivedfrom a beacon
���

with range�

�

in a time interval � exceedsa threshold
�
	

�������
	�� , thatbeaconis consideredconnectedat �

�

. Thesmallestof all connectivity

rangesis consideredfor eachbeacon.

Whenthebeaconplacementis uniformly distributed,theweightedcentroidof the

positionsof all connectedbeaconsis a feasiblesolutionin the region of connectivity
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overlap[BEG95]. A client estimatesits position �

'

�
	��

	
�

�
	��

�

to be thecentroidof the

positionsof all connectedbeacons.

�

� �

�� �

�

���

���

�
	

��� �

�

�

�
�

�
�

��

(5.5)
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� (5.6)

A moregeneralconvex optimizationtechniqueto determineafeasiblesolutioncan

befoundin [DPG01](for non-uniformplacement.)

Given the actualpositionof the client �

' �

	
�

�

�

, we cancomputethe accuracy of

thelocalizationestimateor thelocalizationerror � ���

�

' �

	
�

�

�

, which is thedistance

betweentheclient'sestimatedandactualpositions.

� ���

�

'��

	
�

�

�

� �

�

'

�
	��

�

'��

�

�

�

�

�

� 	��

�

�

�

�

���

�

�

(5.7)
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5.6 Experimental Results

5.6.1 Experimental Testbed

Our experimentaltestbed[TES] consistedof 5 RadiometrixRPC-418(radio packet

controller)modulesconnectedto a ToshibaLibretto runningRedHatLinux 6.0. One

of thesemodulesis usedas a receiver and the rest are usedas beacons.A 3 inch

antennais usedfor theexperimentalpurposes.

Thesoftwarefor theRadiometrixRPC-418modulesconsistsof two components.

� Beacon: The beaconperiodically transmitsa packet (every 2 secondsin our

experiment)containingits uniqueID andposition.

� Client: Thereceiverobtainsits currentmeasuredpositionbasedonaninputfrom

theuser. For eachmeasuredposition,it samplesfor a time period � determined

by the samplesize
�

, andlogs the setof beaconsit hearsfrom andits current

localizationestimate.

For our experiment,we placedthe4 beaconsat thefour cornersof a
� 	 �

�

��	 �

square,in anoutdoorparkinglot. Thissquarewasfurthersubdividedinto 100smaller
� �

�

� �

gridsandwecollecteddataateachof the121smallgrid intersectionpoints.

5.6.2 Outdoor Results

In this section,we discussthe resultsobtainedfrom our outdoorexperiments. Our

experimentalparameterswere
�

= 2 seconds,
�

=20, � =41.9seconds.

Figure5.5 shows the areasof connectivity of the 4 beaconsin the grid. We see

severaldistinctregionsin thegrid, basedon theareasof overlap.Eachdistinctregion

constitutesanequivalenceclass,de�ned by thecentroidof thebeaconsin theregion.
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Thesecanbecontrastedwith the theoreticallypredictedoverlapregions,alsoseenin

Figure5.5.

The locationestimateat eachgrid point is the centroid. We usethe localization

error metricde�ned previously to characterizetheperformance.

In Figure5.6,the localizationerror obtainedfrom experimentis plottedasafunc-

tion of theposition.Thelocalizationerror is lowestat thethepositioncorresponding

to thecentroidof theregion andincreasestowardstheedgesof theregion. Themean

localizationerrorwas1.83m andthestandarddeviation was1.07m. Theminimum

errorwas0 m andthemaximumerrorwas4.12m across121grid points.

Figure5.7 shows thecumulative localizationerrordistribution acrossall thegrid

points, from both the theoreticalmodeland the experiment. They track eachother

closely, includingplateausin theerror levels,althoughthesphericalmodelis consis-

tently moreoptimistic. In our experimentalresults,for over 90% of the datapoints,

thelocalizationerrorfalls within 3.0metersi.e within 30%of theseparation-distance

betweentwo adjacentbeacons.This resultis basedon 4 beaconsonly. Sincewe ob-

served a high correlationbetweenour model andexperiment,improved granularity

canbeexpectedwith ahigheroverlapof beacons.
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Figure5.6: Localizationerrorvs. position.

5.7 DetailedSimulations

Basedonourvalidatedoutdoormodel,weperformednumericalsimulationsto predict

how thegranularityof localizationcouldbeexpectedto improve in our schemewhen

theoverlapof beaconsis increased.

In our simulation,we assumean in�nite two-dimensionalmeshof beacons,with

any two adjacentbeaconsspaceda distance
�

apartandtransmissionrange
�

. Our

coordinatesystemis centeredatonesuchbeacon,which is assumedto beat �

	

	

	

�

.

The localizationestimateof any point �

'

	
� �

in themeshcanbeobtainedin two

steps.

Step1: Determineall thebeaconswhicharewithin range
�

of �

'

	 � �

, by considering

all thebeaconsin therectangularregion de�ned by �

'

�

�

	
�

�

�

�

and �

' �

�

	
�

� �

�

.

Step2: Localize �

'

	
� �

to thecentroidof theselectedbeaconsandcomputethecor-
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respondinglocalizationerror.

5.7.1 Localization Impr ovementswith IncreasedRangeOverlap

For a given
�

, we increasethe overlap
� �

�

from 1 to 4. We considerthe meanand

maximumlocalizationerrorsof thelocalizationestimatesfor 10201uniformly spaced

pointswithin onegrid in themesh,for each
� �

�

value.Figure5.8presentsthesimu-

lation basedscalingresultof the localizationerrorbehavior. Althoughthemaximum

andmeanerrordo not decreasemonotonically, non-trivial incrementsto
� �

�

, (for in-

stance,anincrementof 1) leadto lowermaximumandmeanlocalizationerrorsonthe

whole. In particular, the maximumlocalizationerror experiencesa substantialdrop

(from
	

���

�

to
	

�

�

�

�

) whentheoverlap
� �

�

is increasedfrom 1 to 4.
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5.7.2 Localization Impr ovementswith Multiple Power Levels

Figure5.9 illustratesthe improvementin medianlocalizationerror asthe numberof

transmitpower levels increaseswith ideal radio propagation.We seeagainthat be-

yond a certainlimit, additionaltransmitpower levels do not provide muchgainsin

localization.

5.8 Summary

In this chapter, we addressedtheproblemof nodelocalizationfor very smalldevices

thatdonothaveGPSreceivers.WeexploredanRF-basedlocalizationmethodologyin
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which theclient localizesitself with highcon�dence(underanidealizedradiomodel)

to the weightedcentroidof a setof proximatebeaconsusinga connectivity metric.

Although our approachusesa very simple radio model, in outdoorenvironmentsit

correlatedverywell with reality (87percent).

Ourapproachis simple,entirelyRF-based,receiver-basedandadaptiveto thegran-

ularity of beaconsavailable.Additionally, it requiresno coordinationamongbeacons

or sensornodes.It is thereforepotentiallyscalableto very largedistributednetworks

of devices.

Ourexperimentshaveshownpromisingresultswith ourschemefor asmallnumber

of beacons.Our simulationresultssuggestthat thegranularityof localizationcanbe

further improved by increasingthe overlapof beaconsandby usingmultiple power

levels.

The localizationgranularityfrom our RF-proximity basedapproachmay not be

suf�cient for certainclassesof applications.It is neverthelessusefulfor severalappli-
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cationswith lessstringentaccuracy requirements.Wewill explorethesein Chapter10.

However, severalgeneralproblemsstill needto betackledfor largescaledeployment,

for example,adaptingto noisy environments.We will addressthesein thenext four

chapters.
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CHAPTER 6

Self-Con�guring BeaconSystems

Makinga systemreliable is not really hard, if youknowhowto go about

it. But retro�tting reliability to anexistingdesignis verydif�cult.

— ButlerLampson[Lam83]

6.1 Intr oduction

The localizationsystemwe have developedanddescribedin Chapter5 usesa setof

beacons(nodeswith known positions)thatarespatiallydistributedthroughoutthege-

ographicalregion of interest,so thatclient nodes(nodeswhosepositionsareknown)

canlocalizethemselvesby listeningto nearbybeacons.Besidesourapproach,several

otherproposedlocalizationsystemsrely on beacons[PCB00, HHS99,WBV99]. Al-

thoughsuchlocalizationsystemsrequireanunderlyinginfrastructureof beacons,they

have two advantagesover localizationsystemswithout beaconssuchas[Nag99], in

whichclientsmustestablishacoordinatesystemandlocatethemselvesin thatcoordi-

natesystemsolelyby communicatingwith eachother. First,having beaconsspatially

distributedthroughoutthegeographicalregion letsdevicescomputetheir locationef-

�ciently in a scalable,decentralizedmannerwithout lossof accuracy. Second,even

whenthe applicationpermitsoff-line, centralizedposition-estimationalgorithms(as

in [DPG01]),both theconvergenceandestimationaccuracy canbesigni�cantly im-
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provedby having somenodesasbeacons[DPG01].

In largeadhocsensornetworksthatmustoperateunattended,our primarygoal is

to make the localizationsystemsimple to con�gure anddeploy. In a beaconbased

localizationarchitecture,this includestwo majorconcerns.

� BeaconCon�guration. Beaconsmustknow theirpositionswith respectto some

coordinatesystemin orderto advertisethem. Eachbeaconneedsto becon�g-

uredwith its spatialcoordinatesduringdeployment.

� BeaconPlacement. How many beaconsdo we need?Whereshouldthey be

placed?Thebeacondensityandplacementareimportantin in�uencing theover-

all localizationquality. Uniformly denseplacementis goodandhasits bene�ts,

it is notadequate.

In thefollowing sections,we explorevariouscon�guration issuesfor beaconsys-

temsin greaterdetailandmotivateourapproachbasedon self-con�guration.

6.2 Automating BeaconCon�guration

Automatingtheprocessof con�guring beaconswith theirspatialcoordinatesis impor-

tantfor largescaleandhighly densebeacondeployment.This includestwo issues—

establishingacoordinatesystem(geodetic,Cartesian,polar)anda frameof reference,

andestimatingbeaconlocationsin thatcoordinatesystem.

We canautomatetheprocessof assigningbeaconcoordinatesusingseveral tech-

niques. In an outdoorsetting,we canassumethat beaconswill infer their position

throughGPS[HLC92]. In this case,thesepositionswould needto be transformed

from geodeticcoordinates(latitude,longitude)to Cartesiancoordinatesin the frame

of reference[HLC92] if desired.
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Table6.1: Notationusedto describebeaconsystemsfor localization.

PARAMETER DEFINITION
�

A beacondevice thathasknowledgeof its position

(andis presumedto bestaticallyplaced.)
�

A clientdevicewhosepositionis unknown

(andcaneitherbestatic,portableor autonomouslymobile.)
�

An assignedplacementof beacons.

� Thetotal numberof deployedbeacons.
�

Thetotal areain whichbeaconsaredeployed.
�

�




�

�

�

�

�

�

�

�

and Theposition(
'

and
�

coordinates)of abeacon
�

.

�

' �

	 �

�

�

�

�����

�

	

�

Thenominaltransmissionrangeof thebeacons,in anarea
�

.

In an indoor setting,we believe that initial beaconplacementwill be structured.

Only a few beaconswill needto have their positionsassignedmanually, the restcan

exploit this structure(for example,in a rectangulargrid) in beaconplacementto infer

their coordinates.This is theapproachusedin factin theHiBall tracker [WBV99].

6.3 Impact of BeaconDensity

To understandthe issuesinvolved in beaconplacement,we startby consideringthe

impactof beacondensityon the quality of localizationin thesesystems.Table6.3

describesthenotationusedto describebeaconsystemsusedfor localization.
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Figure6.1: Beaconspernominalcoverageareais thenumberof beaconsin thecircle

of radiusR (radiorange).

6.3.1 Characterizing BeaconDensity

How shouldwede�ne beacondensity?

Beacondeploymentdensity � , aclassicalnotion,denotesthenumberof beaconsper

unit area.

�

� �

� (6.1)

However, this de�nition doesnot abstractaway theeffect of thenominalcommunica-

tion (radiotransmission)radiusontheperceiveddensity. Wehavecomeupwith anew

densitymetricthatencapsulatestheeffectof theradiotransmissionrange.

Beaconsper neighborhood � (alsoreferredto asbeaconsper nominalradio cover-

agearea �

�

�

� �

� ) denotesthe numberof beaconsthat exist in a nominalradio
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Figure6.2: Impactof beaconplacementon localizationgranularity.

transmissioncoveragearea(
	

� �

�����

�

� ). This is illustratedin Figure6.1.

�

�

�

�
	

� �

�����

�

� (6.2)

6.3.2 Impact on Localization Granularity

For a givenbeaconplacement
�

anda squareterrainof area
�

�

�

�

�

�

�

�

�

�

� . Let

� denotethe ratio
� �

�

�

	����

�

. Let us the de�ne a grid of points 
��

�

� units apart,the point
�

� �

	�� �

asfollows:

�

� �

	�� �

�

� �

�


��

�

�

	��

�


��

�

�

�

�
	

	

�

	���	

� (6.3)

The quality of localizationin the terraincanbe characterizedin termsof statisti-

cal metricssuchasthemeanandmedianlocalizationerrorover variouspointsin the

terrain,de�ned asfollows.

MeanErr�

�

�

�

�

�

	

�
�

�

� �

�
�

�����

�

�

� �

	�� � �

� �

� �

�

�

(6.4)

MedianErr�

�

�

� �

�

�

�

���

�

� � �

�

�

� �

	�� �
� �

�
	

	

�

	���	

� (6.5)

Figure6.3 plots the meanlocalizationerrorasa functionof beacondensity. Re-

gardlessof actualbeaconplacement,thelocalizationgranularitysaturatesat a certain

73



0

5

10

15

20

0 0.005 0.01 0.015 0.02 0.025
0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6
0 2 4 6 8 10 12 14 16

 M
ea

n 
Lo

ca
liz

at
io

n 
E

rr
or

 (
m

)

 fr
ac

tio
n 

of
 R

an
ge

 Beacon Deployment Density (per sq.m)

 Beacons per nominal radio coverage area

Ideal

Figure 6.3: Mean localizationerror vs. Beaconsper nominal radio coveragearea.

(Simulations).

thresholdbeacondensity����� �
�
	 �

� Localizationgranularitysaturatesatacertainnumber

of beaconsperneighborhood,around6 in ourcase.Thegraphis basedonsimulations

of 1000randomtopologiesperbeacondensity.

6.3.3 Impact on ChannelContention and Self-Interference

Consideracontention-basedunderlyingmediaaccessprotocol,whereinmorethanone

nodemayattemptto transmitat thesametime i.e., contendfor thewirelesschannel.

An exampleof sucha mediaaccessprotocoldesignedfor wirelesssensornetworksis

SMAC [YHE02].

Let usassumethebeaconspernominalradiocoverageareais � . Assumethatany

giveninstant,theprobabilityof a beacontransmittinganadvertisementpacket is � . If
�

� is thetransmissiontimeof anadvertisementpacketandthebeaconinginterval is
�
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then

�

�

�

�

� (6.6)

Let � 	

�

� � �
	 	 denotetheprobability that thepacket is successfullyreceivedwithout

any interference.Let � ���

� �

�

	

�

�

� denotetheprobabilityof collisionin thewirelesssystem.

Wecanmodelthechannelcontentionasfollows.

Let
'

indicatenumberof beaconsthatwill try to transmitapacket.

� 	

�

� � �
	 	

� �

�

� ' ���

� (6.7)
�

�

�

�

�

�

�

���

(6.8)

� ���

� �

�

	

�

�

�

� �

�

� 	

�

� � �
	 	 (6.9)

This shows usthattheprobabilityof packet collision increasesexponentiallywith

the beacondensity � . In order to maintain the samecollision probability � ���

� �

�

	

�

�

�

at a higherbeacondensity, we needto signi�cantly reducethe packet transmission

probability � . Sincethe transmissiontime of a beaconadvertisementpacket
�

� is

�x ed, this meansthat we must correspondinglyincreasethe beaconinginterval
�

.

Sincethe samplingtime of a client for its locationcomputation(de�ned in Chapter

5) is directly proportionalto
�

, this meansthat thereis a correspondingincreasein

locationcomputationlatency. Thus,wecannotsimultaneouslyincreasebeacondensity

andmaintainthesamesystemresponsivenessfor localization.

6.3.4 Two Assertionsabout BeaconDensity

We canmake two assertionsaboutbeacondensityin the context of proximity-based

localizationsystemswith localizedlocationcomputation(Chapter5).

1. Regardlessof actualbeaconplacement,the localizationgranularitysaturatesat

acertainthresholdbeacondensity� ������� 	 � (seeFigure6.3, � ��� �
�
	 �

���

bpnrca).
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Figure6.4: Impactof RF propagationvagarieson localizationgranularity.

2. As thebeacondensityincreases,theprobabilityof collisionsamongcompeting

beaconsvying for the sametransmissionslot increases.(Chapter5, seealso

[PCB00]).

At low andmediumbeacondensities,thequalityof localizationsuffersdueto poor

placementof beaconsdueto variousenvironmentandcalibration-dependentvagaries

whichwewill discussin thenext two sections.Unfortunately, wecannotpredictthese

problemsbeforehand. Theseproblemscannotbe addressedat design-time. This

motivatesrun-timeself-con�gurationof thelocalizationsystem.

6.4 Impact of Envir onment

We discussedthecharacteristicsof radiopropagationin Chapter2. In varioussubtle

ways(e.g. path-loss,shadowing andmulti-path),theenvironmentaffectsthequalityof

radio propagation,andconsequentlylocalizationin an RF-basedlocalizationsystem

(seeFigure6.4).

Toleranceof randomplacement(seeFigure6.2)or high nodemobility arenot the

only reasonsto designsensornetworks to be self-con�guring. Even in caseswhere

they areplaceduniformly anddonotmove,nodesmustindependentlyself-organizeto

coordinatefor collaborativesensingfunctions[SGA00,CHZ02].
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The environmentsin which thesesystemsare expectedto operatewill be time-

varying due to RF propagationvagariesandotherenvironmentaldynamics(for ev-

idenceof time-varying behavior, seemeasurementsby Zhao [ZGE02, Zha02]). In

additionto time-varyingcomponents,many characteristicsof theenvironmentwill be

a functionof �x edelements,suchastreesor hills ona terrain.Althoughtime-varying

effectscanbe analyzedstatistically[GKW02], errorsanddistortionsresultingfrom

�x ed elementsmustbe compensatedby detectingandadaptingto theseconditions.

An approachaimedat characterizingthe environmenthasthe potential to improve

sensing�delity aswell asenergy ef�ciency. For example,in themulti-modallocaliza-

tion system[GE01b] previously described,nodescould retainlong-terminformation

aboutnonline of sightpairsdetectedwhenobstructionschangeslowly.

Savvideset al [SHS01a]proposean approachby which nodesin a wirelessnet-

work canimprove the accuracy of their RSSIbasedlocationestimates(discussedin

Section2) by dynamicallyderiving (learning)thesurroundingwirelesschannelprop-

erties. The algorithmstartswith an initial guessof channelproperties1 and tries to

obtainnodepositionestimatesthrougha sequenceof successive multilateration.The

initial setof positionestimatescannow be usedto obtainan initial estimateof the

channelpropertiesby providing two crucialcomponents:(i) A largesetof inputsfor

the estimationof the channelparameters.(ii) A correspondingerror variancethat is

usedasa weightfor eachinput in thechannelmodelestimator.

Usingtheseinputs,thechannelmodelestimatorcanproduceanew estimateof the

channelpropertieswhich canbe usedin subsequentmultilaterations.The processis

repeateduntil the valuesof the channelmodel,andconsequentlypositionestimates

convergeto aspeci�edtolerance.

This approachmakesit a versatilesolutionthatevenwithout prior calibrationcan
�

For instance,parameterssuchastheadditiveGaussianchannelnoisein thelog-normalshadowing
model[Rap96].
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work in many differentsettingswherethepropagationchannelpropertiesaredifferent.

Furthermore,if thesensorsaredeployedoverawidearea,thesignalpropagationchar-

acteristicsmayvary widely evenacrosstheregion of interest.Calculatingthepropa-

gationcharacteristicslocally yieldsbetteraccuracy in thenodelocationestimates.

6.5 Impact of SensorCalibration

As in any sensorsystem,calibration is importantto ourRF-basedlocalizationsystem.

Calibrationrefersthecreationof beaconspeci�c informationsuchthatany givenbea-

concantransmitat thesamepower astheothersandcanaccuratelymapits transmit

power level to a nominaltransmissionrange.Characterizingandaccountingfor bea-

conspeci�c variationsin this way insulateshigherlevel localizationalgorithmsfrom

hardwaredependenciesandthedetailsof signalprocessing.

Whenbeaconsareun-calibrated,variationsamongbeaconscancauselargevaria-

tionsin perceivedbeacondensity, anisotropiccoverage,asymmetricconnectivity, etc.

Thesecandegradetheperformanceof thelocalizationscheme.

While simple�ltering techniquescaneliminatesomeoutliers,beaconsmuststill

beableto auto-calibrateandcompensatefor theperceiveddifferences.Hightower et

al [HWB00] andtheTinyOSprojectatBerkeley havebeenstudyinghow to implement

self-calibrationin sensornodes.Wecanpotentiallyleveragetheir techniques.

6.6 Goalsof Self-Con�guration

The goal of self-con�gurationis for beaconsto automaticallyadaptto variationsin

density, environmentandmiscalibration. Othershave addressedadaptingto a �x ed

environment[SHS01a,GE01b] andto miscalibration[HWB00].
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Figure6.5: A self-con�guringlocalizationsystemarchitecture.

This dissertationfocuseson adaptingto beacondensity. We have formally intro-

ducedthenotionof beacondensityandshown that thequality of localizationcanbe

relatedto the densityof beacons.The deployed densityof beaconsis however not

equalto theactualbeacondensity.

Wehaveshownthatdifferentproblemsariseatdifferentdeploymentdensities,such

thatdensityguidestheapproachto self-con�guration. We discussthe following two

formsof self-con�gurationin thisdissertation.

� At low and mediumdensities:Are the deployed beaconsenoughto guarantee

goodlocalizationquality throughouttheterrain?How doweensurethis?If they

arenot enough,how canweaddbeaconsto improvethequalityof localization.

� At high densities: How do we coordinatedenselydeployed beaconsso as to

reducechannelcontentionwhile bestexploiting thespatialdiversityandredun-

dancy of densely-deployedbeacons?

6.7 Summary

In this chapter, we exploredvariousissuesin deploying beaconsystemsfor localiza-

tion. We studiedtheimpactof beacondensity, environmentandsensorcalibrationon
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localizationquality. Our approachwasbimodal— we studiedtheseissuesto moti-

vatewhy beaconsystemsmustself-con�gure. Conversely, we alsoidenti�ed various

formsof self-con�gurationandshow how self-con�guringbeaconsystems(organized

accordingto thearchitecturedescribedin Figure6.5)caneliminatethesedeployment

issues.

We discussthreedifferentforms of self-con�gurationin Chapters7, 8 and9 re-

spectively.
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CHAPTER 7

GRID: Centralized Incr ementalBeaconPlacement

To measure is to know. If youcannotmeasure it, youcannot improveit.

—Lord Kelvin

In Chapter6, we establishedthat beaconplacementwould affect the quality of lo-

calization. In this chapter, we formalizeandaddresstheproblemof adaptivebeacon

placement: givenanexisting�eld of beacons,how shouldadditionalbeaconsbeplaced

for bestadvantage?

We developnovel algorithmsthat permit a personor mobile robot to placeaddi-

tionalbeaconsto incrementallyextendaninitial beacon�eld. Thisallowsfor measurement-

basedadaptationto terrainconditions.We alsoevaluatethegainsfrom incrementally

improving anRF-basedlocation�eld usingextensivesimulations.

If the only way to improve the quality of localizationin a region by addingan

additionalbeaconis toplaceit atasinglepointin theregion,thenit is dif�cult todesign

algorithmsthat canidentify thatpoint in the presenceof so muchnoise. The design

of our algorithmsis predicatedon thenotionof solutionspacedensity[BEG01]. The

ef�cacy of algorithms(suchasour beaconplacementalgorithms)designedto work

in noisyenvironmentsis predicatedon theassumptionthat thesolutionspacefor the

problemmustbedensein numberof satisfyingsolutions.Weareseekingareasonable

solution,notnecessarilyauniqueoptimalsolution.
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7.1 Moti vation

Intuitively, a uniformly denseplacementof beaconsshouldsuf�ce to ensurea certain

quality of localization.Uniform placementis good,but insuf�cient dueto thefollow-

ing reasons:

� Beaconsmaybeperturbedduringdeployment. Considerfor instance,a terrain

comprisingof a hilltop. Air droppedbeaconnodeswill roll over thehill, while

lightersensornodesmaystayatopthehill.

� Evenwhenbeaconplacementis uniform,noise(in theform of terrainandpropa-

gationuncertainties)mayaffect thevisibility of beaconsthatshouldbein range.

Radiosignalpropagationin generalis signi�cantly affectedby multi-pathef-

fects, fading,shadowing etc. Uneven terrainsandobstaclesbring in an addi-

tionaldimensionof uncertainty[Rap96].

Verydenseplacementmaynotbeaviablesolutiondueto severalreasons:

� Costor Power: Thecostof thebeaconsmayprecludeverydensebeaconplace-

ment. Power considerationsmay require that only a restrictedsmaller sub-

setof beaconnodesbe active at any given time so as to prolongsystemlife-

time [EGH99, XHE00].

� TerrainCommonality:Even whencost is not a concern,the environmentalor

terrainconditionsmaybesuchthatmerelyincreasingthedensityuniformly will

not overcometheproblem.For instance,if thenumberof air-droppedbeacons

weredoubled,the samesituationwould persist. Also, the terrainmay already

have a very high densityof beacons(enoughto achieve themaximumpossible

quality of localizationunderidealconditions)andhencethenew beaconsmust

beaddedin particularplacesto copewith noise.
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Figure7.1: Mobile robotcapabilitiesfor instrumentingterrain.

� Self-interference:At very high densities,the probability of collisions among

signalstransmittedby thebeaconsincreases.Thereforeevenif wehadunlimited

numbersof beacons,we would like to limit their use.

The fundamentallimitation of thesetwo approachesis that they are basically�x ed

strategies,thatdo not take into accountenvironmentalconditionsthatcannotbepre-

dicteda priori . It is virtually impossibleto precon�gureto suchterrainandpropa-

gationuncertaintiesandcomputean ideal (or evensatisfying)beaconplacementthat

uniformly achievesadesiredqualityof localizationacrosstheregion. Clearly, thebea-

conplacementneedsto adaptto thenoisyandunpredictableenvironmentalconditions.

7.2 DesignConsiderations

Givena localizationalgorithm,onemustdeploy a �eld of beaconsasinfrastructure,

andthenextendthis �eld if it provesinsuf�cient.

Our approachto incrementalimprovementof localizationthroughbeaconplace-
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ment is basedon measurement-basedadaptation. By adaptation, we meanwe are

improving thequality of localizationby adjustingbeaconplacementor addinga few

beaconsratherthanby completelyre-deploying all beacons.By measurement-based,

we meanthedeploymentof additionalbeaconsis in�uencedby measurementsof the

operatinglocalizationsystemratherthanby carefulor completeoff-line analysisof a

completesystemmodel.

Our generalapproachis to usea GPS-equippedmobilerobotor humanto explore

theterrain.Weassumethattherobot(or human)candetermineits geographicposition

using a high precisiondifferential GPSreceiver and map it to the local coordinate

system.Therobothasa shortrangeradiosimilar to theoneusedby thesensornodes,

andcanthuscomputeits localizationestimateusingtheconnectivity basedlocalization

algorithm.Thusit hasameansof computingthelocalizationerrorat any pointon the

terrain.It alsohasacapabilitytocarryacertainnumberof beaconsthatit candeploy as

additionalbeaconswherever it deemsnecessary(seeFigure7.1). Therefore,basedon

its measurementsof localizationerroratdifferentpointsin theregion,it mustcompute

goodplacesto deploy additionalbeacons(illustratedin Figure7.2) anddeploy them.

1 Wede�ne thisproblemasadaptivebeaconplacement.

7.2.1 Assumptions

Thedesignspaceof possiblerobot-basedbeaconplacementalgorithmsis very large.

We have begunwith a simplechoice:anoff-line algorithmwith completeterrainex-

plorationandnomeasurementnoise.Weusethissimpleproblemtode�ne theproblem

andpreliminarysolutions.Thesesolutionscanbegeneralizedto otherproblems.
�

In general,theSCOWR project[SCO] focusesonincorporatingroboticmotionandcommunication
into distributedsensingapplications(e.gsee [MS00]).
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Figure7.2: TheGRID approachto adaptivebeaconplacement.

7.2.2 ProblemDe�nition: IncrementalBeaconPlacement

More formally, theproblemof incrementalbeaconplacementcanbestatedasfollows.

Given:
� - A squareterrainof side

�

�

�

� andarea
�

.
�

- An initial placementof beaconsin area
�

.
	

- A setof localizationerrormeasurementsatvariouspointsin theterrain 
��

�

�

metersapart( 
 �

�

�

*

�

�

�

� ) recordedby a robot.
�

- Nominaltransmissionrangefor eachbeacon.

Find:
�

- A candidatepointwhereanew beaconcanbeaddedto improve localization.
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7.3 Grid Design

Before we describeGrid, we describetwo simple and intuitive off-line algorithms,

Randomand Max, for incrementalbeaconplacement. The goal of all thesealgo-

rithms is to determinecandidatepointsfor placementof an additionalbeacon,so as

to maximizethegainsobtained.Thesethreealgorithmsdiffer in theamountof global

knowledgeandprocessingusedto make theirdecision.

7.3.1 Random

This is the simplestalgorithm,which paysno attentionto the quality of localization

at differentareasof the region andsimply selectsa randompoint in the region asa

candidatepoint for addinganadditionalbeacon.

Step1 Selecta randompoint �

'

�

	
�

�

�

in theterrain.

Step2 Add anew beaconat �

'

�

	
�

�

�

.

We investigatethis primarily for comparisonwith the otheralgorithms,but also

becauseit is similar in characterto uncontrolledairdrop of additionalnodes. The

complexity of thisalgorithmis � �

�

�

.

7.3.2 Max

TheMax algorithm(illustratedin �gure 7.3)canbedescribedin threesteps:

Step1 Divide theterraininto 
��

�

�

�


 �

�

� squares.

Step2 Measurelocalizationerrorateachpoint �

� �


��

�

�

	

�

�


 �

�

�

�

in theterrainthat

correspondsto asquarecorner. (
	

	 �
	

�

	

� �

�

�

	 ���

�

)

Numberof datapointsin theterrain,
�

�

�

�

� �

�

�

	����

�

� �

�

�

.
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Step

Side

Figure7.3: An illustrationof theMax algorithm.

Step3 Add new beaconat thepoint �

'

�

	
�

�

�

thathasthehighestmeasuredlocaliza-

tion erroramongall points.

This algorithmis predicatedon theassumptionthatpointswith high localization

errorarespatiallycorrelated.Theadvantageof thisalgorithmis thatit canbecomputed

in a very straightforwardway. However, it maybe overly in�uenced by propagation

effectsor randomnoisethatmaycauseveryhigh localizationerrorat onepoint while

thelocalizationerrorat pointsvery closeto it remainslow; i.e., it is sensitive to local

maxima.

Thecomplexity of theMax algorithmis linearin
�

� , thenumberof datapointsat

which thelocalizationerroris measuredi.e., � �

�

�

�

.

7.3.3 Grid

TheGrid approachto determininga candidatepoint is to computethecumulative lo-

calizationerror over eachgrid, for several overlappinggrids in the terrain. This is

basedon theobservationthataddinga new beaconaffectsits nearbyarea,not just the

pointwhereit is placed.

TheGrid algorithm(illustratedin �gure 7.4)consistsof thefollowing steps:
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Step

Side
G(1,1)

Gc(1,1)

Gc(2,2)

Gc(5,5)

GridSide
R

G(2,2)

G(5,5)

Figure7.4: An illustrationof theGrid algorithm.

Steps1 and 2 arethesameastheMax algorithm.

Step3 Divide theterraininto �

� partiallyoverlappinggridsasfollows:

Step3.1 Eachgrid hasa side, �

�

�

�
�

�

�

�

� � �

. Thuseachgrid enclosesthe

radioreachabilityregionof its center.

Step3.2 For
�

	 �
	

�

	��

�

� , thegrid �

�

�
	

�

�

is de�nedby its center� �

�

�
	

�

�

�

�

'

�

�

�
	

�

� 	
�

�

�

� 	

�

�
�

where
'

�

�

�
	

�

�

���

�

�

�

� �

�

�

�

���

��� �
	

�

� �

�

�

�

�

�

�

�

� �

�

�

	

� ��


� �

and
�

�

�

�
	

�

�

�
�

�

�

�

� �

�

�

�

�
� �

� �
	

�

� �

�

�

�

�

�

�

�

� �

�

�

	

� ��


� � .

Step4 For eachgrid �

�

�
	

�

�

, computethecumulative localizationerror
�

�

�
	

�

�

at all

thepointsmeasuredin Step2 thatlie in thegrid �

�

�
	

�

�

. Numberof datapoints

pergrid,
�

�

� �

�

�

� �

�

�

�

�

���

��	

� .

Step5 Add thenew beaconatthecenter� �

�

�
	

�

�

of thegrid �

�

� 	

�

�

with themaximum

cumulative localizationerror.

While the Grid algorithm hasthe advantagethat it can improve many points at

once,it is computationallyfar moreexpensive thantheMax andRandomalgorithms
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becauseit additionallydividestheterraininto severalgridsandcomputesthecumula-

tive localizationerrorin eachgrid.

Thecomplexity of theGrid algorithmis linearin theproductof �

� , thenumberof

gridsconsideredand
�

� , thenumberof datapointspergrid at which thelocalization

erroris measured.,i.e � � �

�

�

�

�

�

.

Section7.4providesaperformancecomparisonof thesethreealgorithms.Wenote

thattheseareby nomeanstheonly possiblealgorithms,but thesearerepresentativeof

theeffectivenessattainablewith differentdegreesof processing.

7.4 PerformanceEvaluation

In this section,we reporton someresultsfrom a preliminaryperformanceevaluation

of our beaconplacementalgorithms.We usenumericsimulationsto explore,in some

detail,theimplicationsof severaldesignchoices.

7.4.1 Goals,Metrics and Methodology

Ourgoalsin conductingthisevaluationstudywerethree-fold:

� Placetheperformanceof Grid andMax algorithmsin thecontext of theRandom

algorithm. This servesasa sanitycheckfor the intuition behindthe Grid and

Max algorithms,asalsoto explore the in�uence of the level of knowledgeon

algorithmperformance.

� Understandroleof beacondensityonalgorithmperformance.

� Understandimpactof noisesuchaspropagationlossesandterrainfeatureson

thebeaconplacementalgorithms.
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Wechoosetwo metricsto analyzeandcomparetheperformanceof ouralgorithms.

Thesemetricsarestatisticsevaluatedfor theobservedlocalizationerrorat all 
 �

�

�

�


��

�

� squarecornersobtainedby subdividing theregion.

Improvementin meanlocalizationerror
	

�

computesthedifferencebetweenmean

localizationerroratall measuredpointsin theterrainbeforeandafterthebeaconnode

is added. This metric indicatesthe overall impactof addinga beaconto quality of

localizationin theentireterrain.For agivenbeaconplacement
�

MeanErr�

�

�

�

�

�

���

�

�����	�

	

� �

�

�

�
�

�

�������

�

� �

� � �

�

�

� �

	�� � �

�

� �

�

�

	����

�

� �

�

�

where
�

� �

	�� �

�

� �

�


��

�

�

	��

�


��

�

�

�

	

� �

MeanErr�

�

�

�

�

�

�

� MeanErr�

��


�

�

�

�

�

Improvementin medianerror
	

�

computesthe differencebetweenthe median

localizationerrorat all themeasuredpointsin theterrainbeforeandafter thebeacon

nodeis added.This metric indicatesthe improvementdueto addinga beaconon the

quality of localizationat the top 50%of thepointswith thehighestlocalizationerror

at theterrain.

	

�

�

MedianErr�

�

�

�

�

�

�

� MedianErr�

��


�

�

�

�

�

(7.1)

We study thesemetricsas a function of beacondensity. We considera square

terrain of side 100m. Eachnodehasa nominal radio rangeof 15m. To study the

performanceof our algorithmsasa functionof beacondensity, we generatea variety

of beacon�elds of differentdensities.

In eachof ourexperiments,wevary thenumberof beaconnodesfrom 20to 240in

incrementsof 10 beaconnodes.Thecorrespondingbeacondensityvariesfrom 0.002

90



Table7.1: VariousGRID simulationparameters.

PARAMETER VALUE
�

�

�

� 100m
�

15m


��

�

� 1m

�

� 400

beaconsper squarem to 0.024beaconspersquarem. To put thesedensityvaluesin

context, thecorrespondingnumberof beaconspernominalradiocoveragearea(
	 �

� )

variesfrom 1.41 to 17. For eachdensity, we generate1000differentbeacon�elds.

Eachbeacon�eld is generatedby randomlyplacingthebeaconsin the
� 	�	 �

�

��	�	 �

squareterrain. The performancemetrics,for eachalgorithmandbeacondensity, are

averagedover the1000beacon�elds. To characterizethestability of our results,all

graphsinclude95%con�denceintervals.Thesimulationparametersarelistedin Table

7.1.

7.4.2 Impact of BeaconDensity

As observedearlier, beacondensityhasa considerableimpacton quality of localiza-

tion. To quantify this effect, we evaluatethe relationshipbetweenmeanlocalization

errorandbeacondensity. Figure7.5graphsmeanlocalizationerrorfor varyingbeacon

densitiesunderidealizedradiopropagationconditions.Weseethatthemeanlocaliza-

tion error falls sharplywith increasingbeacondensity, until it reachesa densityof

0.01beaconspersquarem (approximately7 beaconspernominalradiocoveragearea)

andsaturatesat around4m (
	

�

�

�

). We refer to this densityasthesaturation beacon

density. Thereis little to be gainedfrom deploying beaconnodesat more thanthis

density.
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Figure7.5: Meanlocalizationerrorvs. beacondensity(Ideal)

Our �rst experimentcomparesthe threealgorithmsunderidealizedradio propa-

gationconditions(i.e., perfectconnectivity for distances
	

�

, no connectivity other-

wise).Theaim of thisexperimentis to isolateandstudytheimpactof beacondensity

on theRandom,Max andGrid beaconplacementalgorithms.

Figures7.6 graphsthe improvementsin meanandmedianlocalizationerror for

variousbeacondensities.As expectedthe Randomalgorithmhasthe leastimprove-

ment.

At low densities(
	

	

�

	�	

� , much below saturationdensity),the Grid algorithm

clearlyperformsbest,with improvementsin meanlocalizationerrorat leasttwice that

of theMax algorithm.Grid achievessuchperformancebecauseit considersthequality

of localizationovera grid, andcanimprovemany pointsat once.Theperformanceof

Max is slightly betterthan Grid for regionsof moderatedensity(0.008to 0.02 per

squarem). At thesedensities,the pointswith maximumlocalizationerror arevery

loud,andMax suppressesthembetter. At very high beacondensities(�
	

�

	 �

beacons

persquarem), thequalityof localizationis saturated,andtheperformanceof thethree

algorithmsis aboutthesame.

A similar trendwith respectto beacondensityis observedfor themedianlocaliza-

tion error, althoughtheimprovementsin medianlocalizationerrorarerelatively more
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Figure7.6: Improvementin meanandmedianerrorsvs. beacondensity(Ideal)

modest(roughly25%of theimprovementsin theaveragelocalizationerrorwith Grid).

Thisis becausethealgorithmsareeffectivein �xing afew hotspotswith highlocaliza-

tion errorwith theadditionof asinglebeaconratherthanin improving thelocalization

throughouttheterrain.

From our analysiswe infer that, at leastunderidealizedconditions,our beacon

placementalgorithms(Grid andMax) areapplicableonly to a regimecorresponding

to low or insuf�cient beacondensity.

7.4.3 Impact of Noise

As statedearlier, idealizedradiopropagationconditionsareratherunrealistic.Random

noisecanseverelyaffect radioconnectivity [Rap96],andtherebydegradethequality

of localization. Sincethis noisecannotbe predicted,beaconplacementalgorithms
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Figure7.7: Meanlocalizationerrorvs. beacondensity(Noise)

mustadaptto it throughmeasurements.To studythe impactof noiseon our beacon

placementalgorithms,we modelrandompropagationnoiseasfollows. For eachbea-

con �eld, connectivity to any beacon
�

at any givenpoint
�

is determinedbasedon

a noisemodel. In our noisemodel,connectivity to a beacon
�

existsat a point
�

, if
�

�


������

��� �

�

	

�

�
	

�

�

��� �

���

� �

�

� �

. �

���

�

�

is thenoisefactorof thebeacon
�

, andis

chosenuniformly between0 and ���

�




� , themaximumnoisefactorfor the �eld.
�

is

chosenuniformly at randombetween�

�

and
�

. Theintentwasto createnon-uniform

propagationnoisefor thebeacons,andto createrandomregionswith higherpropaga-

tion noisethantherestof thelocation�eld. We do this becausetheimpactof noiseis

lessevidentwheneachbeaconhasanidenticalpropagation�eld. Notethatthis noise

modelis locationbasedandstaticwith respectto time i.e., not timevarying.Weuse4

differentsettingsof � �

�




� , 0 (correspondingto Idealpropagation),0.1,0.3and0.5.

To quantifytheimpactof noise,weevaluatethevariationin meanlocalizationerror

fromtheidealcasein thepresenceof noise.Figure7.7plotsthemeanlocalizationerror

asa functionof beacondensityfor variousnoiselevels.We observe a steadyincrease
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Figure7.8: Performanceof theRandomalgorithmwith Noise

asthe level of � �

�




� increasesfrom 0 to 0.5, in both themeanlocalizationerror for

eachbeacondensity(e.g., from 18m to 23m for 0.02 beaconsper squarem) andin

the saturationbeacondensity(from 0.01to 0.015beaconsper squarem). The mean

localizationerror follows thesamegeneraltrendwith increasingbeacondensitywith

noiseaswith idealizedradiopropagation.

Figure7.8graphstheimprovementin themeanandmedianlocalizationerrorwhen

anadditionalbeaconis placedwith theRandomalgorithm,for variousbeacondeploy-

mentdensitiesandnoiselevels.Thegainsin bothmetricswith theRandomalgorithm

aresomewhatunchangedwith noise. This resultis asexpected,becausenoiseis not

aninput in theRandomalgorithm,whichdoesnot makeany measurements.

Figures7.9 and7.10graphthe improvementin themeanandmedianlocalization

errorwhenanadditionalbeaconis placedwith theMax andGrid algorithmsrespec-

tively, for variousbeacondeploymentdensitiesandnoiselevels.Weobservethatnoise
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Figure7.9: Performanceof theMax algorithmwith Noise

makesregionsof moderatebeacondensities(0.005to0.01beaconspersquarem)more

amenableto improvement(improvementsof 0.5mto 1min meanerrorfor correspond-

ing increasesin meanerror of 1m to 3m) with the Grid algorithm, and to a lesser

extentwith theMax algorithm. The improvementsto themedianerrorarerelatively

unchangedwith noise,becauseaswe notedearlier, the focusof the algorithmsis on

improving a few hot spots.

7.4.4 Summary of Results

Thereareseverallessonsthatwecandraw from thisevaluationof or beaconplacement

algorithms:

� Our beaconplacementalgorithmsareapplicableto a regime correspondingto

low or insuf�cient beacondensitydeployment(
	

	

�

	 �

beaconspersquarem or
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Figure7.10:Performanceof theGrid algorithmwith Noise

7 beaconspernominalradiocoverageareain theidealcase).

� At low densities,the Grid algorithmhasthe potentialfor signi�cant improve-

mentsto the meanandmedianerrorscomparedto the Max or Randomalgo-

rithms.

� Whennoiselevel is increasedfrom 0 to 0.5,thereis asteadyincreasein boththe

meanlocalizationerror(up to 33%)andsaturationbeacondensity(up to 50%).

� TheGrid algorithmis clearlysuperiorto Max andRandomalgorithmsevenin

thepresenceof noise.Theperformanceof theRandomalgorithmis unchanged

with noise,whereasnoisemakesevenmoderatedensityregionsmoreamenable

to improvementwith theGrid algorithm.
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7.5 Summary

In this chapter, we emphasizedthe importanceof beaconplacementin localization

approachesandmotivatedthe needfor empirically adaptive beaconplacementalgo-

rithms. We describedthenotionof solutionspacedensity, which forms thebasisfor

ouralgorithms.

We outlineda generalapproachfor adaptive beaconplacementbasedon explo-

ration andinstrumentationof the terrainby a mobile humanor robot agent. We de-

signedandevaluatedthreealgorithmsbasedonthisapproach:Grid,Max andRandom.

Our algorithmsareapplicableto a regimeof low andmediumbeacondensitydeploy-

ment. In this regime,Grid clearly outperformstheMax andRandomalgorithms. In

oursimulations,weshowedthatbeacondensityratherthanthenoiselevel hasahigher

impacton theperformanceof beaconplacementalgorithms.Whenthenoiselevel is

increasedfrom 0 to 0.5,thereis asteadyincreasein bothmeanlocalizationerror(upto

33%)andsaturationbeacondensity(up to 50%). Thealgorithmsexhibited thesame

relative trendin the presenceof noiseasin an ideal scenario,althoughnoisemakes

regionsof moderatebeacondensitymoreamenableto improvement.

Although, we have evaluatedour algorithmsin the context of beaconplacement

for RF-basedlocalization,they maygeneralizeto otherproblemdomainswhereissues

of nodeplacementare rathercritical: global coverageor universalconnectivity in

wirelesssensornetworks, measurementbasedrepositioningof seismicsensornodes

(surfaceconditions,couplingwith thegroundaresigni�cant in�uenceson thequality

of sensingattainablein thesenodes).In traditionalInternetwebcaching,theplacement

of webcachesmaybedonebasedonanalysesof webtraf�c, webserver requests.

The novel aspectof our approachis the emphasison empirical adaptation. The

drawback with that approachis that its relianceon a mobile agentto make terrain
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measurementslimits its scalabilityto large terrainsandits applicability whenagent-

basedmeasurementsof localizationerroratarbitrarypositionsarenotpossible.
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CHAPTER 8

HEAP: Localized Incr ementalBeaconPlacement

An approximateanswerto the right questionis worth a gooddeal more

thantheexactanswerto anapproximateproblem.

— JohnTukey

You only needsit still long enoughin someattractivespot in the woods

thatall its inhabitantsmayexhibit themselvesto youby turns.

—HenryDavid Thoreau,fromthechapter”Brute Neighbors” in Walden

At low andmediumdensities,the beaconsdeployed in an ad hoc mannerfor lo-

calizationmay not be suf�cient to ensurerobust localizationthroughoutthe terrain.

AlthoughGRID servesa critical function in addressingthis problem,its drawbackis

its relianceonamobileagentto maketerrainmeasurements.This limits its scalability

to large sizeterrains. Furthermore,it cannotbe appliedwhenagent-basedmeasure-

mentsof localizationerroratarbitrarypositionsin theterrainmaynotbepossible.

In this chapter, we describeHEAP, an adaptive, localizedalgorithmthat enables

beaconsto selectcandidatepointsfor incrementalbeaconplacementin orderto im-

prove thequalityof localizationin theterrain.

As in thecaseof GRID, thegoalof HEAPis incrementalbeaconplacementi.e., to

discover placesto adda few new beaconsto maximizeimprovementin localization,

ratherthanto completelyre-deploy thebeacon�eld.
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Figure8.1: Information�o w in HEAP.

However, HEAP differs from GRID in two signi�cant respects.First, thesystem

measurementsaremadeby beaconsthemselves, not by anexternalagent.Thismeans

it is applicablewhenphysicalmeasurementsof localizationerrorin theterrainarenot

possible. Second,the HEAP measurementsaredistributed,not centralized.Conse-

quently, it is morescalableasthenumberof nodesin thenetwork increases.

In the restof this chapter, we describeboth the network architectureunderlying

HEAPaswell asthealgorithms.In thenext section,wedescribethedesignof HEAP.

We presentextensivesimulationsof HEAP in Section8.2andexperimentalresultsin

Section8.3 to validateits bene�ts in a real deployed RF-basedlocalizationsystem.

Finally, weconclude.

8.1 HEAP Design

The HEAP approachto incrementalbeaconplacementis basedon systemmeasure-

ments. In HEAP, the wirelessnetwork consistsof threeentities: Node, Beaconand

a Placer. Beaconsexchangeneighborhoodinformationwith eachotherto determine

suitablecandidatepointswithin their localneighborhood(for example,within aregion
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Figure8.2: Illustrationof theHEAP-GRIDalgorithm.

of radius� aroundthebeacon)for addingnew beacons.Becausenew beaconsneedto

bephysicallydeployed,a controllingagency is needed.Beaconssendtheir candidate

pointsto thePlacervia intermediatenodes.ThePlacerdeploysnew beacons.

In systemswherethePlaceris �x edandlocatedfar from energy-constrainedbea-

cons,hop-by-hopcommunicationratherthandirect long rangecommunicationto the

destinationsite is preferablefor energy-ef�ciency. Furthermore,it is infeasibleto

transmitall dataacrossthe network, even hop-by-hop. By performinglocal com-

putationto reducedatabeforetransmission,ordersof magnitudeenergy savings can
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beobtained[PK00]. Intermediatenodesaggregateandrelaydatafrom thebeaconsto

theplacerhopby hop.

Information �o w in HEAP is illustratedin Figure8.1. Data is transmittedfrom

beaconsto theplacer, with in network aggregationat intermediatenodes.

HEAPmeasurementis adistributedalgorithmthatdependsonin-networkprocess-

ing to selectplacementsites.Theonly centralizedpartis theplacer. It is requiredonly

becausewe assumeincrementalnodedeploymentfrom a singleagency (we selected

this de�nition for comparisonwith prior centralalgorithmssuchasGrid, describedin

Chapter7). A fully distributedvariationon theHEAP algorithmwould allow a node

to deploy additionalbeaconsif improvementpassedsomethreshold.

8.1.1 Algorithms

Information�o w in HEAPcanbesetupusingoneof severaldatadisseminationmech-

anismsproposedin theresearchliterature [HCB00, IGE00]. Oncethis is in place,the

threeentitiesBeacon,NodeandPlacerexecutetheirparts.

Beacon
�

: A beaconexchangesinformationand learnsto estimateits beacon

neighborhood.It thenselectsacandidatepointandsendsit to its �

�

� �

� � node.

Node� : An intermediatenodein thehierarchyreceivescandidatepointsfrom all

its neighborbeaconsandchild nodes.It selectsandforwardsoneof thesecandidate

pointsto its �

�

���

� � node.

Placer
�

: Theplacerreceivescandidatepointsfrom all its neighboringbeacons

andchild nodes.It eliminatesany candidatepointsthatdo not satisfyconstraintsand

selectsgoodpointsfor addingnew beacons.

103



8.1.2 NeighborhoodEstimation

Beforea beaconin HEAP canselecta candidatepoint, it needsto estimateits beacon

neighborhoodto thenumberof hopsappropriateto its candidatepoint selectionalgo-

rithm. Thisisaccomplishedbyexecutingthealgorithm
�

�

�

� �

�

� �

�

�

�

� � �

�

� �

�

�

�
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�

at Beacon
�

. In this algorithm, beaconsinclude information aboutother beacons

in their neighborhoodof a certainscopein their advertisements.A beaconiterates

�

� ���

�

�


 times,increasingits scopeby 1 eachtime.
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We considerHEAP-GRID,a simplealgorithmfor selectingcandidatepoints,that

extendsthebasicGRID algorithmproposedin [BHE01a]. Wealsoexperimentedwith

HEAP-MAX (see[BHE01b]), the HEAP distributedalgorithmwith the MAX eval-

uationfunction in [BHE01a], but do not reporton it herebecausethe HEAP-GRID

functiongivesbetterperformance.

8.1.3 CandidatePoint Selection

TheHEAP-GRIDalgorithmfor candidatepoint selection,learnstheneighborhoodof

a beacon,but with a larger scopeof 4 hops. This is illustratedin Figure8.2. Bea-

conB determinescandidatespointsin its neighborhood,in this casea squareof side
�

� �

�����

� basedon the locationsof its neighborbeacons.Its approachis to simulate

thecumulative localizationerrorovereachgrid for severaluniformly separatedpoints

in its neighborhood.It dividestheneighborhoodinto a few squaregrids,andpicksthe

grid centerwith thehighesterrorasacandidatepoint. This is basedontheobservation

thataddinga new beaconaffectsits nearbyarea,not just thepointwhereit is placed.

Algorithm
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�

.

Step2 Divide
�

into �

� partiallyoverlappinggridsasfollows.
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Step4 Return �
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of thegrid �
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�

�

with maximumcumulativelocal-

izationerrorastheselectedcandidatepoint.

AlthoughHEAP-GRIDis by no meanstheonly possiblealgorithm,it is represen-

tativeof theeffectivenessattainablewith a localizedalgorithm.

8.1.4 Err or Estimation

Oneof theaspectsof candidatepoint selectionby a beaconis to estimatelocalization

errorat variouspointsbasedon its knowledgeof thebeaconneighborhood.Thiserror

estimationis the domain-speci�cpart of beaconplacement,one can substitutethe

procedurebelow for connectivity basedlocalizationwith otherprocedures.
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8.2 DetailedSimulations

Wehaveusedsimulationsto explore,in somedetail,theimplicationsof severaldesign

choicesin HEAP. In this section,we reportonsomeresultsfrom thesesimulations.
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8.2.1 Goals,Metrics and Methodology

Our goalsin conductingthis evaluationwere two-fold: (i) CompareHEAP perfor-

manceto acompletelyRandomalgorithmaswell asto acentralizedalgorithm(GRID)

with globalknowledgeof beaconpositionsandterrainor connectivity conditions.(ii)

Understandthe impactof noisecausedby propagationlossesandterrainfeatureson

thebeaconplacementalgorithms.

Wechoosethesamemetricsto analyzetheperformanceof ouralgorithmsasthose

usedin Chapter7. Thesemetricsarestatisticsevaluatedby samplingthelocalization

erroratall 
��

�

�

�


��

�

� squarecornersobtainedby subdividing theregion.

Improvementin meanlocalizationerror
	

�

computesthedifferencebetweenmean

localizationerroratall measuredpointsin theterrainbeforeandafterthebeaconnode

is added. This metric indicatesthe overall impactof addinga beaconto quality of

localizationin theentireterrain.For agivenbeaconplacement
�
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Improvementin medianerror
	

�

computesthedifferencebetweenthemedianlocal-

izationerrorat all themeasuredpointsin theterrainbeforeandafterthebeaconnode

is added.Thismetricindicatestheimprovementdueto addingabeacononthequality

of localizationat the top 50% of the pointswith the highestlocalizationerror at the

terrain.

	

�

�

MedianErr�

�

�

�

�

�

�

� MedianErr�

��


�

�

�

�

�

(8.1)

Westudythesemetricsasafunctionof beacondensity. In addition,weassume
��

�

�

�

� �

.
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Table8.1: Terrain-in�uencedshadowing modelparameters.

PARAMETER DEFINITION VALUE

� Wavelength 0.333m
� �

Pathlossexponent(unobstructed) 2
�

�

Pathlossexponent(obstructed) 4
�

�

�

Standarddeviationof noise 5
�

� TransmittedPower 660mW

To understandhow HEAPcopeswith noisyradiopropagation,weevaluatedHEAP

for both(i) idealradiopropagationconditionsand(ii) aterrainbasedshadowing model

(usesa bitmapof the terrain). We portedthe latter from Arena/ns[YVS01] to our

simulations. The experimentswerecarriedout in a simulatedsquareterrainof side

100m. From Figure8.4 we canseethat the environmentcontainsboth obstructions

andgood terrain, so the terrain basedpropagationmodel is quite appropriate.The

variouspropagationmodel parameterswe choseis summarizedin Table 8.1. The

valuesof
�

and �

�

�

arechosenfrom therangesof their typical values[Rap96]. The

terrain-basedshadowing modelhasdifferentvaluesof
�

for line of sightandnonline

of sightrespectively.
�

� , thetransmitpower is selectedfrom [Kai00] and
�

�������
	�� , the

receiving thresholdis setto be the receive power at the nominalradio range
�

�����

�

using Friis free spacemodel [Rap96]. Thesedo not necessarilyre�ect the details

of real environmentbut are representative of a rangeof environmentsin which our

algorithmsmaybeused.

8.2.2 Impact of BeaconDensity

To comparetheperformanceof HEAP, ourlocalizedalgorithmfor variousbeaconden-

sitieswith GRID, centralizedmeasurementbasedalgorithmdescribedin [BHE01a],
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Figure 8.3: Performancecomparisonof HEAP with centralizedalgorithmsfor the

meanandmedianlocalizationgranularitymetrics.

weconductedthefollowing simulationexperiment.Wevariedthenumberof beacons,

� from 20 to 80 in incrementsof 20. Thenominalradiotransmissionrangeof a bea-

con
� ���

�

�

. Correspondingly, � , thenumberof beaconspernominalradiocoverage

area( �

�

�

���

� ) variesfrom 1.41to 5.64.We generated1000differentbeacon�elds per

beacondensity. Eachbeacon�eld is generatedby randomlyplacingthe beaconsin

the
��	�	 �

�

� 	�	 �

squareterrain.Performancemetricsfor eachalgorithmandbeacon

densityareaveragedover the1000beacon�elds. To characterizethestability of our

results,all graphsinclude95 percentilecon�denceintervals.

Figure8.3plotstheimprovementsin themeanandmedianlocalizationerrorsasa
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Figure8.4: HEAPCandidatePointSelection.Idealcasevs. terrainwith wall.

functionof beacondeploymentdensityfor bothidealradiopropagationmodelandthe

terrainbasedshadowing model.

With ideal radio propagation,both algorithmsperformwell for low densities(
*

�

�

�

�

� �

� ), but GRID hasthepotentialfor signi�cant improvements.For all thethree

algorithms,themetric
	

�

(improvementin meanlocalizationerror)decreasesrapidly

for densities�

�

�

�

�

� �

� , andsaturatesfor densities�

�

�

�

�

� �

� . The gain in me-

dianlocalizationerror(metric
	

�

), for GRID relative to HEAP-GRIDis considerably

lowerthanmetric
	

�

. BecauseHEAP-GRIDselectscandidatepointsonly in thelocal

neighborhood,it is unlikely to identify noisy pointsaswell as the centralizedalgo-

rithms. Its worstcaseimprovement,andconsequently, meanimprovement
	

�

tends

to bemuchsmaller.

Thetrendexhibitedby metric
	

�

for idealradiopropagationis furtherexempli�ed

for theterrain-in�uencedshadowing modelfor radiopropagation,asFigure8.3shows.

In theterraincase,for low densities,thetotal numberof noisypointsfar exceedsthe

idealcase.GRID which instrumentsthewholeterrainleveragesthis andpostshigher

gainsin meanerrorby substantiallyimproving a largenumberof badpoints. HEAP-

GRID focusesonmoderatelybadpointsandthereforeimprovementis relatively lower.

Themedianerrorimprovementsfor theterraincasefor HEAParealsomuchbetterfor

higherdensities.
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Although the gain for HEAP doesnot equalthe centralizedalgorithm,both are

comparable.Moreover, HEAP is distributedandthereforemuchmorescalable.

8.2.3 Impact of Terrain Features

To qualitatively evaluatetheeffectivenessof HEAPin selectinggoodcandidatepoints

in anoisyterrain,weconductedasecondsimulationexperimentwhereininitial beacon

placementis alwaysuniform,varyingthenumberof beacons� andthetransmission

range
�

. � = 25,36,49,64,81and100.
�

= 15m,20m,and25m.In eachcase,HEAP

is run to determinethecandidatepointsfor two scenarios(a) anideal terrainwith no

obstaclesand(b) aterrainwith awall in themiddleshown in Figure8.4. In Figure8.4,

eachpoint representsa new placedbeaconfrom onesimulationrun. Candidatepoints

shown are thoseselectedin 20 runsof HEAP with uniform placementfor both the

idealcaseandfor a terrainwith awall in themiddle.Theright plot addsawall (shown

in grey) asterrain. A simpleboundaryconstraintis appliedto remove algorithmbias

towardscandidatepointsat thecornersof theterrain.Candidatepointsshift closerto

thecenterwhenthereis awall in themiddle.

In the idealcase,HEAP-GRIDselectscandidatepointscloserto theperipheryof

theregionenclosedby theboundaryconstraint.This is becauseit selectsthecenterof

thegrid with thehighestcumulative localizationerror, andin theidealcasesuchgrids

aremore likely to be locatedat the edgesof the terrain (even with uniform beacon

placementand the boundaryconstraint). For the terrain, the candidatepoints shift

closerto the centernearthe wall. The actualpointsselecteddependon the beacon

density, rangeandpositionsof thebeaconsrelative to thewall.

Despitehaving to dealwith erroneousinformation(poor neighborhoodapproxi-

mation,idealizedradiomodeletc.),theHEAP algorithmsareableto selectcandidate

pointscloserto a terrainfeaturesuchasa wall. However, sucha resultmay not be
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Figure8.5: Beacondeploymentin theUCLA LECSLaboratory.

valid for verysmallterrainobjects,suchasfoliage.

8.3 Experimental Results

We alsoevaluatedHEAP in a real testbeddeploymentto verify its effectiveness.We

deployeda localizationsystemconsistingof 16beaconsin anindoorenvironment,the

Laboratoryfor EmbeddedCollaborative Systems(LECS)at UCLA (seeFigure8.5).

Beaconmotesareattachedto theceiling tiles of a lab with partitionsandopenspace.

The con�guration in which beaconsareplacedis shown in Figure8.6. Each+ sign

indicatesa beacon.16 beaconsareuniformly locatedin a
�

�

�

�
�

feetsquareregion,

with adjacentbeacons
�

feetapart.Wechoseanindoorsettingfor thisexperimentbe-

causetheradiopropagationis not idealindoorsdueto multi-patheffects,andtherefore

it providesusaninterestingtestcaseto studyhow well HEAP helpsthesystemadapt

to its environmentalconditions.

We variedthe transmissionpower andfrequency settingsusingsoftware-enabled

controlcommands(seeSection4.4).For eachuniquesetting,wecollectedthefollow-

ing data:
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Figure8.6: Thecon�gurationin whichbeaconsareplacedin theLECSlaboratory.

Table8.2: Controlparametersfor thebeaconsystem.

PARAMETER VALUE

TransmissionPower/PotentiometerSetting 75

BeaconingInterval (seconds) 3

� BeaconConnectivityMeasurements:Eachbeaconmeasuresits connectivity to

otherbeacons.We obtainthe beaconnetwork topologyfrom the connectivity

measurementsof all beacons.

� LocalizationError Measurements: We measurelocalizationerror at various

points in the terrain by walking acrossthe room and collecting dataat spac-

ings of 2 feet. For eachpoint, the localizationerror is averagedover several

trials.

We foundrealexperimentsto beveryvaluable.Weobservedthefollowing for our

experimentwith 16beacons:
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Figure8.7: Beaconconnectivity graphobtainedin ourexperiment.

� At thesamephysicalpoint, thelocalizationestimatevariedover time.

� Theconnectivity relationbetweentwo beaconsvariesover time.

Becausecandidatepoint selectionin HEAP is basedon beaconconnectivity rela-

tions, theconnectivity graphprovidesuscompleteinformationto emulatetheHEAP

algorithm.Wephysicallydeployednew beaconsatcandidatepointsselectedby HEAP

andrecomputedthelocalizationerrorat variouspointsin theterrain.

Table8.2 refersto the control settingsusedfor the experimentwhoseresultsare

shown in Figures8.7and8.8.
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Figure8.8: Candidatepoint selectedby HEAP.

Figure8.7 plots the BeaconConnectivity Graph. Connectivity of eachbeaconis

shown in a separategraphandbeaconsarenumbered.Connectivity betweenbeacons

is sometimesasymmetric(asin beacons1 and6), andsomebeaconshave a greater

connectivity degreethanothers(compare5 with 9). Thecornerbeacon4 hasno con-

nectivity. We canseethat it is asymmetric,somebeaconshave greaterconnectivity

thantheothers.Thisconnectivity graphwasusedto emulatetheHEAPalgorithm.

Figure8.8displaysthecandidatepointselectedbyHEAPtoaddanew beacon.The

plus (+) sign indicatepositionsof beacons.Thecross(X) sign indicatestheposition

of thecandidatepoint selectedby theHEAPalgorithm.We canseethatthecandidate

point is very closeto the positionof the failed beacon(beacon4 in the lower right

cornerin Figure8.7).

We physicallyaddeda new beaconat thecandidatepoint. Figure8.9plotsthecu-

mulativedistributionfunctionof thelocalizationerrorbeforeandafterthenew beacon

wasaddedat thecandidatepoint selectedby theHEAP algorithm. While themedian
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Figure8.9: Cumulativedistributionfunction(CDF)of localizationerror(experiment).

error remainsthe same,thereis signi�cant improvementin the 90%ile error (drops

almost50%from
���

feetto
�

feet).ThisshowsusthatHEAPcanbeeffective in a real

environment.

8.4 Discussion

Fromourdesignandevaluationof HEAP, wecandraw thefollowing generallessons.

1. Our simulationsshow that localizedandadaptive algorithmssuchasHEAP are

effective in comparisonto centralizedadaptive algorithmssuchasGRID in ad-

dressingbeaconplacement.This is becausetherelevanceof informationneeded

by abeaconfor algorithmiccomputationdropsasafunctionof distanceor num-

berof hopsto thebeacon.

2. Our experimentalresultsshow thatHEAP canbene�t a realdeployedlocaliza-

tion system. This proves that adaptive self-con�gurationto terrain and envi-
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ronmentcharacteristicsbasedonly on local coordinationamongbeaconsand

withoutasystemor terrainmodelis bothfeasibleandworthwhile.

3. Proximity-basedlocalizationhasa beacondensitybeyondwhich thebene�t of

additionalbeaconsfalls off. This observationsuggeststheSTROBE algorithm

targetinghigh beacondensities,evaluatedin thenext chapter. More generally,

the studyof performanceasa function of densityis importantfor algorithms

involving many nodes.

8.5 Summary

In thischapter, wepresentedHEAP, ourlow-complexity algorithmfor self-con�guration

at low andmediumbeacondensities.HEAP usesthedesignprincipleof localizedal-

gorithmssetforth in Chapter3.

Wepresenteddetailedsimulationstoshow thatHEAPcanachieveresultscompara-

ble to centralizedadaptivealgorithms.Finally, we presentedexperimentalresultsthat

demonstratedthebene�tsof HEAP in a realdeployedlocalizationsystem.HEAP is a

generalframework to selectcandidatepointsfor addingnew beacons.Theonly aspect

of HEAP that is domainspeci�c is theerrorestimationfunctiondescribedin Section

8.1.4.HEAPcouldbeappliedto otherlocalizationsystemswhichusebeacons.
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CHAPTER 9

STROBE: Selectively TuRning Off BEacons

Sleepis the interestwe haveto pay on the capital which is called in at

death;andthehighertherateof interestandthemoreregularly it is paid,

thefurther thedateof redemptionis postponed.

— Arthur Schopenhauer

In this chapter, we describeSTROBE, an algorithmfor rotating functionality in

denselydeployed beaconnetworks in orderto enablecoordinationamongstbeacons

without interferenceandextendoverall systemlifetime. We motivateour choiceof

density-adaptive protocolsas a building block, especiallyin the context of beacon

networksfor localizationin Section9.1.Wepresentthedesignof STROBEin Section

9.3 andan analysisof its energy usagein Section9.4. We presentthe evaluationof

STROBE usingsimulationsandexperimentin Sections9.5 and9.6 respectively. We

presentourconcludingremarksin Section9.8.

9.1 Moti vation

A key requirementfor large scalesensornetworks is robust, unattendedoperation.

Hereit maynot be feasibleto improve localizationby addingnew beaconsat empir-

ically determinedpoints,aswith HEAP. Instead,we would begin with a very dense

beacondeploymentinitially, andthenrotatefunctionalityamongstbeacons(by turn-
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ing themon andoff) to maximizelifetime. Notethattheeconomiesof scaleinvolved

in massivedeploymentprovide a soundincentive for deploying beaconsvery densely

initially, insteadof deploying a few beaconsinitially andthenreplacingthemor re-

charging them whenever they run out of energy. If nodesare cheapenough,pre-

deploymentreduceslateradministrativecosts.

Theacronym STROBE standsfor Selectively TuRningOff BEacons.Thegoalof

theSTROBEalgorithmis for beaconsto cooperatively achieveanadaptiveoperational

densitywithoutdiminishingthelocalizationgranularity.

For beacondeploymentdensities�

�

� �

�

�

�

muchgreaterthanthesaturationthreshold
� ������� 	 � , tuningtheoperationalbeacondensitycanprovide severaladvantageswithout

diminishinglocalizationquality. First, the duty cyclesof individual beaconscanbe

reducedwithout diminishinglocalizationgranularity, thusincreasingsystemlifetime.

Second,with fewer operationalbeaconsat any instant, the overall numberof bea-

con transmissionsare reduced,therebyreducingthe probability of self-interference

amongstbeacons6.3. Finally, a higherpercentageof beaconscouldremainactive in

noisierobstructedpartsof the terrain,whereasa smallerpercentageof beaconsmay

needto beactivein unobstructedterrain,achieving similar localizationgranularityand

theadaptiveself-con�gurationthatmotivatesthiswork.

9.2 DesignConsiderations

We have madesomeassumptionsin thedesignof STROBE. We statetheseassump-

tionsanddiscusstheir implicationsbelow.

� Beaconsarestaticandcomputetheir positiononly once.Therefore,we canig-

noreboththecomputationalandcommunicationenergy for continuousposition

estimationof beacons(for example,GPSacquisitionoverhead).
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� Clientsmaybemobileandneedto updatetheir positionscontinuously. There-

fore,beaconsneedto remainactivethroughoutthesystemlifetime. 1 Thismoti-

vatestheneedfor acontinuousor periodicallyadaptivealgorithmlikeSTROBE.

� Theinterval betweensuccessive beacontransmissionsremains�x edduringthe

systemlifetime. While this is not inherentlynecessary, it considerablysimpli�es

ourdesignandanalysis.

STROBE mustaccomplishseveral goals. First, it mustmaintainuniform local-

izationgranularity both acrossthesystemandover time. Second,it mustmaximize

systemlifetimebothby minimizing theenergy usageateachbeaconaswell asby load

balancingenergy usageacrossthebeacons.Third, it mustminimizeconvergencetime

of thebeaconinfrastructurefrom aninitial statewhereall thebeaconsareactive to an

energy-ef�cient state,whereonly the thresholdlevel of beaconsneededto maintain

the desiredlocalizationgranularityareactive. Finally, after convergenceto a steady

state,thesystemshouldnot deviatesigni�cantly from it.

9.3 STROBE Design

In this section,wediscussthedesignof STROBE.Wediscussthedutycycleof abea-

con in STROBE, andthedecisionmakingapproachthatgovernsthestatetransitions

in thisdutycycle.

9.3.1 STROBE Duty Cycle

Typically, eachbeacontransmitsonepositionadvertisementin a beaconinginterval
���

andsleepsfor theremainderof theinterval. Eachpositionadvertisementhasfour
�

If theratioof clientsto beaconsis verysmall,thenthesesystemscouldbetriggered.

121



BeaconIdenti�er BeaconPosition PacketSequenceNumber BeaconStatus

Figure9.1: BeaconPositionAdvertisementPacketFormatfor STROBE.

�elds: beaconidenti�er, beaconposition,sequencenumber, beaconstatus. Beacon

statusis usuallysetto beUP(seeFigure9.1).

In STROBE, a beaconcanbe in oneof threestates:Voting (V), Designated(D)

andSleep(SL). The statetransitiondiagramis depictedin Figure9.2. Beaconscan

switchfrom Voting to Designatedor Sleepstatesandvice versa.All beaconsstartout

in theVotingstate,wherein,abeaconturnson its radioandbroadcastspositionadver-

tisementsevery
���

secondsandalsolistensfor advertisementsfrom its neighboring

beacons.Whena beaconnodeentersVoting state,it setsa timer for
� �

seconds.

Whenthetimer �res, it evaluateswhereit shouldgoto sleepbasedonadecisionmak-

ing processexplainedin Section9.3.2.If so,it broadcastsanadvertisementwith State

set to be DOWN and transitionsto the Sleepstate. Otherwise,it transitionsto the

Designatedstate.A beaconnodein sleepstatewakesup after a sleeptime
� �

� and

transitionsbackto Votingstate.A beaconnodein Designatedstateperiodicallyadver-

tisesat intervals
� �

for a time
���

andthentransitionsbackto Voting state.A beacon

nodein Sleepstatewakesupafterasleeptime
� �

� andtransitionsbacktoVotingstate.

Distinct Voting andDesignatedstatesarenecessaryin orderto avoid theoverhead

incurreddueto receiving advertisementmessagesfrom otherneighborbeaconswhen

in theVoting state.Threeimportantparametersof STROBE that in�uence its energy

usageandsystemlifetime are
� �

	

���

, and
� �

� .
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Figure9.2: StateTransitionDiagramfor STROBE.

9.3.2 BeaconDecisionMaking

During theVoting state,a beaconevaluates
�

, thenumberof currentlyactive beacons

thatareits neighbors.

�
�

�

�

� �

�

�

�

���

�

�

(9.1)

where
�

� � is thesetof all beaconsit heardfrom whosemostrecentadvertisedstateis

UPand
�

�

���

� thosewhosemostrecentadvertisedstateis DOWN.

This meansthatthenumberof activebeaconsin its neighborhood,includingitself

is
�

� �

. Let � �������
	�� bethethresholdnumberof beaconsin any givenneighborhoodat

which thelocalizationgranularitysaturates.

If �

�
���

�%	

� �������
	�� , thenit hasto remainactive. If �

�
���

���

� ������� 	 � , thenits

transitionprobability � to theDesignatedstateis givenby:

�

�

� �������
	��

�
� �

(9.2)

With probability �

�

�

�

�

it transitionsto theSleepstate.
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Probability Analysis

Supposewehave �

�

�

�

� �

�

�

�

beaconsin somearea.Only �

�

���������
	�� needto perform

agiventask,therestcango to sleep.

Let eachnodeindependentlydecideto participatein the taskwith probability � .

Whatshouldtheprobability � of anodeparticipatingin agiventaskbe?

Let
'

be the randomvariablethat indicateshow many beaconsactuallypartic-

ipate in the task. The probability distribution function of X is the simple binomial

distribution:

�

�

� ' �

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

� �

Probabilitythatthetaskis accomplishedis
�

�

� '

�

�

� .

�

�

� '

�

�

�

���

�

	

� �

�

��� �

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

� �

This equationgivesa phasetransitionat �

�

�

�

� [KBW02]. Thus, the actual

probabilityof statetransitionshouldbesetto slightly higherthan �

�

� .

Note that this is a very simpledecisionmakingapproach,in�uenced only by the

numberof currentlyactive neighbors
�

. It is memoryless[Pap91] — statetransitions

dependonly on thecurrentstatearenotgovernedby ahistoryof previousstatetransi-

tions.Thismakesit really simpleto implementandanalyze.

More sophisticatedapproachescould incorporateinformationsuchasenergy re-

serve of a beaconandits neighbors,aswell asbiasa beacon's currentestimateof
�

basedon a previoushistoryof measurements.However this would requirebeaconsto

maintainsomeadditionalstate,which increasescomplexity.
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Table9.1: Terminologyusedin energy analysisof STROBE.

TERM DEFINITION
�

� Transmitpowerof abeacon's radiotransceiver
���

Receivepower
� �

Idle power
���

Sleeppower
���

Beaconinginterval
�

� Transmittimeof a beaconadvertisement

� Maximum(Initial) Energy of a beaconnode
� ��� �
�
	 � Thresholdbeaconspernominalradiocoveragearea
�

�

� �

�

�

�

Actualmeanbeaconspernominalradiocoveragearea

9.4 Energy Analysis

As we statedin Section3.4, localizedalgorithmssuchasSTROBE aresensitive to

choiceof parameters.To betterunderstandthein�uenceof suchparameterchoicesand

to characterizetheperformanceof STROBE,we presenta simplemodelandanalysis

of energy usage.

Ourenergy modelcharacterizesonly theenergy usageof theradiotransceiveronly

and doesnot explicitly model processorenergy. There is a reasonfor this: Typi-

cal processingcostsaremuchlower thancommunicationcosts[PK00]. Additionally,

transmissionof beaconadvertisementsis notacomputeintensiveactivity.

Table9.4summarizestheterminologyweusein ourenergy analysis.
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9.4.1 SimpleBeaconing

In simplebeaconing,eachbeacontransmitsoneadvertisementin abeaconinginterval
���

andsleepsfor the remainingpart of the interval. Energy consumedby a beacon

nodeperbeaconinginterval:

�

� � �

�

���

�

� ��� �

�

���

�

�

�

�

(9.3)

Powerdissipatedby abeaconnodeperbeaconinginterval:

� � �

�

�

��� (9.4)

Lifetime of abeaconnodewith simplebeaconing:

�

� �

�

� � (9.5)

We observe thatthelifetime of any adaptiveoperationaldensityschemecannever

exceed�

�

�����������

�

���

�

���	�

�

�

�

.

We observe that in a realisticengineeringdesign,we would try to keep
� �

, the

beaconinginterval ashighaspossible.Evenwhenbeaconsaredenselydeployed,they

will not be deployed at a factorseveral timeshigherthan � ��� �
�
	 � , so asto minimize

costs.Theproportionof
���

,
���

, and
�

� dependson thespeci�csof theradioconsid-

ered.For radiossuchastheWINS-NGtransceiver [Kai00], this ratio is approximately

1:10:20,for WaveLanradiosthis is measuredas1:1.05:1.6[SK97].

9.4.2 STROBE

As discussed,abeaconcanbein any of threedifferentstatesin STROBE.

Let
�

be the meandegreeof a beaconnodei.e., the numberof active neighbors

from whomit receivesadvertisementsduringtheVotingcycle.
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Theoverheadincurredin theVotingstateis substantialcomparedto simplebeacon-

ing. This meansthata nodemusttransitionfrom theVoting stateto simplebeaconing

Designated, which alsojusti�es theuseof 3 statesin STROBE.

Without lossof generality, we assumethat
���

and
� �

� are integral multiplesof
���

. Thus,theenergy consumptionin thethreestatesfor STROBE is givenby:

�

� �

���

���

�

�

�

�

� �

�

� � � ��� � �

�

� � � �

�

���

� �

� � �

�

���

�

� �

�

�

�

� � �

�

� ���

�

� � � �

Thepowerconsumptionin thethreestatesof STROBE is givenby:

� � �

�

�

�

���

�

�
�

� ��� ���

�

� � � �

�

���

� �

�
� �

�

� �

�

� �

���

���

�

� ���

� � � � �

Let �

�

and �

�

� bethetimespentby thebeaconsin theV andSL statesrespectively.

Thus,thelifetime of abeaconnodein STROBE:

�

�

�

�

�

��� �

�

� �

�

� �

�

�

�

�

�

�

� � � � �

�

� � � � �

�

�

�

� ���

�

Additionally, from thestatetransitiondiagramof STROBE weconclude

�

� � ��� ���

�

�

�

��� � � �

�

�

�

�

��� � �����

Ideally in a system,eachnodelistensandsleepsfor thesameproportionof time

asall theothernodes.Assuming����� �
�
	 � beaconsper neighborhoodareactive at any

pointof time,

�

�

�

�

� �

�

�

�

�

�

� �

�

�

�

�

� ��� �
�
	 �

� ������� 	 �

(9.6)
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Substitutingfor �

�

� from Eqn.9.6in Eqn.9.6andsetting
� �

�

� ���

for goodload

balancing,weget

�

�

�

� �

�

�

�

�

�

� �

�

�

�

� �������
	��

�

�

� �

���

���

�

(9.7)

This impliesthatthebestcaselifetime of abeaconnodein STROBE,

�

�

�

�

�

��� �

�

�

� �

�

�

�

�

� �������
	��

���

���

�

���

�

���

�

�

�

� �

�

�

�

�

�

�

�

�

��� �

�

�

� �

�

�

�

�

�

�

�

� �

�

�

���

�

�

�

� �

�

�
	

�

	

�

�

� ��� �
�
	 �

Ouranalysisof theaboveequationgivesustheinsightthat
� �

=
� �

� shouldbeset

very high comparedto
���

. However this disguisesonesimplefact, settingthe ratio
��� �����

veryhighmaynot loadbalanceenergy verywell.

9.5 DetailedSimulations

We have conductedextensive evaluationsof STROBE usingsimulations.In this sec-

tion, wediscussour �ndings.

9.5.1 Goals,Metrics and Methodology

Our goalsin evaluatingSTROBE usingsimulationsareto answerthefollowing ques-

tions:

� Is STROBE effective?

� How dovariousparametersaffect its performance?

� How well doesSTROBE performcomparedto theoptimalcase?
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We useseveral metricsin our evaluation. We study the following metricsas a

functionof time.

� % BeaconsActive -
� �

� �

�

� �

�

�

�

: Percentageof total beaconsthat are in either

Voting or Designated(D) statesatany giveninstantof time.

� % BeaconsAlive -
� �

�

�

� �

�

�

�

: Percentageof total beaconsthat possessenergy

reservesgreaterthanzeroatany giveninstantof time.

� Medianlocalizationerror of the terrain -
	

�

�

�

� � �

�

�

: at any given instantis

calculatedasfollows. Dividetheterraininto squaresof size
� �

�

� �

. Consider

all the pointsin the terrainthat correspondto cornersof the square.Compute

localizationestimatesat thesepointsbasedon beaconsactiveat thatinstantand

thecorrespondinglocalizationerrors.Themedianof theselocalizationerrorsis

approximatedto bethemedianlocalizationerrorin theterrain.

We usetwo othermetrics.

� First nodedeath: Time elapsedsincethe start beforeany single nodein the

terrainrunsoutof energy.

� Systemlifetime: Timeelapsedsincethestartbeforethemedianlocalizationerror

exceedsan operationalerrorthreshold(for example,
	

�

�
� �

�����

� ).

For our simulations,we choosean energy consumptionmodelto mimic realistic

sensorradios[Kai00]. Theseparametersarealsousedin [IGE00] andaresummarized

in Table9.2.
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Table9.2: Energy consumptionparametersusedin STROBE evaluation.

POWERDISSIPATION RADIO OPERATION MODE VALUE
�

� Transmit 660mW
���

Receive 395mW
� �

Idle 35mW
���

Sleep 0 mW

��� � ���
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Figure9.3: STROBE performancefor two ratiosof
���

��� .

9.5.2 Sensitivity to STROBE Parameters

To studythesensitivity of STROBE performanceto its parameters,especiallytherate

of adaptation,
���

��� , we simulateda terrainof area
��	�	��

�

��	 	 �

with 100 randomly

placedbeaconsin the terrain. The nominalradio rangeis
��	 �

. Thusthenumberof

beaconspernominalradiocoverageareais around12( �

�

� �

�

�

�

��� �

	

� �������
	��

���

). Each

nodehasastartingenergy of 10000J.Transmittime(
�

� ) of abeaconadvertisementis

0.025seconds.Beaconinginterval
� �

is setto be1 second.
� �

is setto be5 seconds

and
���

is variedto be
���

and
��	�	����

.
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Figure9.3comparestheperformanceof theSTROBE algorithmfor variousratios

of
���

��� with respectto thesemetrics: medianlocalizationerror, percentageof active

beacons,percentageof beaconsalive at nodes.Thesimulationterminateswhennone

of thenodeshassuf�cient energy to eithertransmitor receivepackets.

Thetop row correspondsto theration
���

���

� �

andthebottomrow correspondsto
���

���

��� 	�	

. Thesimulationparametersare
� � � 	

m, �

����	�	

,
� �

= 1s,
��� �

�

���

, �

= 10000J,andthesnapshotperiodis 100s.

Increasingthe ratio
���

� � improvesthesystemlifetime. For instance,the �rst node

deathsoccurat 90000secondsand200000secondsrespectively for valuesof
� �

��� set

to 1 and100. It alsoimprovesthe time durationbetweenthe �rst nodedeath�

� and

thelastnodedeath�

� . In additionit alsominimizesthevariationsin medianerrorover

smallperiodsof time.

Themedianlocalizationerrorover time is closelycorrelatedto thepercentageof

beaconsalive. The stepwise degradation(i.e., increase)in the medianlocalization

error after the �rst nodedeathmirrors the stepwise decreasein the percentageof

beaconsaliveover time. A closerinspectionof theterrainsnapshotsover time reveals

thatbecausebeaconsaredistributeduniformly in limited-sizeterrain,weseeboundary

conditionsat the edges. For boundarybeacons,the observed neighborhoodsize is

eithercloseto or lessthan � ������� 	 � , thereforethey all tendto remainactiveanddie �rst

at approximatelythesametime. Thenext phaseoccurswhenthenext setof beacons

thatdie aretheonesthatwereadjoiningthepreviousboundarybeaconsandarenow

thenew boundarybeacons,leadingto acascadingfailureof nodes.

9.5.3 STROBE Bene�ts

Our secondsimulationexperimentdemonstratesSTROBE bene�ts for an applicable

context (small beaconinginterval, high beacondensity). We simulatea terrainwith
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Figure 9.4: STROBE performancefor N=100, R=25m,
� � � 	

����
 ,
��� � � ���

,
��� ����	�	����

, � =10000J.

100beaconsdistributeduniformly at randomin a
��	�	

m
�

� 	�	

m terrain.Thenominal

radio rangeof thesebeaconsis 25m. The correspondingbeaconsper neighborhood
�

�

� �

�

�

�

���

�

�

�

�

�

� �������
	�� . Wechooseareasonablysmallbeaconinginterval,
� � � 	

���

seconds.We setthevariousSTROBE parametersasfollows:
� � � 	

����
 ,
��� � � ���

,
��� ����	�	����

, � =10000J.Thelifetime of a beaconusingsimplebeaconing�

�

is

�

� �

�

���
(9.8)

In this case,�

� �

�

	�	�	 	�	


 .

The bestcasesystemlifetime in STROBE from our previously describedenergy

usageanalysis

�

�

�

�

�

��� �

�

�

� �

�

�

�

�

�

�

�

� �

�

�

���

�

�

�

� �

�

�

	

�

	

�

�

� ��� �
�
	 �

(9.9)

where�

�

� �

�

�

�

is theactualnumberof beaconsperneighborhood,� ������� 	 � is thethreshold

numberof beaconsperneighborhoodfor localization,
� �

and
� �

arethemeanpower

dissipatedin theVoting andDesignatedstatesrespectively.

Figure9.4plotsthemedianlocalizationerror, percentageof activebeaconsandper-

centageof beaconsaliveasa functionof time. Snapshotsaretakenevery100seconds.

The degradationin medianlocalizationerror aswell aspercentageof beaconsalive

over time is considerablysmootherthanin our previoussimulationexperiment.Life-

time of thealgorithmusingsimplebeaconing�

� �

�

	 	�	�	�	


 . In this case,STROBE
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maintainsa medianlocalizationerrorwithin
	

�

�

�

�

�����

� for up to 200000seconds,
	

�

� �

�

��� �

� for up to 300000seconds,and
	

���

�

�

��� �

� for up to 400000seconds.

Actual systemlifetime ( �

�

�

�

�

���

) is increasedto around450000secondsor
�

���

�

�

.

This is low comparedto the bestcaselifetime predictedby our model substituting
���

���

� � 	�	

of 850000seconds
�

�

�

�

�

. Thatcalculationassumesenergy usagecanbe

load balancedeffectively acrossbeaconsand that beaconsareuniformly distributed

in the terrain. However, aswe have seenboundarynodestendto die �rst, causinga

cascadingeffect. To improve furtheron theselifetimes,beaconscouldperformedge

detectionto identify boundaryconditionsandadjusttheir beaconingperiod
� �

to be

highercomparedto otherbeacons.Alternatively, ahigherdensityof beaconscouldbe

deployedneartheboundary.

STROBEtransitionsprobabilisticallyfrom Voting to Sleepstates,causingahigher

percentageof beaconsthan the thresholdpercentageto remainactive. Leveraging

auxiliary informationmaysigni�cantly improvethis lifetime.

9.5.4 Summary of Simulation Results

For densely-deployedbeaconsystems(densityabovethethresholddensity),ourexam-

ple shows thata completelylocalizedalgorithmlike STROBE canextendthesystem

lifetime 1.5 timeswithout diminishinglocalizationgranularitywith 3.1 timessatura-

tion densityof nodes.Lifetime gainscanbeimprovedfurther for higherbeaconden-

sitiesandenergy dissipationratesin active state,andby augmentingSTROBE with

boundarydetectionmechanisms.
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9.6 Experimental Results

WehavealsoevaluatedSTROBEexperimentally. This is slightly harderto dobecause

we have to measureboth the energy depletionat differentnodesover time and the

degradationof localizationquality at variouspointsacrossthe terrainandover time

(whichrequiresmanualinterventionandis thereforenot feasibleatavery �ne grained

timescale).Instead,themethodologyweusedwasexperimentalemulation.

� Wecollectrealbeaconconnectivity dataandplaybackthisconnectivity datain a

customsimulatorto emulatethebeacons'decisionmakingprocessin STROBE.

In modelingthebehavior of a localizationsystem,radiopropagationis thehard-

estto modelwell, andhenceit is importantto verify it usingrealdata.

� We simulatepower consumptionover time usinga radio energy model. Since

radio communication(as opposedto computation)dominatesthe power con-

sumptionof thesenodes,this providesuswith a goodapproximationof energy

usage.Moreover, by usingthesameenergy consumptionmodelasour simula-

tion, wecanalsovalidatethesimulation.

� We emulatelocalizationerror in our connectivity basedlocalizationmethodus-

ing theconnectivity data.This allows usto analyzethedegradationin localiza-

tion qualityatavery �ne-grainedtimescale.

Figure9.5 plots the medianlocalizationerror asa function of time (for both the

experimentandsimulation).Wenoticethatthesystemlifetime with experimentalem-

ulation is comparableto idealizedsimulation,but the quality of localizationis only

slightly worse(20%). Thus,our idealizedsimulationscanbe considereda goodin-

dicator of STROBE performance.The localizationquality is slightly worsein the

experimentalcasebecausewe did not accountfor link asymmetryin initial designof
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Figure9.5: Medianlocalizationerror vs. time. Comparingexperimentalemulation

with thesimulation.

theSTROBE decisionmaking.Beaconscanturn themselvesoff evenwhenneighbor

is astrayfar-awaybeacon.To avoid this,wemayneedageographic�ltering technique

in thebeacondecisionmakingprocess.

9.7 Discussion

Wedraw two generallessonsfrom ourdesignandevaluationof STROBE.

1. For densityregimesabovethethresholddensity, ourexampleshowsthatacom-

pletely localizedalgorithm like STROBE can extend the systemlifetime 1.5

timeswithoutdiminishinglocalizationgranularitywith 3.1timessaturationden-

sity of nodes.Lifetime gainscanbeimprovedfurtherfor higherbeacondensities

andenergy dissipationratesin active state,andby augmentingSTROBE with

boundarydetectionmechanisms.
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2. Adaptationto terrainconditionsandnodeavailability invariablyhasanassoci-

atedmeasurementoverhead.Thereforeadaptivedensityshouldbeappliedonly

whenthe bene�t of adaptationgreatlyexceedsits overhead.Examplesof this

arehighdensitybeacondeploymentandhighenergy dissipationin activestates.

STROBE is not justi�able in contexts whenbeaconsare alreadyoperatingat

a very low duty cycle or when the deploymentdensityis not high enoughto

provideenoughinterchangeablebeacons.

9.8 Summary

In this chapter, we presentedSTROBE, our algorithmfor self-con�gurationat high

beacondensities.STROBEbuildsontheobservationthatproximity-basedlocalization

saturatesatacertainbeacondensityto rotatefunctionalityamongstredundantbeacons

andextendsystemlifetime.

We describedtheduty cycle of beaconsin STROBE, andits decisionmakingap-

proach.We presentedour justi�cation for choosingthreestatesin STROBE andthe

relative timeperiodsfor eachstatevia energy usageanalysis.

Wepresenteddetailedsimulationsto show thatSTROBE(i) convergesquickly, (ii)

maintainsuniform localizationquality bothacrossthe terrainandover time, and(iii)

cansigni�cantly extendoverallsystemlifetime.

Like HEAP, STROBE is alsoa generalapproachthat canbe appliedto localiza-

tion systemsnot basedon RF-proximity. Theonly aspectof STROBE that is domain

speci�c is thedecisionmakingfunction.

Furthermore,our designandevaluationmethodologyfor STROBE canbeapplied

to othernetworking problemswherethemeasuredperformanceis a functionof node

density.

136



CHAPTER 10

Conclusionsand Futur eWork

Theoutcomeof any seriousresearch can only be to make two questions

growwhere onlyonegrew before.

— ThorsteinVeblen

This is not the end. It is not even the beginning of the end. But, it is

perhapstheendof thebeginning.

—WinstonChurchill

We closethis dissertationwith anenumerationof severalremainingchallengesto our

proposedapproach.We thenpresenta numberof researchproblemsthatmaybead-

dressedin future work. Next we describeseveral caseswhereour algorithmsmay

potentially impact researchareasoutsideof our self-con�guring localizationsystem

architecture. Finally, we outline the availability of our referenceimplementations,

simulationscripts,andtools,andconclude.

10.1 Outstanding Problems

Although the self-con�guring localizationsystemframework provides a promising

foundationfor scalable,ad hoc deployable, RF-basedlocalization in unpredictable

environments,anumberof outstandingproblemsmustbeaddressed.
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Sensorself-calibration

Whatis thenominaltransmissionrangeof a beaconfor a giventransmitpower level?

Theanswervariesdependingupontheenvironment,andfor differentCOTSbeaconsin

thesameenvironment.Sensorandradiocalibrationremainsoneof thesinglebiggest

problemsin theuseof sensornetworks. Many sensors(seismic,acoustic,radioetc.)

applyamplitudebasedmodelsthatrelatedistanceto receivedsignalpowerfor sensing.

Thesecanchangeveryeasilyin differentenvironmentsandacrossdifferentCOTSsen-

sors.Automatingsensorcalibrationis an importantissuethatneedsto beaddressed.

Someinitial problemformulationsandsolutionsmay be found in [WC02, BME02].

Usefulideasfor formalizingthecalibrationproblemcanbeleveragedfrom the�eld of

computervision.

Measured power consumption

Power-conservationis thekey designfactorin sensornetworks,andin our algorithms

suchasSTROBE. Although, we have evaluatedSTROBE usingreal radio data,we

have not measuredtherealpower consumptionof thesensornodes.Instead,we have

emulatedthe radio energy usage.It is increasinglydesirableto evaluatethesealgo-

rithms usingreal power measurementsto completelyvalidatethe algorithms. Tech-

niquesto measurebatterycapacityaresuggestedin [PSS01].

Convergence

Our simulationsshow thatSTROBE convergesquickly to a stablestate(within 6 cy-

cles) — in which only the desirednumberof beaconsare active. Our simulations

assumebeaconsaredistributeduniformly at random. However, we have not proved

theconvergencepropertiesof STROBE theoretically. The convergencepropertiesof
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distributedself-con�guringprotocols(suchasSTROBE[BHE01b],ASCENT[CE02],

SPAN [CJM01]andGAF [XHE01]) arenotwell understoodandneedto befurtheran-

alyzed.

10.2 Futur eDir ections

Thework in this dissertationmotivatessomeinterestingandpotentiallyfruitful areas

for future work. Someof thesearedirect extensionsderived from our work in this

dissertationand are closely relatedto our self-con�guring framework. Other ideas

focuson interestingnew areasor novel applicationsof our framework andmotivate

researchin signi�cantly new directions.

10.2.1 Self-Con�guration

Thereareanumberof areasof futurework relatedto self-con�guration.

Self-con�guring Network Protocols

Latelytherehasbeensigni�cant researchin self-con�guring,density-adaptivenetwork

protocols— to establisha connectednetwork topology, beaconsystems,andperform

adaptive routing. In theseprotocols,only somenodesin thenetwork mustparticipate

to performthetask,therestcango to sleep.However in sensornetworks,somenodes

maybeparticipatingin severaldifferenttasks(routing,topologycontrol,beaconing).

A node'sdecisionmakingprocessmustthusbeintegratedacrossall thetasksit is par-

ticipatingin. Implementingsuchintegrateddecision-makingseemstobeaninteresting

problemto explorein thefuture.

In STROBE, thedecisionof a beaconto remainactive or sleepis in�uencedonly

by requirementsto maintainauniformlocalizationgranularityacrossthesystematall
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times.We maynot really needhomogeneouslocalizationgranularityin thesystemat

all times,especiallyif the systemis eventbased(asin STEM [STS02]). Insteadwe

may want the beaconnetwork to self-con�gure in responseto applicationdynamics

or events.We haveexperimentedwith triggeredbeaconsystemsin our laboratoryand

thesecanleadto ordersof magnitudeimprovementsin energy-conservation.

A Theory of Self-Con�guring Networks

Sofarthefocushasbeenin thedevelopmentof networkprotocolsfor self-con�guration.

However, the performanceof theseprotocolsis extremelysensitive to the choiceof

parameters.Consequently, it is importantto establisha cohesive theoreticalfounda-

tion for self-con�guringsystems.Besidesour density-basedanalysis,analysesbased

on phasetransitions[KBW02] andgeometricrelationshipmaintenance[Gui02] seem

promisingapproachesin thisdirection.

10.2.2 Localization

Thereareanumberof areasof futurework relatedto localization.

Robust Position Estimation Algorithms

In our localizationmethodology, nodessimply inferred position from beaconsthey

weredirectly connectedto. A morechallengingproblemis to make beaconsthem-

selveslearntheir positionswithout any references,andin a distributedcomputation.

We needrobust distributed positionestimationalgorithmswhen thereare very few

references.While therehave beensomealgorithmicandsystemdevelopmentslately,

they have assumedsimple error models[SHS01b]or relied on centralizedlocation

computation[GBE02].
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FederatedSpatial Coordinate Systems

Becauseno singlelocalizationtechnologyworkseverywhere,oneexpectstheuseof

severallocalizationtechnologiesfor pervasivecomputingapplications,eachwith their

own framesof reference,locationgranularityanderror models. An interestingarea

of futurework is thedevelopmentof algorithmsfor establishingfederatedcoordinate

systemsthat cancombinelocationinformationfrom several framesof referenceand

will allow anew classof seamlesslyintegratedapplications.

Location Models

Several location-awarecomputingapplicationsact not on the physicallocation(e.g.

X, Y, Z coordinates)but logical location[SAW94] (room210,Building A).

Hightower et al [HBB02] have proposeda sevenlayerLocationStack, analogous

to the OSI networking stack[Zim80] for organizingfunctionality in location-aware

applications.However, applicationscanbemorerobustandadaptive if they areaware

of the uncertaintyin the location information (for example,the accuracy or update

latency in locationinformation)or thecostsinvolvedin obtainingthat locationinfor-

mation(for example,powerexpended)[BEH01].1

Developing location modelsthat presentthe appropriateabstractionof location

informationto anapplicationis a challengingproblemfor thefuture,especiallygiven

thewide rangeof applications.
�

This conceptcanbe consideredequivalentto the well-known Application Layer Framing(ALF)
argumentof Clark andTennenhouse[CT90] for network applications,which statesthat applications
canbestdecidehow to adaptto thenetwork conditions.
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Applications

Several technologiescurrentlyexist for �ne-grainedlocalization.Theseachieve �ner

granularityat the expenseof scalability [WJH97], form factor or energy expended

[PCB00] or responsiveness[GBE02] — that precludestheir usefor a wide-rangeof

applicationswherelocalizationgranularityrequirementsarelower— but wherenode

localizationmustbe scalable,responsive, unobtrusive andnot wasteenergy. Our lo-

calizationsystemis applicablein thesecontexts andwe enumeratetheseapplications

below.

1. Tag andtrack: Reallysmalldevicesarecheap,low-power, unobtrusiveanden-

ablemeasurementin the physicalworld. Thus, they are ideal for taggingand

trackingthe movementsof wild animalsin biological studiesto monitor their

behavior, or migrationpatterns.They couldalsobeusedto trackthemovements

of usersin a�eld, suchasanauditoriumor stadium(for example,trackingsports

playersarounda �eld). They couldbeusedfor searchandrescuein ski-hill re-

sortswhereonewould want to beaconfor help,or want to searchfor a person

lost in anavalanche.

2. Power-conservationin the network: Localizationon a scalewith transmission

rangeopensupnew waysof powerconservationin multi-hopwirelessnetworks.

It couldbeusedto implementdirectionalbroadcasts— whenaneventis only of

interestto nodeslocatedin a certaindirection,only broadcastin thatdirection.

It couldalsobeusedto implementrange-limitedbroadcaststhatconservepower

—- a basestationestimatesthe farthestdistanceit must transmitto cover all

nodes,andreducesits transmissionpoweraccordingly.

Oncenodesknow wherethey are, they canadvertisethis information to their

neighbors.Distributednodescanelectleadersbasedon bestlocation.Services
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neededneara locationcanbe active, while further from a location,nodescan

powerdown.

3. ApproximateNavigation:Limited mobility sensorssuchasRobomote[SRS02]

could automaticallyreplacesensorsthat have died. Eachfailed sensorcould

passalongits positionto theotherssothatif it goesdown, anothersensorcould

be sentautomaticallyto take its place,given the last positionit wasknown to

occupy.

10.2.3 HEAP/STROBE Beyond Localization

Several conceptsfrom this dissertationcould be applied to areasoutsideour self-

con�guring localizationsystemarchitecture.

PassiveLocalization and Tracking Systems

Weconsideredself-con�gurationin a localizationsystemthatreliesonactivebeacons

andhaspassive clients(target nodesthatneedto be located).An alternative kind of

localizationandtrackingsystemsaresensornetworksdeployedto passively detectand

track objects(suchas[CHZ02, WEG03,LWH02, BI98]). Sensorstrackingan event

cancalculatea trajectoryandalertnodesin thepathof theeventto listen,while nodes

not in the trajectorycansleepandconserve energy. Chuet al [CHZ02] have studied

high-level algorithmsfor self-con�gurationbasedon sensorinformation.Thesecould

be combinedwith our complementarydensity-basedprotocolsfor self-con�guration

to make thesystemrobust.
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Time Synchronization in Multi-hop SensorNetworks

ReferenceBroadcastSynchronization(RBS)[EGE02] is arecentlydeveloped,promis-

ing �ne-grainednetwork time synchronizationschemewhereina setof receiversare

synchronizedwith eachotherby listeningto thesender's referencebroadcast,in con-

trast to a traditional time synchronizationprotocol in which a receiver synchronizes

with a sender. To achievenetwork-widetimesynchronizationin amulti-hopnetwork,

broadcastregionsof two or moresendersmustoverlapwith eachother. Techniques

likeSTROBE canbeappliedto determinewhich setof nodesshouldsenda reference

broadcastto accomplishnetwork-widetimesynchronization.

10.2.4 NewResearch Problemsin SensorNetworks

From our experienceswith the localizationproblem,we derive several observations

onmoregeneralproblemsencounteredin wirelesssensornetworks— whichmotivate

signi�cantly new areasof research.

CodeConstruction

During our experimentson radio propagation,a problemwe frequentlyencountered

was interferencefrom externalsources(suchascell phonesandwirelessrepeaters)

andsensornoise— which led to high packet loss in the wirelesschannel. Sucha

situationcouldbeseverelyexacerbatedin dynamic,unpredictableenvironments.Tra-

ditionalerror-correctingcodessuchasHammingcodes[Ham50]enablereliablecom-

municationwithout retransmissionover a noisy channelwith a low error rate, and

arenotequippedto copewith suchnoise.Enablingreliablecommunicationin rapidly

deployable,wirelesssensornetworksposesthefollowing algorithmicchallenge— de-

velopingnew codeconstructionsthataredesignedto tolerateextremelylargeamounts
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of noiseandyetarecomputationallyef�cient to beusablein sensornodeswith modest

processingcapabilities.

Distrib uted Feature Extraction

Readersmayrecallour discussionin Chapter9 wherewe statedthattheperformance

of theSTROBEalgorithmcouldbefurtherimprovedif beaconsontheboundarycould

performedgedetectionandoperateconservatively. This is anexampleof thegeneral

problemof distributedfeatureextraction— how do sensornodessharinga common

feature(for example,they all lie on thesametemperatureISO-contour)collaborateto

establishthatfeatureandactaccordingly?Techniquesfrom imageprocessingmaybe

fruitfully appliedhere(asin [GEH02, SE02]).

RandomSampling

Our adaptive, measurement-basedalgorithmssuchasGRID (Chapter7) andHEAP

(Chapter8) usecomprehensivemeasurementsof theterrainto diagnoseproblems.Ap-

plying randomsamplingtechniques[MR95, MRL99] to measureonly selectpartsof

theterrainor processmeasurementsselectively couldconsiderablyimprove thecom-

putationalef�ciency of our algorithms. Furthermore,randomsamplingtechniques

could also �nd applicationin the featureextraction problemsdiscussedabove. An

initial exampleof suchefforts is [BEG02].

Byzantine fault-tolerance

Wirelesssensornetworksarevulnerableto anumberof failures(suchasnodefailures

dueto energy depletion)andsecuritythreatscommonto wirelessnetworks (suchas

spoo�ng, snooping,andjammingthe channel).While recentresearchhasaddressed
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low-level securityprimitivessuchasef�ciently authenticatingbroadcastcommunica-

tion [PSW01], higher-level issuessuchasproviding system-widefault tolerancehave

not beensuf�ciently explored. Byzantinefault-toleranceseemsto be an appropriate

goalfor wirelesssensornetworks,andcanbeprovidedthroughredundantnodes.

An interestingchallengewill be building networks that areboth dependableand

energy-ef�cient . For instance,redundantnodes(in a factorof 3) in sensornetworks

canbe usedfor Byzantinefault-tolerance,aswell asto achieve energy conservation

by reducingthe duty cycles of individual nodes. Can we accomplishboth without

requiring9 timesthenumbersof nodes?

10.3 Availability

All of the software and protocol implementationdevelopedin this dissertationare

availableon-lineat:

http://lecs.cs.ucla.edu/˜bul usu/ local izat ion

10.4 Summary

In this dissertation,we proposedseveral generaltechniquesto make a localization

systemself-con�guring.

Localization,or theproblemof estimatingspatialrelationshipsamongobjects,has

beenaclassicalproblemin many disciplines,includingmobilerobotics[TFB01], vir-

tual reality systems[WBV99], navigation systems[VOR, HLC92], andcellular net-

works[RAD].

A key challengein engineeringlocalizationsystemsfor theseapplicationshasbeen

environmentaldependence,becausethenatureof theenvironmentoftenin�uencesthe
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characteristicsof thesensorsusedfor localization.

Traditionally, this hasbeenaddressedthroughextensiveenvironment-speci�ccal-

ibrationandcon�gurationof thecentrallycontrolled,tightly coupledlocalizationsys-

tem [WBV99, BP00b,RAD] andsophisticated,memoryandcompute-intensiveprob-

abilisticposition-estimationalgorithms [TFB01].

Large-scale,denselydistributedsensornetworks that are closely coupledto the

physicalworld requirenode localization, but under far severe node-level resource

constraints(limited energy, bandwidth,memoryand processing)[BHE00]. Local-

izationsystemsthat canreconciletheseneedsby necessitymustbe looselycoupled,

distributedsystems[BHE00,PCB00, SHS01a, Gir00, HWB00].

We have highlightedthedeployment,con�gurationandoperationalissuesof such

alocalizationsystemandarguedthatit mustitself self-con�gure, thatis,autonomously

measureandadaptto theenvironmentalandsystemdynamicsin orderto achieve en-

vironmentalindependenceandrobust,unattendedsystem-level operation.

In this dissertation,we have presentedthedesignandevaluationof algorithmsto

achieve thatself-con�guration.Ourdesignprocessreliedon thefollowing four pieces

of insight.

First, beaconsareonekey approachto localizationasthey canguaranteethecon-

vergenceandaccuracy of loosely-coupleddistributedlocalizationsystems[SHS01a].

This realizationarguesfor abeacon-basedapproachto self-con�guration.

Second,the localizationgranularitycanbe directly relatedto the beacondensity

when beaconsare distributed uniformly at random. Our simulationsshow that the

localizationgranularitysaturatesatathresholdbeacondensity� ��� �
�
	 � . Thisrealization

arguesfor adensity-sensitiveapproachto self-con�guration.

Third, thebeacondensityis notahomogeneousphenomenonin realenvironments.
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Rather, thebeacondensityvariesthroughoutthe terraindueto deploymentperturba-

tionsanddueto environment-dependentpropagationvagariesevenwhenbeaconsare

placeduniformly. Note that this observation implies that just deploying beaconsbe-

low or at this theoreticaldensity ���������
	�� will not be adequate.Instead,beaconsmust

themselvesestablishthe densitythroughmeasurementsandsuggestlocal candidate

pointswherenew beaconscould be addedso asto improve the localizationquality,

as in the HEAP algorithmproposedherein. Carewas taken to propagateneighbor-

hoodinformationbeyondasinglehop,sothatbeaconscanselectthecandidatepoints

effectively.

Fourth,beaconscontendfor the wirelesschannelwhenthey broadcastadvertise-

mentpacketscontainingtheir position. Whenbeaconsaredeployedat high densities

(greaterthan � ��� �
�
	 � ) in orderto provide redundancy, the responsivenessandgranu-

larity of thesystemdegradesdueto the self-interferencecausedby thechannelcon-

tention. Insteadof having all the beaconssimultaneouslyparticipate,beaconsmust

explicitly coordinateso that only someof themparticipateat a time. For a variety

of performancereasons,characterizingthemeasuredandthresholddensityalloweda

simple randomizedalgorithmthat achieved the desiredstatisticalbehavior in main-

taining localizationgranularity. Careful analysisof energy usageallows us to tune

sleepprobabilitiesandperiodssoasto maximizesystemlifetime. This ideacouldbe

relevantto not only beaconsbut alsoto routing[XHE01], mediaaccess[YHE02] and

topologycontrol[CE02].

Ourexperimentalresultsshow thatthesevariousalgorithmshavesigni�cantly im-

provedtheperformanceof thelocalizationsystemproposedin Chapter5.
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