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ABSTRACT OF THE DISSERTATION

Self-Con guring Localization Systems

by

Nirupama Bulusu
Doctorof Philosophyin ComputerScience
Universityof California,Los Angeles,2002

ProfessoDeborahL. Estrin,Chair

Recenttechnologicaldvanceshave fosteredthe emegenceof small, low-power de-
vicesthatintegratemicro-sensingindactuationwith on-boardprocessingndwireless
communicationgapabilities. Throughdistributedcoordination penasive networks of
micro-sensorgend actuatorsare expectedto revolutionize the waysin which we un-
derstandandconstructcomplex physicalsystems.Fundamentaio suchcoordination

is localization or theability to establishspatialrelationshipsamongobjects.

In this dissertationwe addresshe challengesnvolved in localizationfor very
large, ad hoc deployed sensometworks. Although several localizationtechnologies
have beenproposedn the pastfew years,nonecurrentlysatis esall ourrequirements
becauseno singlelocalizationsystemis simultaneouslyscalablead hoc deployable
andaccommodatin@f the hardware constraintf very small devices. Our thesisis
thatall thesassuescanbesolvedsimultaneouslyy aself-con guringlocalizationsys-
temthatautonomoushadaptgo its ervironmentaldynamics.Our approachs based
onlocalizedadaptve algorithmsthatself-con gureto exploit boththelocal processing

oneachsensonode,aswell astheredundang acrosslensely-deplgedsensonodes.

First,to accommodatdevice constraintsywe adoptalow cost,hardware-independent

localizationapproachor very smalldevicesthatleveragesheexistingradio(RF) com-
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municationscapabilitiesof suchdevicesanddoesnotrequireary othersensors.

Secondjo scaleto very large sensometworks, we develop a decentralizedself-
localizationmethodologyor devices.Insteadof relyingonacentralsenerto compute
their positions devicesthemselesperformalocalizedlocationcomputatiorbasedn
radioconnectvity constraintdo a smallnumberof nearbybeacongnodeswith known

positions),obtainedoby listeningto radiobroadcasadwertisementsf beacons.

Third, we needto ensurea uniform localizationgranularityin dynamic,unpre-
dictable ervironmentswith numerousradio propagationvagaries. One solution to
this problemis to extensvely instrumentand modelthe ervironment,a priori. Un-
fortunately this approachdoesnot scalewell. Instead,we adwcateand develop a
self-con guring mechanisnin which beaconghemselesmeasureandadaptto their

environmentandavailability of neighboringoeacons.

Finally, we quantitatvely analyzethe impactof beacondensityon localization.
We shaw that proximity basedocalizationusingonly local informationsaturatesta
thresholdbeacondensity . We develop variousself-con guring algorithmsfor
incrementabeaconplacemenfor sparsebeacondeployment. For densebeaconde-
ployment,it is desirableto keepthe operationabeacordensitycloseto to re-
ducethe probability of self-interferenc@mongsbeaconsandto consere enegy. We
develop a parameterize@lgorithm (tunableaccordingto radio parametersjo adjust
the duty cycle of beacondasedon the availability of otherbeaconsn the neighbor

hoodto realizealow operationatensity

Thesetechniquedorm the basesof our self-con guring localizationsystem. We
have implementedt asa userlevel library on two test-bedsRadiometrixRPC-418
radios,and moteswith RFM radios. We evaluateand demonstratehe effectiveness
of our localizationsystemin termsof the performanceof the basiclocalizationalgo-

rithms,aswell asthe beacormplacementechniquedo adaptit to noisyenvironments.
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CHAPTER 1

Intr oduction

To bayin, bagin.

—William Wordsworth

1.1 Motivation: Location-Aware Computing

In thelastdecadeywe have withessed burgeoningamountof researctandcommercial
interestin the areaof ubiquitouscomputing.As ervisionedby Mark Weiser[Wei93,
Wei91]in theearlynineties,n ubiquitouscomputing variouscomputingelementsare
so seamlesslyntegratedinto the ervironmentthat they will be invisible to common

awvareness.

Several factorshave fueledthis vision. Recentadvancesin CMOS IC, wireless
communicationandMEMS technologyhave ledto dramaticreductionsn size,power
consumptiorandcircuitry cost. Variousfunctionssuchassensingandsignalprocess-
ing cannow beintegratedinto a singlewirelessnode. Coordinationandcommunica-
tion amongsuchnodeswill not only enableseamlessomputingbut alsorevolution-
ize informationtechnology especiallyapplicationsrelatedto sensingandcontrolling
physicalenvironments. Small active devices or sensorscan coordinateto perform
larger sensingasks(i.e., distributedmicro-sensingasks),which could not have been

achiezedwith individual nodecapabilities.



Potentialapplicationsof suchsensometworks spanmary domains:physiological
monitoring; ervironmentalmonitoring (air, watet soil, chemistry); condition based
maintenancesmartspaces;military surweillance; precisionagriculture; transporta-
tion; factoryinstrumentatiorandinventorytracking. Coordinatedefforts in exploring
suchapplicationshave alreadybegun, the Centerfor EmbeddedNetworked Sensing
[CEN] at UCLA, MIT' s ProjectOxygen[OXY] andBerkeley's CITRIS effort [CIT],

the AwareHomeat Geogia Tech[AWA] to namea few.

Fundamentato suchseamlesgoordinationin thesesystemss location aware-
ness Localizationis a mechanisnto establishspatialrelationshipsn thesedevices.
Because¢hesesystemsarecoupledto the physicalworld, locationmeasuresndgives
acontet to thatphysicalcoupling.Many of theseenvisionedsystemsareembeddedo
monitoror controlthe behaior of physicalsystemgascomparedvith strictly virtual
informationsystems)andthereforenodesoften needto determinetheir actionbased

ontheir physicallocation(am| the correctsensoito monitora particularobject?).

Networked applicationsare often implementedn the form of a layerednetwork
protocol stack[Zim80] and localizationbene ts spanseveral layersof the protocol
stack. At the applicationlayer, localizationis indispensabléor contect-aware appli-
cationsthat selectserviceshasedon location[HHS99], andfor sensometworks that
achieze power conseration by combiningdatafrom multiple sensors. At the net-
work layer, locationinformationon a scalewith the transmissiorrangecan enable
geographicrouting algorithmsthat can propagateinformation ef ciently througha

multi-hopnetwork [Fin87, KKOQ].

Several issuesrenderthe localizationproblemmore challengingfor large scale,
denselydistributed sensometworks thanin mary other domains. Sensometworks
must satisfy several physicalconstraints.In orderto be untetherecand deeplyem-

beddedindividualnodesmusthave a smallform factorandprovide their own enegy.



Thesystemoverallmusttolerateadhocdeploymentandunattende@perationwithout

infrastructuresupport.

Given suchconstraintghe network designers'goalsshift from optimizing chan-
nel throughputor minimizing nodedeployment,to extendingsystemlifetime andro-
bustnessn the faceof unpredictablelynamics.Moreover, in theseextremecontexts,
centralizedsolutionsare not applicablebecauséhe communicationsassociateavith
extractingthe dynamicsystemstateto a centrallocation,andin atimely manneywill

consumeexcessve amountsof preciousenegy resources.

Any deplogyablelocalizationsystemfor sensometworks mustscaleto large areas,
to large numbersof devices, mustaccommodat¢he device constraintof very small
devices,andmustberobustandfault-tolerantevenin the presencef signi cant ervi-

ronmentandsystemdynamics.

Traditionalinformationsystemdhave not hadsucha locationfocus,consequently
our supportfor localizationhasbeenrelatvely weak. Presentlythe mostwell known
and widely available technologyfor localizationis the Global Positioning System
(GPS) [HLC92]. Sinceits introductionnearlythreedecadesago,boththeapplications
and scopeof GPSusagehave exploded. NeverthelessGPShasseveral dravbacks
whichmake it ill suitedto sensometworks. Firstly, it is not ubiquitouslyavailable—
GPSdoesnot work indoors,underwater andin very clutteredurbanenvironments.
Secondlyit maynotbeeconomicallyiablefor sensonetworks. While atypical GPS
recever costsaround100 dollarsand consumegpower on the orderof magnitudeof
Watts, typical sensomodesare expectedto be disposablen the nearfuture. Thus, it
doesnot alwaysmeetthe operationalfor example,low power andlow cost[PKO00]),

environmental(for example,indoors)or costconstraints.

Although a numberof localizationsystemshave beenproposedn the pastfew

years [HLC92, PCB0Q HHS99,BP00b](thesearereviewedin Chapter2), nonecur



rently satis estherequirement$or ad hocdeploymentof large scalesensometworks
becauseno singleexisting localizationsystemis simultaneouslyscalable ad hoc de-

ployableandaccommodatingf the hardwareconstraintof very smalldevices.

1.2 The Problem: Environment DependentCon guration

Not surprisingly localization has manifesteditself as a classicalproblemin mary
disciplines,including the autonomousobot navigation problem[HS98] in mobile
robotics[TFBO1], virtual reality systemgWBV99], air, land andwatervehiclenavi-
gationin intelligenttransportatiorsystemgV OR, HLC92], userlocationandtracking

in cellularnetworks[RAD] etc.

A key challengen engineerindocalizationsystemdor theseapplicationdhasbeen
environmentaldependenceTlo achiae localizationin arny givenervironment,several
characteristicef the ervironmentneedto betakeninto accountasthey canin uence
the measurementsf the sensorausedfor localization(for example,the temperature
andspeedf propagatiorof light in the medium,the parametersf signalattenuation
etc.). Sincethesepropertiescanvary widely from oneernvironmentto anotherthese
ervironment-dependetarametersieedto be con guredin all nodesin thelocaliza-

tion system.

Traditionallocalizationsystemsaddresshis problemeither (i) throughextensve
ervironment-speci ccalibrationandcon guration of the centrallycontrolled,tightly
coupledlocalizationsystem [WBV99, BP0OOb,RAD] or (ii) throughsophisticated,

memoryandcompute-intensie probabilisticposition-estimatiomlgorithms[TFBO1].

Large-scale denselydistributed sensometworks that are closely coupledto the
physicalworld requirenodelocalization,but underfar severenode-level resourcecon-

straints(limited enegy, bandwidth memoryandprocessing)BHEOO].



Consequentlylocalization systemsthat can reconciletheseneedsby necessity
mustbe basedon a loosely coupled,distributed systemsarchitecturgasin [BHEQO,
PCBO0Q SHS01aGir00, HWBO00]) thatcanadaptto the dynamicsof its ervironment,
relying neitheron arny centralizeccontrollernor on sophisticateghrocessingindsens-

ing capabilitieson eachon every node.

1.3 A Solution: Self-Con guring Localization Systems

We have highlightedthe deployment,con guration andoperationaissuesfor sensor
network localization.Our approacho solvingthe aforementionedssuedor localiza-

tion is basedn “self-con guration”.

Our thesisis that all theseissuescan be solved simultaneouslyby a distributed
localizationsystemthat is also self-con guring i.e., it autonomouslyneasuresand
adaptdo its ervironmentalandsystemdynamicsto achieve both environmentalinde-

pendencandrobust, unattendedystem-leel operation.

Our approachs basedon localizedadaptve algorithmsthat self-con gureto ex-
ploit boththelocal processingvailableoneachsensonode aswell astheredundang

availableacrosslensely-deplgedsensomodes.

1.3.1 Self-Localization

Toaccommodatexistingdevice constraintsye adoptalow cost,hardware-independent
localizationapproachfor very small devices that leveragesthe existing radio (RF)
communicationgapabilitiesof suchdevicesanddoesnot requireary othersensors.
To scaleto very large sensometworks, we develop a decentralizedself-localization
methodologyfor devices. Insteadof relying on a centralsererto computetheir posi-

tions, clientdevicesthemselesperformalocalizedlocationcomputatiorbasecdnra-



dio connectvity constraintgo asmallnumberof nearbybeacongknown nodeswhich
areposition-avare). Theseconstraintsare obtainedfrom listeningto radio broadcast

adwertisement®f nearbybeacons.

1.3.2 Self-Con guration

As discusseckarlier oneof the key challengesn localizationis to ensurea uniform
localizationgranularityevenin dynamic,unpredictablenvironments(with numerous
radio propagationvagariesand unpredictablderrain). One solutionto this problem
is to extensiely instrumentand modelthe ervironment,a priori anddeploy beacons
basedon thesemeasurementsUnfortunately this approachdoesnot scalewell for
very large numbersof beaconsandfor very large ervironments. Instead to adaptto
noisy ernvironmentswe adwocateanddevelopa self-con guring mechanisnin which
beaconshemselesmeasurendadaptto their ervironmentandavailability of neigh-
boringbeaconsOur self-con guringmechanismspplyto otheradhocbeacon-based

localizationsystemsaswell [SHSO01a].

1.4 Contributions

A numberof researclactuities have laid the groundwork for both low-costlocaliza-
tion [BPOOR CCKO1] and scalablelocalization[HLC92, PCB0Q. However, these
researclefforts arepolarized:they eithersolve the hardwarehalf of the problem(ac-
commodatinglevice constraintspr the networking half of the problem(makinglocal-

izationscalable).

Consequentlynoneof the proposedsystemaneetall our requirementsbecause
in eachinstance only half of the problemis solved. Our work bridgesthis gap. We

have developed,analyzed simulated,andre ned a comprehensk setof techniques



for makinglocalizationsystemsself-con guring.

We accountfor eachcomponenin theoverall system— from thenetwork location
protocoland positionestimationalgorithmto the beacondeploymentand adaptation
stratgy — resultingin the designandimplementatiorof a comprehensie systemfor

localizationin ad hocwirelessnetworks.

Ultimately, we believe that high-quality localizationwill be commonplace.But
beforethis canhappenwe mustunderstandpuild anddeploy localizationsystemdor
sensometworks. This dissertatiorresearchs one steptoward this goal. Our contri-
butionsadwancethe stateof theartin localizationandenegy-conservingrotocols—

especiallyin the context of large scalesensomnetworks— asfollows:

LocalizationMethodol@y. We have developedalow cost,scalableandenegy-
efcient RF-basedocalizationmethodology Our localizationmethodologyis
novel bothin its highly scalablesystemarchitecturdor self-localizationandin
its simple sensingmodelof RF-proximity throughradio connectvity. Further
more,we haveimplementedt ontwo very differentexperimentaplatforms,and
evaluatedts useunderanumberof settings.We presenexperimentakesultsto

show thatour localizationmethodologyworkswell outdoors.

Densityanalysis. We formalize the notion of beacondensityand analyzethe
impactof beacordensityonthelocalizationquality— bothin termsof localiza-
tion errorandsystenresponsienessOur analysideadsusto differentproblem

formulationsfor beacomplacemenat differentdensities.

Solutiongo BeacorPlacementWe make ourlocalizationsystenself-con guring

by addressinghe following two beacorplacemenproblems.

— In noisyernvironmentstheexisting beaconeld infrastructuremight prove

insufcient to ensurdocalizationquality. We addresghis issuewith both



anovel problemformulationanda novel solutionapproachWe formulate
the problemof adaptve beaconplacement— deployment of additional
beaconsat new pointsto augmentan existing infrastructureof beacons.
Our solutionis novel in thatit is empirically determined— basedon ac-
tual measurementsf the terrainratherthanon an idealizedmodel. We
have developedandevaluatedthroughsimulationandexperiment,several
algorithmsfor this purpose.We discussthe designspaceand presentour
algorithms evaluationresultsandfuturework. GRID is the r stalgorithm
that usedrobotic mobility to heal and self-con gure an unattendechet-
work [BHEO1a]. HEAP is a localizedalgorithmthatautomateshe place-

mentof nen beacons.

Alternatively, evenif beaconsveredenselydeployedto provide redundant
coveragewe maynotwantto keepall of themoperationakimultaneously
We develop STROBE, an algorithmthat exploits deploymentredundang

to improve systemlifetime, without degradingthe quality of localization.

Our solutionsto beaconplacemennot only apply to otherlocalizationsystems put

also provide a methodologyand casestudyin tuning network densityasa function

of thelevel ( delity) of network servicerequired,thatcanbe appliedto severalother

problemsn denselydeployed sensometworks.

1.5 Dissertation Overview

The remainderof this dissertationis organizedasfollows. In the next chapter we

suney relatedwork in the elds of localizationat large,andadaptve protocoldesign

in sensometworks.

Chapter3 preciselyde nesthe network modelthatwe assumdor all of ourwork.



We alsopresenburassumptionsf nodesandargueour designprinciplesof localized

algorithms.
Chapterd describe®ur researchmethodologyandwirelesstestbed.

In Chapter5, we discussthe design,implementationand evaluationof our RF-

basedocalizationsystembasedn the principlesdescribedn Chapter3.

In Chapter6, we discussherole of self-con guring beacorsystems.Chapters/,
8, 9 explorethreedifferentforms of beaconself-con guration. We alsopresentsim-
ulation and experimentalresultsthat demonstrateéhe advantagef self-con guring

beacorsystems.

Finally, in Chapterl10, we identify a numberof remainingchallengeswith our
approachpresentplansfor future work, identify applicationsthat bene t from a lo-
calizationsystemsuchas ours, and new researchproblemsin sensometworks and

provide referenceso our implementatiorandsimulationframenork.



CHAPTER 2

Background and RelatedWork

Whatwe havelearnedfromothels, become®ur ownbyre ection.

—RalphWaldo Emesson

Thereal voyage of discorery comesot in seekingnew landscapesdut in

havingnew eyes.
— Marcel Proust

Localizationis by naturean interdisciplinaryprobleminvolving several areasof
computerscienceandrelevantto mary kinds of engineeringsystems.Consequently
researchhasproceededn both the systemsandalgorithmicfrontsin computersci-

ence.

In thischapterwe surwey backgroundesearctandwork relatedto ourself-con guring
localizationsystenframework. Ratherthanattemptto cover theentirespectrunof re-
searchin location-avare computingor evenin localization,we will concentrateon
areaghataremostrelevantto thework in this dissertatiof. In the next few sections,
we suney relatedwork in eachof thefollowing areas:

localizationsystems,

Our discussionis not strictly chronological. Sincethis work was amongthe earliestefforts to
addresshodelocalizationin adhoc sensometworks, several of the localizationtechnologiegor sensor
networks (including Cricket{PCB0Q PMBO01], [DPGO01], [ACZ01], APS[NBO0Q]) andadaptve sensor
network protocols(including SFAN [CIMO01]) discussedhereweredevelopedsubsequertb our work.
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robustpositionestimationalgorithms,
techniquedor localizationerrorreduction,

systemdeplogymenttechniquesand

adaptve network protocols

2.1 Localization Systems:An Overview

In this section,we review previouswork in localizationsystemdor ubiquitouscom-
puting andotherapplications.We review why state-of-the-artlevelopmentsn local-
ization systemsdo not meetthe requirementsand motivate our approach.We focus
on:
measuremertechniquedor obtainingconstraintfrangesangles proximity)
thatcorrelateunknovn positions,

systemarchitectureand

robustpositionestimationalgorithms

2.1.1 MeasurementTechniques

Measurementechniquedor localizationincluderangingfrom radio Time Difference

of Arrivaltechnique$HLC92,WL98, AET, TIM], rangingusingradioandsoundWJH97,
PCBO0Q, triangulationfrom camera-imagefOK93] and video [RS0(Q, radio signal
strengthmeasurementfBP00b, HWBO00] and measurementsf radio connectvity
[BHEOO, DPGO0]. We canbroadly classifythemas ne-grained or coarse-grained
localizationmethodsdependingnthegranularity (or error) of theobtainedmeasure-

ments,and also sub-classifythemasranging,directionality pattern-matchindpased
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Figure2.1: Localizationfrom rangemeasurements.

systemsdependingn thetypeof measurements.

Fine-grainedocalizationmethodstypically estimaterangesor anglesrelative to
beaconsand computethe locationof the unknovn nodeusingtrilateration (position
estimationfrom distanceto three points, seeFigure 2.1) or triangulation (position

estimationfrom angleso threepoints,seeFigure2.2).

2.1.1.1 Ranging-basedSystems

Themostpopularmeasuremenypeis ranging.Therearetwo methodgo obtainrange

measurements- timing andsignalstrength We exploreboththeseapproachebelow.

Timing

The distancebetweena client nodeand a beaconmay be inferred from the time of

ight of thecommunicatiorsignal.

The time of ight may be calculatedusingthe timing advancetechniquewhich
measureghe amountthe timing of the measuringunit hasto be advancedin order
for the receved signalto t into the correcttime slot to be in phasewith aninter-
nally generatedignal. Thistechniqués usedin the GlobalPositioningSystem(GPS)
[HLC92] and Pinpoint[WL98], which estimatedistancefrom the radio signaltime

12



of ight. GPSmeasure®ne-way ight time, whereasPinpoint's Local Positioning
System(LPS) measuresound-triptime (therebyeliminating the needfor time syn-

chronization).

GPSis a wide-arearadio positioningsystem. In GPS,eachsatellitetransmitsa
uniquecode,a copy of which is createdin real time in the usersetrecever by the
internalelectronics.Therecever thengraduallytime shiftsits internalclock, until it
correspondso thereceved code,aneventcalledlock-on Oncelockedonto a satel-
lite, the recever can determinethe exact timing of the receved signalin reference
to its own internal clock. If that clock were perfectly synchronizedwith the satel-
lite's atomicclocks, the distanceto eachsatellitecould be determinedoy subtracting
a known transmissiortime from the calculatedreceve time. In real GPSrecevers,
theinternalclock is not quite accurateenough.An inaccurag of a meremicrosecond

correspond$o a300m error.

Pinpoint's 3D-iD system[WL98 is a Local PositioningSystemthatcoversanen-
tire three-dimensionahdoor spaceandis capableof determiningthe 3-D locationof
itemswithin thatspace The LPSsubdvidestheinterior of the building into cell areas
thatvary in sizewith the desiredlevel of coverage. The cells areeachhandledby a
cell-controllerwhichis attachedy a coaxialcableto up to 16 antennaslt providesan
accurayg of 10mfor mostindoorapplicationsalthoughsomemayrequireaccurag of
2m. Themaindravbackof this systemis thatit is centralizedandrequiressigni cant

infra-structuraketup.

Active Bat[WJH97],the acousticrange- nder[Gir00], Cricket [PCBO0Q, Cricket
Compas$PMBO01] andAHLoS [SHS014 make explicit time-of-arrval measurements
basedntwo distinctmodalitiesof communicationultrasoundandradio,whichtravel
at vastly differentspeedg and respectrely), enablingthe radio

signalto be usedfor synchronizatiorbetweenthe transmitterand the recever, and
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the ultrasoundsignalto be usedfor ranging. The Active Bat system however, relies
on signi cant effort for deploymentindoorsand may not work very well outdoors
becausdhey all usea singletransmissiorfrequeng (40 kHz), and hencethereis a

high probability of interferencdrom otherultrasoundsources.

Signal Strength

An importantcharacteristiof radio propagations the increasedattenuationof the
radio signal as the distancebetweenthe transmitterand recever increases. Radio
propagatiormodels[Rap96]in variousernvironmentshave beenwell researche@nd
have traditionallyfocusedon predictingthe averagerecevedsignalstrength(RSSl)at
a givendistancefrom the transmitter(large-scalepropagatiormodels),aswell asthe
variability of the signalstrengthin closeproximity to alocation(small-scaleor fading
models). In the RADAR system[BP00Ob,BP004 (andalsoin SpotON[HWBO00]),
BahlandPadmanabhasuggesestimatingdistancebasedn signalstrengthin indoor
ervironments. They computedistancefrom measuredignal strengthby applyinga
Wall AttenuationFactor (WAF) basedsignalpropagatiormodel. The distancenfor-
mationis thenusedto locatea userby trilateration. This approachhowever, yielded
lower accurag thanradio mappingof signalstrengthcorrespondindo variousloca-
tionsfor their system.Their radio-mapping-baseabproachs quite effective indoors,
unlike ours,but requiresaxtensveinfra-structurakffort, makingit unsuitabldor rapid

or adhocdeployment.

2.1.1.2 SignalPattern Matching

Another ne-grainedlocalizationtechniquas the proprietarylL ocationPatternMatch-
ing technologyusedin the U.S WirelessCorporations RadioCameraystem[RAD].

Insteadof exploiting signaltiming or signalstrengthjt relieson signalstructurechar
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Figure2.2: Localizationfrom directionalityor angleconstraints.

acteristics.It turnsthe multi-pathphenomenoto surprisinglygooduse: by combing
the multi-pathpatternwith othersignalcharacteristicst createsa signatureuniqueto
a givenlocation. The RadioCameraystemincludesa signal signaturedatabasdor
alocationgrid of a speci ¢ servicearea. To generatehis databasea vehicledrives
throughthe coverageareatransmittingsignalsto a monitoringsite. The systemana-
lyzestheincomingsignals,compilesauniquesignatureor eachsquaren thelocation
grid, and storesit in the database.Neighboringgrid points are spacedabout30m
apart. To determinethe position of a mobile transmitter the RadioCameraystem
matcheghetransmitters signalsignatureto anentryin the databaseThe systemcan
usedatafrom only a single point to determineglocation. Moving traf ¢ andchanges
in foliage or weatherdo not signi cantly affect the systems capabilities. The Nibble
system[CCKO1 similarly estimatedocationfrom signalintensityusingBayesiann-
ferencealgorithms. The major dravbackof thesetechniquesaswith RADAR, is the
substantiakffort neededor the generatiorof the signalsignaturedatabase Conse-

guently they arenot suitedfor theadhocdeploymenttechniqueshatinterestus.
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2.1.1.3 Directionality-basedSystems

Anotherway of estimatingocationis to estimateheangleof eachbeacorwith respect
to theclientnodein somereferencdrame. Thepositionof theclientnodecanthenbe

computedusingtriangulationmethods.

An importantexampleof directionality-basedystemsarethe VOR/VORTAC sta-
tions[VOR], whichwereusedfor long distanceaviation navigationprior to GPS.The
VOR stationtransmitsa unique omnidirectionalsignal that allows an aircraft aloft
to determinets bearingrelative to the VOR station. The VOR signalis electrically
phasedsothatthe recevedsignalis in variouspartsof the 360 degreecircle. By de-
terminingwhich of the 360 differentradialsit is receving, the aircraftcandetermine

thedirectionof eachVOR stationrelative to its currentposition.

Smallaperturedirection nding is anotherdirectionalitybasedechniqueusedin
cellular networks. It requiresa complex antennaarrayat eachcell site location. The
antennaarrayscanin principle work togetherto determinethe angle(relative to the
cell site) from which a cellular signal originated. When several cell sitescandeter
mine their respectie anglesof arrival, the cell phonelocation can be estimatedby
triangulation.Therearetwo dravbacksof thisapproactwhich make it inapplicableto
our applicationdomain. The costof the complex antennaarrayimpliesthatit canbe
placedonly atthe cell sites. Secondthe cell sitesareresponsibldor determiningthe
locationof the clientnode,whichwill notscalewell whenwe have alarge numberof

suchnodesanddesirea client-baseapproach.

Directionalitybasedsystemsarenotvery effectivein indoorervironmentsdbecause

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

2.1.1.4 Proximity-based Systems

Coarse-grainetbcalizationmethodsestimateunknovn nodelocationfrom proximity
to beaconsasin Figure2.3). Oneof the earliestsuchsystemsvasthe Active Badge
system[WHF92] developedin 1991. Here, eachpersonor objectis taggedwith an
Active Badge.The badgetransmitsa uniquelnfra Red(IR) signalevery 10 seconds,
which is receved by sensorglacedat x ed positions(beaconswithin the building
andrelayedto the locationmanageisoftware. The locationmanageisoftwareis able
to provide informationaboutthe persons locationto the requestingservicesand ap-

plications.

Anothersystenbasedn IR technologywasdevelopedoy Azumain 1992[Azu93]
andis the precursorto the currentHiBall tracking systemat the University of North
Carolinaat ChapelHill [WBV99]. This systemrequiresiR transmittergo belocated
at x edpositionsinsidetheceiling of thebuilding. An opticalsensosittingonahead-
mountedunit senseghe IR beaconsand systemsoftware determineghe position of

theperson.
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Both theselR-basedsolutionsperformquitewell in indoorervironmentspecause
IR rangeis fairly smallandcanbe limited to thelogical boundarie®f aregion, such
asaroom (by walls). On the otherhand,the sametechniquecannotbe aseffectively
appliedusingradioin indoor ervironments,becauseadio propagationn indoor en-
vironmentssuffersfrom severemulti-patheffectsthatmalke it impossibleto precisely
control the radio range. The shortrangeof IR, which facilitateslocationis alsoa
major dravbackof thesesystemdecausehe building hasto be wired with a signif-
icantnumberof sensorsin the few placeswheresuchsystemshave beenphysically
deployed, sensorshave beenphysically wired in every room of the building. Such
a systemscalespoorly, andincurssigni cant installation,con guration, and mainte-
nancecosts. IR tendsto performpoorly in the presencef directsunlightandhence
cannotbe usedoutdoors.Anotherdravbackis thatit is atrackingsystenratherthana

self-localizationsystem.

More recently Dohertyet al [DPGO01] hasalsoproposedechniquedor localiza-
tion from radio-connectiity. However, unlike our approachtheirsis centralizedand
requiresthatnodesdeliver connectvity informationto a centralizedprocessarfor so-
lution asa cornvex optimizationproblem.Evenallowing for a centralizedsolution,the
constraintsn the problemaresusceptibleo errors,sincelack of connectvity implies
greatseparatinglistancethoughnearbynodesmay just be blocked by an obstacleor
intermittentnoise.Inaccuraciesnight causesolutionsto oscillateor, worseyet, make

the probleminfeasible.

2.1.2 SystemAr chitecture

Localizationsystemsusing similar measurementechniquescan differ considerably
in their systemarchitecture.For instance Active Bat, the GALORE Panel[GBEO02],

and Cricket all userangingbasedon acousticandradio signals,but their systemar-
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chitecturesarecentralizedhierarchicalanddecentralizedespectrely. The designof
alocalizationsystemis largely in uenced by applicationrequirements— suchasthe
requirementor highly accurateor realtime positionestimation.The systemcouldbe
either

tightly coupled(usesheaconghatarewired to a centralizeccontrollerand

placedat x edpositions)or

looselycoupled(usesbeaconsghatarewirelessandcoordinatan acompletely

decentralizednannemwith no centralcontrol).

2.1.2.1 Tightly coupledsystems

Several of the traditionalandmaturelocalizationtechnologieave a tightly coupled
systemarchitecturemotivatedby applicationrequirementsThesencludethe Active-
Bat system[WJH97] developedfor sentiencomputingapplicationdACHO1]andthe
HiBall Tracker [WBV99] designedor virtual reality applications.Theseapplications

have high accurag andreal-timetrackingrequirements.

Problemsof time synchronizatiorand coordinationamongstbeaconsare easily
resolhed becausdghesesystemsare wired and have a centralizedcontroller These
systemsthereforeachiese high accurag. But the dravback is that the centralized
position estimationlimits the numberof devices thesesystemscan simultaneously
track (HiBall). Secondly wiring signi cantly impedesdeployment. A key research
challengen thesesystemss achieving similar granularityoutdoorsvheredeployment

cannotbe controlledandwiring may beinfeasible.
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2.1.2.2 Looselycoupledsystems

Motivatedby deploymentconcernsrecentlyproposedocalizationsystems[BHEQQ],
Cricket [PCB0(J andAHL0oS [SHSO1la]aredecentralizecandcompletelywireless.
They sacri ce the accurag of tightly coupledsystemdor easeof deployment,and
scalabilityto large numbersof devices. They rely on a systemof beaconsgachof
which periodicallytransmitsanadvertisementontainingits position.Clientscompute

their positionbasedn theadwertisementshey receve.

Becausdeaconsrewirelessanddeplo/edin anadhocmanneybeacorcoverage
is not guaranteedDue to the lack of centralizedcontrol, thereis no explicit coordi-
nationamongsteacons.Thusbeaconsancontendandself-interferewhenemitting
a signal (radio, acousticetc.). Theseproblemsneedto be addressedor 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
sectionwe discusghreeclasse®f algorithmsfor robustpositionestimationnamely
Monte CarloLocalization
Cornvex Optimization

Iterative Multilateration

2.1.3.1 Monte Carlo Localization

In the eld of mobilerobotics,localizationhasbeenreferredto as“the mostfunda-
mentalproblemto providing a mobile robot with autonomougapabilities’[Cox91].

Environmentalobstructionssuchaswalls, moving peopleandobjects,cangreatlyin-
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terferewith the sensingcapabilitiesof a mobile robot. Statisticaltechniquegprovide
a meandlo representncertaintyin sensormeasurementsi-or example,robotlocal-
ization is just an exampleof a statisticalinferenceproblemon Lie groups[Sri96].
Consequentlythe focus herelies on robust position estimationin real-timethrough

probabilisticlocalizationtechniqueshataccountfor unpredictablesensingerror.

An interestingdevelopmentn probabilisticlocalizationalgorithmsfor mobilerobot
navigationhasbeenMonteCarloLocalization(MCL) [TFBO1]. MCL algorithmsrep-
resentarobot's belief by a setof weightedhypotheseg¢samples)which approximate
theposteriounderacommonBayesiarformulationof thelocalizationproblem.These
algorithmsarecomputationallyef cient, versatile resource-adapte androbustunder
a rangeof circumstancesHowever, thesealgorithmshave beendesignedo localize
a singlemobile robot (with PC-classcomputationahardware)with respecto its en-
vironment. Consequentlythey have not addressedssuesof scalability or hardware

constraints.

2.1.3.2 Convex Optimization

Oneway to formalizethe problemof estimatingnodepositionsin a sensometwork,
is to expresgelations(angulayrangeetc.) betweerdifferentpairsof nodegknown or
unknavn) asa setof convex constraints.Dohertyhasproposeccorvex optimization
technique$DPGO1]for solvingthe positionestimatiornproblemin sensonetworksin
anoff-line, centralizednanner Theadwantageof this approachs thatit requiresvery
few referencegor beaconsyinceall systemconstraintaresolvedglobally. However,
this algorithmis not very robustto failures— whenthereareambiguitiesn measure-

ments.
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2.1.3.3 lterati ve Multilateration

Multilaterationis the problemof estimatinga nodes positionfrom rangego threeor
moreknown nodes(beacons).If not all nodeshave rangesto at leastthreebeacons,
their positionsmustbe estimatedhroughaniterative process Savvideset al have ex-
plorediterative techniquegor robustpositionestimatiorin sensonetworks[SHSO01b].
Iterative techniquesncur additionalenegy costsin communicationandarenot guar
anteedto be completelyfault tolerant. Suchtechniqueshave also beenexplored by

[ACZ01,NB0O].

2.1.4 Summary of Localization Work

In the previous sectionswe summarizedelatedwork in a numberof areasrelevant
to the localizationissuedn this thesis,namely:localizationsystemsalgorithms,and

sensingechniques.

Most proposedsystemdave focusedon thelocalizationtechnologyrelying either
on sophisticatedhardware capabilitiesof devicesor on centralizedapproachescor-

poratingextensve infrastructureandplanning.

Althoughtheseresearcthefforts provide arich spectrunof work to build on, none
of thesecontritutionshave completelysolvedtheproblemof localizationin verylarge,

adhocdeplojedsensomnetworks.

Thiswork proposes decentralizedow-costandhardwareindependenapproach
cansubstantiallyincreasehe scalabilityandviability of the localizationsystem,and
is describedn moredetailin Chapter5. A detaileddiscussiornof variousproposed

localizationsystemss givenin [BHEOO] and[HBO1].
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2.2 Localization Err or Reduction: An Overview

Any deployedlocalizationsystemis subjectto errorsfrom mary sourcesln this sec-
tion, we discusghevarioussourcef localizationerror, the approachedevelopedto

addresghem,andtheir shortcomings.

2.2.1 Sourcesof Localization Err or

Localizationerror in thesesystemsstemsfrom threemain sources.Beaconunavail-
ability is causedlueto sparséeacordeploymentor radiopropagatiorvagariegRap9q)
that affect the visibility of beaconghat shouldbe in range. If the numberof bea-
consis not sufcient, thena positionestimatecannotbe obtained. Poor calibration
causegneasuremengrrorswhosemagnitudevariesdependingon the rangingtech-
nology used precisionof time synchronizatiorandthe quality of equipment.Beacon
placementind densityessentiallycontrol localizationgranularityin proximity based
localizationsystemssuchas[BHEOO, DPGO01](seeFigure2.3). The geometricrela-
tionshipbetweenbeacongontrolslocalizationgranularityin multilaterationsystems
thatestimatepositionfrom distancego threeor morebeacongseeFigure2.1),dueto

theuncertaintyin rangemeasurement$§War98].

2.2.2 Error Reduction Approaches

Researchemormallyusethefollowing approache® reducdocalizationerrorin their

systems.

Geometricand Statistical Tests The rst approachs a computationabpproachand
isusedin [WJH97,PCB0(Q. Thekey ideais to combinesimplegeometriccon-

sistencycheds andstatistical teststo identify andeliminateincorrectdistance
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measurementsnddealwith Gaussiamoisein measurements.

Multiple SensorModalities Geometricand statisticaltestsalone cannoteliminate
non-Gaussianoise.An exampleof suchnoiseis the nonline-of-sight(NLOS)
problem. A secondapproachto eliminatespuriousnon line-of-sightreadings
(non Gaussiarerror) is to usemultiple but orthogonalsensingmodalities(for
example,acousticandoptical ranging)[GEO1a]. However, it cannotbe applied
to endnodeswhich mustrely solely on radio characteristic$o determindoca-

tion.

Ultra Wide Band (UWB) Ranging A promisingnew technologyon the horizonis
ultra-widebandadioranging[AET, TIM]. Becauseiltra-widebandignalshave
much higher signal bandwidththan narrav-band signals, they can penetrate
throughwallsandotherobstaclestherebyavoiding non-line-of-sightonditions.

Thetechnologyhowever, is still underdevelopmentandnot robustto foliage.

2.2.3 Summary of Err or Reduction Work

We have summarizedhe sourcef localizationerrorandtwo approacheto localiza-
tion error reduction: namely geometricand statisticaltestsand combiningmeasure-
mentsfrom multiple sensormodalities. While theseapproachegan locally reduce
error, to achieve a uniform localizationgranularityacrossthe terrain,we needto ad-

dressthe complementaryproblemof infrastructuredeployment.

2.3 SystemDeploymentTechniques:An Overview

When localizationis accomplishedusing beaconsthe questionof where and how

mary of thesebeaconshouldbe placedor deplojed arises.Several otherresearchers

24



have also stressedhe signi cance of beaconplacementin determiningthe overall

quality of aservicesuchaslocalizationor coveragg PCB0Q MKPO1].

An ideal placemenbf beaconshouldusethe fewestpossiblenumberof beacons
to provide uniform andfull coverageof the areaof interest. Sofar, researcherbave
triedto addresdeacor(or node)deploymentissuesisingeitherguidelineqin uenced
by environmentconditionsand applicationrequirementspr optimal placementlgo-

rithms. In this sectionwe review thesetechniquesnddiscusgheir dravbacks.

2.3.1 Guidelines

The Cricket Location SupportSystem[PCB0(, which is alsoproximity basedpro-
posesdeploymentguidelinesfor beaconsn indoor ervironmentsbasedon practical
considerationsWheneerabeacoris placedto demarcat@ physicalor virtual bound-
ary correspondingo a differentspacejt mustbeplacedata x eddistanceaway from
the boundarydemarcatinghe two spaces. Such placementensureghat a recever
rarelymakesawrongchoice,unlesscaughtwithin asmalldistancerom theboundary

betweerntwo beaconsad\ertisingdifferentspaces.

Whenrangingis basedon measurementsf signaltime-of- ight, the transmitter
andrecever musthave line-of-sight. In nonline-of-sightconditions,the signalmay
take are ectedpath,therebyleadingto anincorrectrangemeasuremenilo maximize
thelikelihoodof line of sightto beaconsthe Active Bat system[WJH97] usesceiling
mountedbeacons. Both Active Bat andthe HiBall Tracker [WBV99] use massve

redundang in beacordeploymentto improve position-estimation.
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2.3.2 Optimal Placement

Anotherapproacho addressinghe deploymentproblemis to formulateit asan op-
timal placemenproblem. Optimal placemenproblemshave beenstudiedin various
contets by researcherscluding facility location(theory[CGS99) andpursuiteva-

sionproblemsn robotics( [GLL99)).

2.3.2.1 Art Gallery and Pursuit Evasion

In robotics,art galleryandpursuitevasion[GLL99] problemshave beenwell studied.
In the art-gallery analogy the robot's goalis to move from one positionto another
to maximize visual coverageof its surroundingsas a humanmight try to do in a
gallery A complementargetof approacheaddressethe pursuit-evasionproblemin
which arobottriesto move soasto evadeobsenationor captureby mobile trackers.
However theseapproachesare basedon modelingthe environmentasa polygonand
are bestsuitedfor vision-basedocalizationandtracking systemssuchas[HMSO02].
They accounffor neitherthenoisenorthewide varietyof terrainconditionsonewould

expectto encountefor adhocsensometworks.

2.3.2.2 Facility Location

Facility Location|[CGS99 SC99 problemsareawell known classof theoreticatom-
puterscienceproblemsandhave beenthe subjectof extensive researclover the past
thirty- veyears.In thesefacility locationproblemsthereis a setof locations,where
the costof building a facility at location is ; furthermore thereis a setof client
locations(suchas stores)that requireto be servicedby a facility, andif a client at
location is assignedo afacility atlocation , a costof isincurred.The objec-

tive is to determinea setof locationsat which to openfacilities, soasto minimizethe
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total facility and assignmentosts. Sincetheseproblemsare NP-hard,it is unlikely
that thereexist ef cient algorithmsto nd optimal solutions. Instead the focus has
beenon designingalgorithmsthatareguaranteedo nd solutionswithin a particular
factorof the optimum. Solutionsarebasedon linearrelaxationgo the naturalinteger

programmingormulationsthatyield extremelygoodlower bounds.

2.3.3 Ofine Analysis

Researcherbave recognizedthat thesesystemswill be deployed at large in an ad
hocfashion,without controlling the placemenbf eachandevery node. Instead they
havefocusedondevelopingtechniqueso identify problemsn adeplojedsensoreld.
For example Megeurdicheriaretal [MKPO1] proposesolutionsto coverageproblems
in wirelessad hoc sensometworks given global knowledge of nodepositionsusing

VoronoidiagramgAur91] to computemaximalbreachpathsand nd gapsn coverage.

2.3.4 Summary of SystemDeploymentTechniques

The techniquediscussedor systemdeploymentare a) not scalableto large sensor
networks, b) not suitablefor rapid deploymentandc) not generalizabldo a variety
of ernvironmentsandsystemssuffering unknavn andunpredictableadio propagation

vagaries.

It is virtually impossibleto precon gureto suchterrain and propagationuncer
taintiesand computea satisfyingbeaconplacemento achieze uniform localization

granularityacrosgheterrain.

Theseconsiderationsotivateourwork. Thefocusof thisdissertations thedesign
of beacorplacementlgorithmsbasedn two complementarglistributedanddensity-

adaptve approachegjescribedn Chapters/, 8 and9.
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2.4 Adaptive Network Protocols: An Overview

To ourknowledge measurement-basadaptve algorithmsfor beacomplacemenhave
not beenpreviously studiedin the networking literature.However, our work hasbeen
informedandin uenced by avariety of otherresearcteffortsin several elds, which

we now describe.

2.4.1 Adaptive Protocolsin the Inter net

The Internethasevolved from a small, well controlled,cooperatre experimentinto
an enormousgchaotic,competitve infrastructure.While this hasallowed a systemof
enormousscale,it hasalsoputalot of pressuren theunderlyinginfrastructure Em-
pirical (or measuement-baseddaptationhassernedasa powerful designprinciple
in Internetevolution — for variousnetworking protocols,including the Transmission
ControlProtocol(TCP)[Jac88],ScalablereliableMulticast(SRM) [FIJL95, andmea-

suremenbasedadmissiorcontrol[JDS95].

TCP adaptvely setsits timersor congestiorcontrolwindows basedon roundtrip
time measurements orderto adaptto a wide rangeof link bandwidthswhile main-

taining high performancgJac88].

Algorithmsin the ScalableReliableMulticastframenork (SRM) [FIL95] dynami-
cally adjusttheircontrolparameterbasedn obseredperformancevithin amulticast
session.This allows applicationsusingthe SRM framework to adaptto a wide range
of groupsizes,topologiesandlink bandwidthwhile maintainingrobustandhigh per

formance.

The measuremenbasedadmissioncontrol algorithmdescribedn [JDS95]uses
ongoingmeasurementsatherthan apriori characterizatioio determinebehaior of

existing o ws, which enablest to provide predictive servicewith fairly reliabledelay
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boundsat network utilization signi cantly higherthanthoseachiezableunderguaran-

teedservice.

2.4.2 Adaptive Protocolsin SensorNetworks

Within the context of unattende@dhoc sensomnetworks, the designof adaptve algo-
rithmsasa self-con guringmechanisnis a burgeoningareaof researchFor instance,
the AFECA algorithm proposedn [XHEOQQ], exploits nodedeploymentdensityand
demonstrateadaptve delity. It adaptssleeptimesbasedon nodedensity scaling
backnodeduty cycles(andsoreducingrouting” delity”) whenmary interchangeable
nodesare present.This allows it to substantiallyincreasehe network lifetime. AS-
CENT [CEO02], GAF [XHEO1] andSFAN [CIMO0]] similarly applytheideaof tuning
densityto tradeoperationaluality againstsystemlifetime for topologymaintenance

andenepy-efcient routingrespectiely.

2.4.3 Summary of Adaptive Network Protocols

We discussecempirically adaptve protocolsin the Internet— to enablecongestion
control in transportprotocols,reliable multicastthat scalesto arbitrary group sizes
andtopologiesandadmissioncontrol; andin sensometworks— for topologymain-
tenanceand routing. The novel aspectof the work describedn this dissertationis
applyingthe conceptof empiricaladaptatiorto beaconplacementin orderto enable
a localizationsystemthat can self-con gure and copewith a wide variety of noisy

ervironments.
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2.5 Summary

In this chapterwe suneyedlocalizationsystemssystemdeploymentandlocalization
error reductiontechniques. None of the deployment or error reductiontechniques
apply for really large scalesystems.All of the scalablelocalizationsystemsgnore

deploymentandmaintenancéssues.

We describeanradio-beacomasedocalizationmethodologyn Chaptels. Wealso
show how theselocalizationsystemsanbe tunedto provide probabilisticguarantees

of localizationquality.
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CHAPTER 3

Network Model

Thewirelesstelggraph is not dif cult to undeistand. The ordinary tele-
graphis like a verylong cat. You pull thetail in New York, andit meows

in LosAngeles.Thewirelesss the same only withoutthe cat.

— AlbertEinstein

Sensornetworks have vastly different systemconstraintsand performancerequire-
mentsfrom traditionalpaclet switchednetworks suchasthe Internetandwirelessad
hoc networks andrequirea differentnetwork architecture.The work in this disserta-
tion builds hearily onthe network modeladvocatedby Estrinetal [EGH99 for large,
denselydeplo/ed sensometworks. In this chaptey we presentan overview of this
network modelto provide context for our self-con guring localizationsystem. Our

systemleveragesiponthefollowing concepts:

1. Tiered Architectues. Although Moore's law predictsthat hardware for sen-
sor networks will becomesmaller cheaperand more powerful, technological
advanceswill never prevent the needto make tradeofs. Nodeswill needto
be fasteror more enegy-efcient, smalleror more capable,cheaperor more
durable. Insteadof choosinga single hardware platform that makesa particu-
lar setof compromisesye believe thatan effective designis onewhich usesa

tieredplatformconsistingof a heterogeneousollectionof hardware.
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2. BroadcastMedia. Thewirelesschanneprovidesa mediumfor broadcastom-
munication.All nodeswithin thenominaltransmissiomadiusof thetransmitter

canreceve broadcasts.

3. Multi-hop CommunicationThe enegy costsof directlong rangewirelesscom-
municationareprohibitive. Long rangecommunicatioralsoprohibitsspectrum
reuse. Therefore,in thesesystemswe use multi-hop communicationboth to
consere power andimprove network capacity Thetradeof is thatthe delayis

longer

4. LocalizedAlgorithms. A localizedalgorithmis onein which communication
within nodesis restrictedto a certainscope.Localizedalgorithmsexhibit good
scalabilityandrobustnesgropertiesandmay be ideally suitedfor large-scale,

multi-hop sensometworks.

5. Data-centricCommunication. Unlike traditionalnetworks, a sensomodemay
not needanidentity (e.g., anaddress). Thatis, sensometwork applicationsare
unlikely to askthe question:Whatis the temperatureat sensor# 27? Rather
applicationsfocus on the data context generatedy sensorsg.g., whatis the

temperaturen the conferenceoom?

6. Application-speci cin-networkProcessing Traditionalnetworks are designed
to accommodat@ wide variety of applications.We believe it is reasonabléo
assumethat sensornetworks can be tailored to the sensingtask at hand. In
particular this meangthat intermediatenodescan performapplication-speci ¢
dataaggreyationandcachingor informedforwardingof requestdor data.This
is in contrastto routersthatfacilitatenode-to-nodgaclet switchingtraditional

networks.

In somesituations,for example,for queryinga speci ¢ faulty sensorthe ability to addressan
individual sensoiis clearlynecessary
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In thefollowing sectionswe describeeachof thesearchitecturacomponentshat

togetherform thefoundationfor our self-con guringlocalizationsystem.

3.1 TieredArchitectures

Many recentadvancesn chipintegrationtechnologywill enablematch-boxsizedsen-
sornodesequippedwvith abattery a power-conservingCPU (severalhundredviHz), a

memory(severaltensof Megabytes]KKP99].

Although Moore's law [Moo] predictsthat hardwarefor sensometworks will in-
exorably becomesmaller cheaperand more powerful, technologicaladvanceswill
never preventthe needto make tradeofs. Evenasour notionsof metricssuchasfast
andsmallevolve, therewill alwaysbe compromisesnodeswill needto be fasteror

moreenegy-efcient, smalleror morecapablecheapeor moredurable.

Insteadof choosinga singlehardwareplatformthatmakesa particularsetof com-
promiseswe believe thatan effective designis onewhich usesatieredplatformcon-
sistingof a heterogeneousollectionof hardware. Larger, fastey andmoreexpensve
hardware (sensos) canbe usedmore effectively by alsousingsmaller cheaperand
more limited nodes. The smallerdeviceswill tradefunctionality and e xibility for
smallerform factorand power. Alone, they would not be adequatdo supportour
sensometwork applicationgCEEO1]. However, in conjunctionwith more endaved
nodesthey signi cantly enhancehe network's capabilities. Therearemary possible

adwantageso augmentingsensomodeswith smallform factortags,suchas:

Density: Tags,by de nition canbe signi cantly lower costandthereforecan
bedeployedin largernumbersmoredenselythanlarger, highercapacitysensor

nodes.

Longevity: Tagscanbesigni cantly lowerpowerandthereforecanbedeployed
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Large cost of communications relative to computation
continues

Figure3.1: Trendsin communicatiorcostsrelative to computatiorcosts(Source:Gre-

gory J.Pottie).

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

sensomnodes particularly if we areableto exploit higherdensity

Form factor: Tagsaresmallerandthereforecanbe moreeasilyandunobtru-
sively attachedo a wider variety of targets(e.qg.,for tracking,conditionbased

maintenanceandotherloggingapplications).

3.2 BroadcastMedia

The wirelesschannelprovidesa sharedoroadcastommunicatiormedium. Wireless
channelbccessanbearbitratedusinga multiple accesgrotocol— eithercontention-
based CarrierSenseéMultiple Access)r contention-fre€Time Division Multiple Ac-

cesg(TDMA))[Tan96].All nodeswithin thenominaltransmissiomadiusof thetrans-

mitter canreceve broadcastsxceptin a TDMA-network.
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Figure3.2: An illustrationof directlong rangecommunication.

©
o

Figure3.3: An illustrationof multi-hopcommunication.

3.3 Multi-hop Communication

Communicationss thedominanttonsumenof enegy in sensonetworks[PKO0O]. This

trendis expectedo continuein the nearfuture (seeFigure3.1).

Thesimplestwayfor asendelS andarecever R to communicates throughdirect-
link communicationyegardles®f thedistancebetweerthem. Thisis illustratedin Fig-
ure 3.2. Theenepgy costof directlong rangecommunications prohibitive (because

receved signalpower attenuategxponentiallywith distance).Long rangecommuni-
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cationalsoprohibitsspectrunreusePK00].

Therefore jn thesesystemsve usemulti-hop communication.n multi-hop com-
municationasendelS andarecever R maycommunicatehroughintermediatenodes
R andQ. Thisis illustratedin Figure3.3. Multi-hop communicatiorconserespower
[PKOO] andalsoimprovesthe capacity[Sha4§ of the wirelessnetwork [GKO00]. The
tradeof with multi-hop communicatioris increasedateng (dueto transmissiorand

processinglelaysexperiencedat intermediatenodes)androuting compleity.

3.4 Localized Algorithms

Sensometwork coordinationapplicationsare betterrealizedusing localized algo-
rithms. Thistermmeansadistributedcomputationn whichsensonodesonly commu-
nicatewith sensorsvithin someneighborhoodyetthe overall computatiorachievesa

desiredglobalobjectve.

The designrationalefor localizedalgorithmsmay be explainedasfollows. Since
thesensorshemselesarephysicallydistributedit is naturalto designsensonetworks
using distributed algorithms. FurthermoreJocalizedalgorithmshave two attractve
properties. First, becauseeachnode communicate®nly with other nodesin some
neighborhoodthe communicatioroverheadscaleswell with increasen 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-oilganizingnetworks of mobile wirelessnodesthat do

notdependna x edinfrastructure Severalrouting protocolshave beenproposedor
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ad hocnetworks[RT99]. Unlike traditionalnetworks,a sensomodemay not needan
identity (e.g., anaddressf. Thatis, sensometwork applicationsare unlikely to ask
the question:Whatis the temperaturet sensor# 27? Rather applicationsfocuson
the datacontet generatedby sensorse.g.,whatis thetemperaturen the conference
room? Addressingmay not even be requiredfor network operationnodescould just
selectrandomtransactiondenti ers onapertransactiorbasis allowing for signi cant

saszingsin addressingverheadEEO1].

Datais namedby attributesandapplicationgequestlatamatchingcertainattribute
values.So,the communicatiorprimitive in this systemis a requestWherearenodes
whosetemperaturesecentlyexceede®0degrees?Thisapproactdecouplesiatafrom
the sensorthat producedit. This allows for morerobust applicationdesign: even if
sensort 27 dies,the datait generateganbe cachedn other(possiblyneighboring)

sensordor laterretrieval.

Directeddiffusion [IGEOOQ] is an exampleof a scalableand robust data-centric
communicatiornparadigm. By eliminatingthe indirection, e.g. the mappingfrom a
nameto a nodeaddresdo a route, a sensometwork can eliminatethe maintenance
overheadassociatedavith constructingand maintainingthesemappingsanddirectory

servicegHSI01].

3.6 Application-speci c In-network Processing

Traditional networks suchasthe Internetare general-purposeetworks designedo
accommodate wide variety of applications. We believe it is reasonabldéo assume
that sensometworks can be tailoredto the sensingtask at hand. In particular this

meanghat intermediatenodescanperformapplication-speci cdataaggregationand

In somesituations,for example,for queryinga speci ¢ faulty sensorthe ability to addressan
individual sensoiis clearlynecessary

37
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IN-NETWORK

Application Processing, Data Aggregation, Query Process

Data dissemination, Storage and Caching

Media Access Control, Location and Time Synchronizat

PHYSICAL

Communication, Sensing, Actuation, Signal Processing

Figure3.4: Layeredcommunicationgrchitecturdor sensometworks.

caching,or informedforwardingof requestdor data. In denselydeplo/ed networks,
this could lead to substantiabandwidthand enegy savings [IEG02] by exploiting
correlationsin data. This is in contrastto routersthat facilitate node-to-nodgaclet

switchingin traditionalnetworkswithout examiningthe contentof data.

3.7 Summary

To closethis chapteywe illustratethe communicationsarchitecturen Figure3.4. In

summarytieredarchitecturesllow usto tradeform factoragainstfunctionality We
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leveragethis ideain using a beacon-basedrchitecturefor localization(Chapters).
Broadcastommunicatiorprovidesa meandor atransmittingnodeto simultaneously
reachseveral recever nodes. We exploit broadcastapabilitiesto ef ciently imple-
mentour RF-proximity localizationsystemwithout degradingsystemresponsieness
by having beacondroadcaspositionadwertisementsMulti-hop communicatiorcon-
senes enegy and enablesspectrumreuse. Localized algorithmsenablescalability
androbustnesdesidesconservingenegy in a multi-hop network. Hence,our algo-
rithmsfor nodelocalization(Chapters) andself-con guration(Chapter9) arelocal-
ized algorithms. Data-centriccommunicationsimpli es network maintenanceand
con guration by eliminating the indirection of naming nodesand binding them to
nodeaddresseslt also motivatesnodelocalization(Chapter5), sincelocationis a
naturalway to namedatain a physicallycoupledsensonetwork. In-network process-
ing conseresbandwidthandenegy. We leveragen-network processindo selectvely
propagatenly the dataitemswith maximumutility in theHEAP approacHor beacon
self-con gurationdescribedn Chapte8. In short,thesedesignprinciplesarerequisite
to aneffective andscalablesensonetwork, andaltogetheccomprisea solid foundation

for our self-con guringlocalizationsystem.

39



CHAPTER 4

Experimental Methodology and Wir elessTestbed

Whatwe observds not nature itself, but nature exposedo our methodof

guestioning
—WernerHeisenbeg

It is a capital mistale to theorizebefore one hasdata. Insensiblyone

beginsto twist factsto suit theoriesinsteadof theoriesto suit facts.

— Sherlo& Holmes,in TheWholeArt of Detection by Sir Arthur Conan

Doyle

Our goalis to enablelocalizationthatis scalable ad hoc deployable and enegy
ef cient andrequiresminimumcon guration. To achieve this goal, we usea combi-

nationof analysissimulation,designjmplementatiorandperformanceneasurement.

In thischapterwe describehemethodologyandtoolsusedto performtheresearch
reportedn this dissertation\We startby describingour researchmethodologyandthe
simulationenvironmentwe used followedby the detailsof the LECS (Laboratoryfor
EmbeddedCollaboratve Systemsand SCADDStestbedsaindthe differentnetworks
(nodes)that form the testbed. We concludethis chapterwith a descriptionof our

measuremertechniquesndperformancenetrics.
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4.1 Reseach Methodology

Ourgeneraresearcimethodologynvolvesthreephasesin the rst phasewe analyze
the problemsthat could affect RF-basedocalizationperformanceby measuringhe
propertiesof radio propagationn deployed wirelessnetworks. This analysisis done
using differenttransmissiorworkloads,whosecontrol parametersnclude the inter-
frame spacing,densityof nodes,transmitpower level, transmittesrecever distance,
areaof deploymentetc. Usingthe tools describedn Section4.4, we collect paclet-
level tracesandanalyzethemin detail. This analysisyields a betterunderstandingf
the reasondor the degradedperformanceandalso givesus dataon realisticvalues
for thedifferentparametere the network elementssuchasbandwidthsdelays.error

andradioconnectvity patternsetc.

The gathereddataandintuition on the natureof the problemssene asthe starting
pointfor thesecondohasesimulation Simulationis a powerful approacthhatenables
rapid prototypingof variousideasandsolutions,andallows usto explore the design
spaceof parametersindalgorithmsmorethoroughlythanin a directimplementation.
It alsohelpsus*“time travel” andexplorepossiblegechnologytrendsthathelpuspredict
what performancemight be achievable in the future using differentsolutions. The
principal advantageof simulationis in having a controlledenvironmentin which we
cananalyzeproblemsanddesignsolutions explorea wide variety of alternatves,and

comparehemequitably

After obtainingagoodunderstandingf the problemvia measuremerdgndsimula-
tion, we move to the third phasejmplementationHere,we implementthe promising

solutionsfrom the simulationphasen our experimentakestbed.

After completinganinitial implementationye proceedo the performanceeval-

uation phasewhich leadsbackto our analysisphase.Here,we measurdhe perfor
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manceof our new algorithmsandprotocolsunderdifferentervironmentalandnetwork
conditions,andgatherpaclet-level tracesto understandhe reasongor obsened per
formance. Whenwe cannotexpectto completelyexplore how the implementation
performsundera wide variety of emulatedradio propagatiorconditions. Finally, we
comparethe resultsof thesemeasurement® the resultsobtainedfrom simulation.
This helpsus tune the implementationto performwell, and also helpsus identify

shortcomingsn the simulationsthatwe correctto accuratelyre ect reality.

The restof this chapterdiscusse®ur simulationervironment, the experimental
networksin ourwirelesstestbedandthemeasuremenechniquesndtheperformance

metricswe used.

4.2 Simulation Environment

Simulationis aninvaluabletool in networking researclandour work is no exception
to this generalrule. The advantagesof simulationarerapid prototyping,beingable
to vary a wide rangeof parametersn a controlledfashionrepeat-ablywhich is not

alwayspossiblein realimplementations.

Selectingthe correctlevel of detail (or level of abstractionfor a simulationis a
dif cult problem. Choicesaboutdetail are particularlydif cult for wirelessnetwork
simulations/HBEO1]. In sensometwork simulation,thesechoicesincludethe topol-

ogy model,radio propagatiormodel,andthe power consumptiormodel.

4.2.1 TopologyModels

Becauseacletsarebroadcasbver anunguidedwirelessmedium,the network topol-

ogy is afunctionof theradio propagatiormodelandthe distribution of nodes.

Nodeswereeitherdistributeduniformly or uniformly atrandomin asquareerrain.
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Thereis anedgebetweertwo nodesf thereis radioconnectity betweerthem.

4.2.2 Radio PropagationModels

A radio propagationrmodel predictsthe receved signal power as a function of the
transmitterandrecever positions.To receve paclketssuccessfullytherecevedsignal

power mustexceeda certainthreshold.

In orderto evaluateour algorithmsunderdifferentpropagatiorconditions we car
ried out our simulationsfor
idealradiopropagatiorconditions
noisyradiopropagatiorand

aterrainbasecshadaving modelbasedn a bitmapof the ervironment.

4.2.2.1 ldeal Radio Propagation

The Friis free spacemodel[Rap96]is anideal radio propagatiormodel, which pre-
dictsthe receved signalpower asa deterministicfunction of the distance from the

transmitteras

(4.1)

where is thetransmittedpower and  arethe antennagainsof the transmit-
ter and the recever respectrely. is the systemlossand is the system

wavelength.lt is normalto select and in simulations.

43



4.2.2.2 Noisy Radio Propagation

To studytheimpactof noiseon our beacorplacemenglgorithms,we modelrandom
propagatiomoiseasfollows. For eachbeaconeld, connecwity to any beacon at

ary givenpoint is determinedasedn anoisemodel.

In ournoisemodel,connectvity toabeacon existsatapoint , if
is the noisefactorof thebeacon , andis choseruniformly
betweer0 and , the maximumnoisefactorfor the eld. is choseruniformly

atrandombetween and .

Theintentwasto createnon-uniformpropagatiomoisefor thebeaconsandto cre-
aterandonregionswith higherpropagatiomoisethantherestof thelocation eld. We
did this becaus¢heimpactof noiseis lessevidentwheneachbeacorhasanidentical

propagationeld.

4.2.2.3 Terrain BasedShadaving Model

We have portedtheterrainbasedshadeving modelfrom theArena/nssimulatof YVSO01]

to our simulationsanddescribat below.

The basiclog-normalshadaving model[Rap9§ consistsof two parts. The rst
is a pathloss modelwhich predictsthe meanreceved power at distance , denoted
by relativeto aclose-inreferencalistance . Theseconds alog-normalran-
domvariablé thatre ects the variationof therecevved power at certaindistance The

overall shadaving modelis representedly

where is calledthe pathloss exponent. Typically for free spacepropaga-
tion, andlies between3-5 for outdoorobstructedernvironments[Rap9§. can

It is of Gaussiardistributionif measuredn dB.
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be computedfrom the Friis free spacemodel [Rap94. is a Gaussiarrandom
variablewith zeromeanandstandardieviation . is calledtheshadaving devi-
ation. Its typicalvaluein outdoorervironmentss 5-12. Theshadeving modelextends
theideal circle modelto aricher statisticalmodel: beaconganonly probabilistically
communicateavhennearthe edgeof communicatiorrangeor whenthereis clutterin

between.

Theterrain-in uencedshadaving modelextendsthe shadeving modelin cluttered
ervironmentgo aterrainbasednodel. By inspectinga bitmapof theterrain,it distin-
guisheghe casewhenthereis clearline-of-sightbetweenwo points(goodpropaga-
tion condition)andwhenthereis not (badpropagatiorcondition). Radiopropagation
conditionscanbe variedby choosingdifferentpathlossexponenty  for goodprop-
agationand for badpropagationmespectrely), to simulatethe signi cant difference
in signalstrengthandmulti-patheffectsbetweerdirectandindirecttransmissionThe
communicatiomangeis decidedoy thetransmissiompower, propagatiorconditionand

thereceving threshold.

4.2.3 Energy Consumption Models

Sinceour goalis to build long-livedlocalizationsystemsit is importantto modelthe
enegy usageof individual nodes. An enegy consumptionrmodel characterizeshe

power consumptiorfor eachof the varioustasksa nodemay perform.

Typical processingostsaremuchlowerthancommunicatiorcosts|PK00]. Addi-
tionally, atasksuchastransmissiomf smallbeacoradwertisementss notacomputation-
intensie actvity. Thus,communicationss thedominantconsumenf enegy in these
systemsThereforepurenegy modelonly characterizetheenegy usageof theradio

transcerer only anddoesnot explicitly modelthe enegy usageof theprocessar

RadioEnegyModel: A typicalradiocanoperatan ary oneof four states Trans-
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Table4.1: Parametersf theenegy consumptionrmodel.
PARAMETER | VALUE

660mwW
395mW
35mwW
0mw

mit, Receve, Idle and Sleep. We represenpower dissipationin eachof thesestates
with thesymbols , , and respectrely. Therelative power dissipationin

eachof thesestateslepend®n theradiosbeingused.We chooseanenegy consump-
tion modelto mimic realisticsensoradios[Kai00]. Theseparametersarealsoused

in [IGEOO] andaresummarizedn Table9.2.

4.3 WirelessTestbeds

While simulationsarea valuabledesigntool, radio propagationn practicedeviatesa
lot from mathematicainodelsandexhibits high spatio-temporabariation. Therefore,

experimentaldatais invaluableto evaluatingthesesystems.

We haveimplementedh prototypeof ourlocalizationmethodologyontwo different

experimentakestbeds.

1. RadiometrixRPCradiosconnectedo laptopsvia. a serialinterface

2. UC Berkeley Renemotes[HSWO00], completelyintegratedwith RFM [RFM]

radioscompletelyshavnin Figure4.1.
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(1) Librettoswith RadiometrixRPCradios (2) Motes
Figure4.1: Experimentatestbedor thelocalizationmethodology

4.3.1 Radiometrix RPC-418

Our rst experimentaltestbedconsistsof RadiometrixRPC 418 (radio paclet con-
troller) modulesconnectedo a ToshibaLibretto runningRedHatLinux 6.0. In our
experiments,one of thesemodulesis usedas a recever and four are usedas bea-
cons. A 3 inch antennas usedfor the experimentalpurposes.The softwarefor the

RadiometrixRPC-418modulesconsistof two components.

Beacon The beaconperiodically transmitsa paclet (every 2 secondsn our

experiment)containingits uniquelD andposition.

Receiver Therecever obtainsits currentmeasuregositionbasedon aninput
from the user For eachmeasuregbosition,it sampledor atime period deter
minedby the samplesize , andlogsthe setof beaconst hearsfrom andits

currentlocalizationestimate.
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4.3.2 BerkeleyMotes

We have conductedurtherexperimentonverysmall,embeddedevicescalledmotes,
developedat the University of California, Berkeley [HSWO0O], and available from
Crossbav Technologie§CRO]. Thesedeviceshave a RISC-like 8-bit CPU thatruns
at4MHz. Motesareequippedwith 512 bytesof SRAM, 256 Kbits of EEPROM, and
a 916 MHz ISM radio (RF Monolithics TR1000[RFM]) thatcantransmitat the rate
of 10Kb/s. The transmitpower level of the radio can be controlledusing a digital

potentiometeonthe mote.

Motescanbe programmedn threecon gurations: SnooperBeaconor Logger A
Snoopemoteactsasa network interfacefor a PC via the RS-232interfaceandcan
listento all transmitteddatapaclketsandforwardthisto thePC.A Beacormotecanbe
instructedto periodicallytransmitpacletswith its ID ata giventransmitpower level.
A Loggermoterecordsall messagesentout by beaconsnto an EEPROM, andcan

transferthisinformationon demando a Snoopemoteconnectedo a PC.

4.4 MeasurementTechniquesand Performance Metrics

In this section,we discussthe tools andtechniquesisedto measureand evaluatelo-

calizationquality andour improvementsn thesdocalizationsystems.

4.4.1 MeasurementTools

While the basiclocalizationsoftware consistsof just two componentgbeaconand

client), the experimentatestbedo measuret is actuallyalot moreelaborate.

We madethefollowing extensiongdo basiclocalizationsoftwarecomponents.

Beacon: It not only transmitsperiodic adwertisementswith its position, but it
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Table4.2: Beaconcontrolcommandsupportedy thetranscever.

PARAMETER

DEFINITION

STANDBY

TRANSMISSION
POWVER
CONTROL

TRANSMIT RATE
CONTROL

RANDOMIZED
RESUME

In this mode,abeacorsetsits clock rateto the slowest
anddoesnot transmitits coordinatesWhenit recevesan

ON commandit will enterthe NORMAL modeagain.

It canadjustits own transmissiorpower.
(validin NORMAL modeonly)

It canadjusttherateatwhichit transmitsits coordinates

(validin NORMAL modeonly)

Sinceacommandpaclet oating ontheair cancontrol
morethanonebeacongachbeacorin the STANDBY

modewill enterNORMAL mode milli-secondsafter
it hearshecommandwhere milli-seconds

and is adjustable.

alsolistensto andrespond$o commandgrom a BeaconRemoteContmoller.

Client: It not only estimatests positionfrom the beacomadwertisementst re-

ceives(the algorithmfor doingthis positionestimationis describedn Chapter

5), but alsoreportsits estimategositionto the Beaconinterpretor.

We developedthe following controlandvisualizationtools for experimentalcon-

trol.
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Transceiver: The Transceivercommunicatesvith the Beaconsaswell asthe
Clients. It is neededto sendcontrol pacletsto beaconsandto interpretthe
estimatedcoordinatesentby the Client. To avoid interference problemswith
beaconslife-time, etc. the beaconsanberemotelycontrolled. The commands

supportecareenumeratetch Table4.4.1.

BeaconRemoteContwller: A Java GraphicalUser Interface (GUI) that lets
theusersselectthe desiredTRANSMISSIONPOWER andTRANSMIT RATE
settingsthatbeacon®perateat. This programwill encodethe informationand
sendit asa commandpaclet to the beacons.ON and OFF commandsanbe

selectedo togglethe beacondvetweerSTANDBY andNORMAL modes.

Beaconinterpretor: A JavaGraphicalUserinterface(GUI) thatlistensfor coor
dinateshe Clientreportandputsthemin atable. A usercanmanuallyenterthe
actualcoordinate®f theClientis locatedandthesecoordinatewill becompared

with the estimatedcoordinateo computethelocalizationerror.

Visualization: Thevisualizationprogramdisplaysall transmittingmotesin our
laboratory Thisis usefulto verify whetherbeaconsretransmittingasexpected,

or if othermotesaretransmittingandinterferingwith the experiment.

By allowing us to automaticallycontrol and con gure the beaconsthesetools

allow usto experimentrapidly underdifferentbeacordensityandinterferencesettings

without having to reprogramandredeply all thebeacons.

4.4.2 PerformanceMetrics

The metricswe useto evaluateperformanceof the localization systeminclude the

meanand medianlocalizationerror in the terrain. Ideally, theseshouldbe closeto
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4.5 Summary

Thischapterdescribedurresearchmethodologywhichincludesanalysissimulation,
design,implementatiorandperformancevaluation.We describedhe simulationen-
vironmentand the detailsof our radio propagationand radio basedenegy models.
We alsodescribedur wirelesstestbedconsistingof RadiometrixRPC-418adiosand
Berkeley motes.Finally, we de ned metricsusedto evaluatelocalizationperformance

in therestof thisthesis.
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CHAPTER 5

Localization from Radio Proximity

The amountof misguidedingenuity which has beenexpendedon these
two problemsof submarineand aerial navigationduring the nineteenth
centurywill offer one of the mostcurious and interestingstudiesto the

future historian of technologic progress.
— Geoge Sutherland Americanlawyert 20th Centurylnventiong(1900)

Having establishe@dur network modelandsystenmodelbasedntieredarchitectures,
we now turn to a detaileddiscussiorof the core contribution of this thesis: our self-
con guring localizationsystemarchitecture.In the next four chapterswe describe
the issuesin makingthe localizationsystemself-con guring and the techniquedor

achieving thatself-con guration.

In this chapterwe develop the distributedalgorithm,sensingnodel,andthe net-
work protocolthatcompriseourlocalizationsystem.Eachunknovn nodecancompute
its positionindividually, enablingthe systento scaleto largenumberf nodes More-
over, severalunknavn nodescancomputetheir positionssimultaneouslyallowing the
systemto be extremelyresponsie andoperatein realtime. In the next few sections,
we describeour localizationsystemin detail,focusingon:

adetailedoverview of ourlocalizationsystem
radioconnecwity inference

positionestimationalgorithmbasedon radio connecwity relations.
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Table5.1: Notationusedto describehe RF-basedocalizationmethodology

PARAMETER

DEFINITION

Separatiordistancebetweeradjacenbeacons
Transmissiomangeof the beacon

Time interval betweenwo successie positionadwertisementsransmitted
by abeacon

clientsamplingor datacollectiontime

Numberof adwertisementshathave beensentby  in time
Numberof adwertisementsentby  thathave beenrecevedin time
Connectvity metricfor

Samplesizefor connectvity metricfor beacon

Thresholdor

Estimated_ocationof therecever

Actual Locationof therecever

We thendescribets implementatiorand presenta large numberof experimentaland

simulationresultsundera numberof typical network andervironmentcon gurations.

5.1 Overview

In this section,we formalizethe problemof nodelocalization stateour designgoals

for anideal solutionanddescribeour network locationprotocol.

5.1.1 Problem De nition

Formally, the problemof nodelocalizationcanbe statedasfollows.

Given:
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, acollectionof sensomodesat positions
, asetof measurementhatestablisirelationsbetween

Estimate:

5.1.2 DesignGoals

An ideallocalizationsolutionmustmeetthe following designgoals:

RF-based:We focuson small nodeswhich have somekind of short-rangea-
dio frequeng (RF) transcefrer. Our primary goalis to leveragethis radio for
localization therebyeliminatingthe cost,power andsizerequirementsf aGPS

recever.

Clientbased:In orderto scalewell to large distributednetworks, the responsi-
bility for nodelocalizationmustlie with theclientnodethatneedgo belocalized

andnotwith thebeacons.

Ad hoc: In orderto easedeployment,we desirea solutionthatdoesnot require

extensie pre-planningor wired infrastructure.

ResponsivenesyVe needto be ableto localizeindividual nodeswithin afairly

low responsg¢ime.

Low Enegy: Small,un-tetherechodeshave modestprocessingapabilitiesand
limited enegy resourceslf adevice usesall of its enegy localizingitself, it will
have noneleft to performits task. Thereforewe desireto minimizecomputation

andmessageoststo reducepower consumption.

AdaptiveFidelity: Finally, we wantthe accurag of our localizationalgorithms

to beadaptve to the granularityof availablebeacons.
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5.1.3 Network Location Protocol Description

Multiple nodesin the network with overlappingregions of radio coveragesene as

beaconsjabelled to . Beaconsare situatedat known positions, to

Beacongeriodicallybroadcasadwertisemenpaclets(period= ) containingheir
respectre positions. To avoid collisions, beacongandomizetheir paclet transmis-
sions,ratherthanexplicitly coordinatewith eachother Furthermorejn ary time in-

tenval , eachof thebeaconsvould have transmittedexactly oneadwertisement.

5.2 Sensing

We measureadioconneciity to establishproximity relationsbetweerknown nodes
(beacons)and unknovn nodes(clients). In this section,we describethe statistical
methodologyfor inferring radio proximity andnominalradiotransmissiomange.The
notationwe useto describeour proximity inferenceandpositionestimationmethods

aregivenin Table5.1.

5.2.1 Proximity Inference

To drive the radio proximity-basedoositionestimationalgorithm,a client nodemust
determinewhich beaconst hasconnectity to, andwhetherthe connectvity is weak

or strong.

For a x edtime period , eachclient nodelistensto andcollectsall the position
adwertisementshatit recevesfrom variousbeaconsWe characterizéheinformation

ataclient , Where isthesetof all clients,for eachbeacon by aconnectivity
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metric( ), de ned as:

(5.1)

Sinceeachclient hasits own connectvity metrics,we implicitly dropthe subscript.

In orderto improve thereliability of our connectvity metricin the presencef var
ious radio propagationvagarieswe would like to baseour metric on a sampleof at
least paclets,where is the samplesize,atunableparametenf our method(i.e.,

). Sincewe know to bethetime periodbetweertwo successie bea-

consignaltransmissionsye canset , therecever's samplingtime as:

(5.2)

Notethatabeacommessageanbeheardby all the clientsin its range.

5.2.2 Nominal Radio TransmissionRange

The nominal transmissiorrangeof a radio cannotbe theoreticallydetermined but
mustbe establishe@&mpirically. We de ne the nominalradiotransmissiomangeof a

beacorstatisticallyasthe medianrangewith 90% connectvity.

5.3 Position Estimation

In this section,we describeour algorithmfor positionestimationranddiscussts com-

plexity.
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5.3.1 Algorithm Description

Fromthe positionadwertisementghatit receves,the client nodeinfers proximity to
a collectionof referencepointsfor which the respectre connectity metricsexceed
a certainthreshold, (say 90%). We denotethe collection of beaconshy

. The client localizesitself to the region which coincidesto the in-
tersectionof the connectvity regionsof this setof beaconswhich is de ned by the

centoid of thesebeacons.

(5.3)

We characterizeéhe accurag of the estimateby thelocalizationerror de ned

as,

(5.4)

By increasingherange overlap of thebeaconshatpopulatethegrid i.e., increas-
ing theratio —, thegranularityof thelocalizationregionsbecomesner, andhencethe

accuray of thelocationestimatamproves.Thisis illustratedin Figure5.1.

5.3.2 Algorithm Complexity

Both thecommunicatiorandcomputatiorcompleity for adevice to infer its position

onceare , Where is thenumberof beaconsn radiorange.

Becauséoththe computatiorandcommunicatiorcompleity grow linearly with
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THE SHADED AREA REFLECTS ONE LOCALIZATION REGION
Figure5.1: Granularityof localizationregionsvs. rangeoverlap.

the densityof the beaconnfrastructureratherthanthe sizeof the systemour system

is generallyscalable.

5.4 Preliminary Measurements

Sinceour localizationmethoddepend®n the sphericakadiopropagatiorassumption,

we checledthevalidity of ourassumptionn bothoutdoorandindoorernvironments.

In outdoorervironments,we evaluatedthe effectivenessof our idealizedradio
modelby comparingts accurag to experimentaimeasurement$Ve evaluatedoropa-
gationbetweertwo Radiometrixradio paclet controllers(modelRPC-418)operating
at418 MHz. A nodeperiodicallysent27 byte positionadwertisementswe de ne a
90% pacletreceptiorrateasconnectecandempirically measure@n8.94mspherical

rangefor our simplemodel.

To evaluatehow well our simple model comparego a real-world scenario,we
placeda radio in the cornerof an empty parkinglot (i.e., at the origin ) and

thenmeasuredonnectity at 1m intervals over a 10m squarequadrant. Figure 5.3
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Figure5.2: An illustrationof localizationwith multiple transmitpower levels.

compareghesemeasurementwith connecwity as predictedby the model. Among
the 78 pointsmeasuredihe simplesphericaimodelmatchescorrectlyat 68 points(an
87% correlation)andmismatchest 10, all atthe edgeof therange.Error wasnever

morethan . No deadspotswereobsened.

As expected,our simple,idealizedradio modelapproximationis not appropriate
for indoorervironmentswherere ection andocclusionarecommon.Ourindoormea-
surementsf propagatiomangevariedwidely from 4.6mto 22.3m,dependingnwalls
andexactnodelocationsandorientations Furthermorethesemeasurementserenot
time invariant. We found that connectvity could vary from to even for the

sametransmitterecever positions at differenttimesof theday.

Hencetheidealizedradiomodelmaybeconsideredalid for outdoorunconstrained

ervironmentsonly.
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5.5 Position Estimation with Multiple Power Levels

To furtherimprove the granularityof beaconswe canleveragethe capabilityof nodes
to transmitatsoftwarecontrollableradiopowerlevels. Usinga smallnumberof differ-
entpower levelswe cancreatea numberof distinctrangedor eachbeacon(se€igure

5.4).

As usual,beaconsituatedat known positions, , transmitperiodicallywith
atimeperiod . However, they cyclethroughadiscretenumberof transmissiompower

levels.

Clientslistenfor aperiod to evaluateconnectvity. If thepercentagef mes-
sagegecevedfrom abeacon with range in atimeintenal exceedsathreshold
, thatbeaconis consideredconnectedat . Thesmallestof all connectvity

rangesds consideredor eachbeacon.

Whenthe beacomplacements uniformly distributed,the weightedcentroidof the

positionsof all connectedeaconss a feasiblesolutionin the region of connectvity
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Figure5.4: Nominaltransmissiomangevs. transmitpower setting.

overlap[BEG95]. A client estimatests position to be the centroidof the

positionsof all connectedeacons.

(5.5)

(5.6)

A moregenerakonvex optimizationtechniqueo determineafeasiblesolutioncan

befoundin [DPGO01](for non-uniformplacement.)

Giventhe actualpositionof the client , We cancomputethe accurag of
thelocalizationestimateor thelocalizationerror , Whichis thedistance

betweerthe client's estimatedandactualpositions.

(5.7)
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5.6 Experimental Results

5.6.1 Experimental Testbed

Our experimentaltestbed TES] consistedof 5 RadiometrixRPC-418(radio paclet
controllerymodulesconnectedo a ToshibaLibretto runningRedHatLinux 6.0. One
of thesemodulesis usedas a recever andthe restare usedas beacons.A 3 inch

antennas usedfor the experimentalbpurposes.

The softwarefor the RadiometrixRPC-418modulesconsistf two components.

Beacon The beaconperiodically transmitsa paclet (every 2 secondsn our

experiment)containingits uniquelD andposition.

Client Thereceverobtaingts currentmeasuregositionbasednaninputfrom
theuser For eachmeasuregbosition,it sampledor atime period determined
by the samplesize , andlogsthe setof beaconst hearsfrom andits current

localizationestimate.

For our experiment,we placedthe 4 beaconst the four cornersof a
squarejn anoutdoorparkinglot. This squarevasfurthersubdvidedinto 100smaller

gridsandwe collecteddataat eachof the 121 smallgrid intersectiormpoints.

5.6.2 Outdoor Results

In this section,we discussthe resultsobtainedfrom our outdoorexperiments. Our

experimentalparametersvere =2 seconds, =20, =41.9seconds.

Figure 5.5 shaws the areasof connectity of the 4 beaconsn the grid. We see
severaldistinctregionsin the grid, basedon the areasof overlap. Eachdistinctregion

constitutesan equivalenceclass,de ned by the centroidof the beaconsn theregion.
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Figure5.5: Experimental/s. theoreticaB0%connectvity rangedor thefour beacons.

Thesecanbe contrastedvith the theoreticallypredictedoverlapregions,alsoseenin

Figure5.5.

The location estimateat eachgrid point is the centroid. We usethe localization

error metricde ned previously to characterizeéhe performance.

In Figure5.6,the localizationerror obtainedrom experiments plottedasafunc-
tion of the position. Thelocalizationerroris lowestat the the positioncorresponding
to the centroidof theregion andincreasesowardsthe edgesof theregion. Themean
localizationerrorwas1.83m andthe standarddeviation was1.07 m. The minimum

errorwas0 m andthe maximumerrorwas4.12m acrossl21grid points.

Figure5.7 showns the cumulatve localizationerror distribution acrossall the grid
points, from both the theoreticalmodel and the experiment. They track eachother
closely including plateausn the error levels, althoughthe sphericaimodelis consis-
tently moreoptimistic. In our experimentalresults,for over 90% of the datapoints,
thelocalizationerrorfalls within 3.0 meters.e within 30% of the separation-distance
betweentwo adjacentbeacons.This resultis basedon 4 beaconnly. Sincewe ob-
sened a high correlationbetweenour model and experiment,improved granularity

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

5.7 Detailed Simulations

Basedonour validatedoutdoormodel,we performedhumericalsimulationso predict
how the granularityof localizationcould be expectedto improve in our schemeavhen

theoverlapof beaconss increased.

In our simulation,we assumeanin nite two-dimensionameshof beaconswith
ary two adjacentbeaconsspaceda distance apartandtransmissiorrange . Our

coordinatesystemis centeredat onesuchbeaconwhichis assumedo be at

Thelocalizationestimateof any point in the meshcanbe obtainedin two

steps.

Stepl: Determineall thebeaconsvhicharewithinrange of , by considering

all thebeaconsn therectangularegion de ned by and

Step2: Localize to the centroidof the selectecdbeaconandcomputethe cor-
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Figure5.7: Cumulatve localizationerrordistribution.

respondindocalizationerror.

5.7.1 Localization Impr ovementswith IncreasedRangeOverlap

For agiven , we increasethe overlap from 1 to 4. We considerthe meanand
maximumlocalizationerrorsof thelocalizationestimategor 10201uniformly spaced
pointswithin onegrid in the mesh for each value.Figure5.8 presentghe simu-
lation basedscalingresultof the localizationerror behaior. Althoughthe maximum
andmeanerrordo not decreasenonotonically non-trivial incrementgo , (for in-
stanceanincrementf 1) leadto lower maximumandmeanlocalizationerrorsonthe
whole. In particular the maximumlocalizationerror experiencesa substantiadrop

(from to ) whenthe overlap isincreasedrom 1 to 4.
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Figure5.8: Localizationerrorvs. rangeoverlap,R/d. (Simulations)

5.7.2 Localization Impr ovementswith Multiple Power Levels

Figure5.9 illustratesthe improvementin medianlocalizationerror asthe numberof

transmitpower levels increasewith ideal radio propagation.We seeagainthat be-

yond a certainlimit, additionaltransmitpower levels do not provide muchgainsin

localization.

5.8 Summary

In this chapteywe addressethe problemof nodelocalizationfor very smalldevices

thatdo nothave GPSrecevers.We exploredanRF-basedocalizationmethodologyn
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Figure5.9: Medianlocalizationerrorvs. numberof uniquetransmitpower levels.

whichtheclientlocalizesitself with high con dence(underanidealizedradiomodel)
to the weightedcentroidof a setof proximatebeaconaisinga connectvity metric.
Although our approachusesa very simple radio model, in outdoorenvironmentsit

correlatedvery well with reality (87 percent).

Ourapproachs simple,entirelyRF-basedrecever-basedandadaptveto thegran-
ularity of beaconsvailable. Additionally, it requiresno coordinationamongbeacons
or sensomodes.lt is thereforepotentiallyscalableto very large distributednetworks

of devices.

Ourexperimenthave shovn promisingresultswith ourschemdor asmallnumber
of beacons.Our simulationresultssuggesthatthe granularityof localizationcanbe
further improved by increasingthe overlap of beaconsand by using multiple power

levels.

The localizationgranularityfrom our RF-proximity basedapproachmay not be

sufcient for certainclasse®f applicationslt is neverthelessisefulfor severalappli-
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cationswith lessstringentaccurag requirementsWe will explorethesein Chapterl0.
However, severalgeneralproblemsstill needto betackledfor large scaledeployment,
for example,adaptingto noisy ervironments.We will addresghesein the next four

chapters.
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CHAPTER 6

Self-Con guring BeaconSystems

Making a systenreliableis notreally hard, if youknowhowto go about

it. Butretro tting reliability to an existingdesignis verydif cult.

— Butler LampsorfLam83

6.1 Intr oduction

The localizationsystemwe have developedanddescribedn Chapters usesa setof
beacongnodeswith known positions)thatarespatiallydistributedthroughouthe ge-
ographicalregion of interest,sothat client nodes(hodeswhosepositionsare known)
canlocalizethemselesby listeningto nearbybeaconsBesidesour approachseveral
otherproposedocalizationsystemgely on beacongPCB0Q HHS99,WBV99]. Al-

thoughsuchlocalizationsystemsequireanunderlyinginfrastructureof beaconsthey
have two adwantagesover localizationsystemswithout beaconsuchas[Nag99], in

which clientsmustestablisha coordinatesystemandlocatethemselesin thatcoordi-
natesystemsolely by communicatingvith eachother First, having beaconspatially
distributedthroughoutthe geographicategion lets devicescomputetheir locationef-
ciently in a scalabledecentralizednannerwithout lossof accurag. Second.even
whenthe applicationpermitsoff-line, centralizedposition-estimatioralgorithms(as

in [DPGO01]), boththe corvergenceandestimationaccurag canbe signi cantly im-
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provedby having somenodesasbeacongDPGO1]].

In large ad hoc sensonetworksthat mustoperateunattendedour primary goalis
to make the localizationsystemsimpleto con gure anddeploy. In a beaconbased

localizationarchitecturethis includestwo majorconcerns.

BeaconCon guration. Beaconsnustknow their positionswith respecto some
coordinatesystemin orderto adwertisethem. Eachbeacomeedso be con g-

uredwith its spatialcoordinatesluringdeployment.

BeaconPlacement. How mary beacongdo we need?Whereshouldthey be
placed?Thebeacordensityandplacemenareimportantin in uencing theover-
all localizationquality. Uniformly denseplacements goodandhasits bene ts,

it is notadequate.

In the following sectionswe explore variouscon gurationissuesor beacorsys-

temsin greaterdetailandmotivateour approactbasedon self-con guration.

6.2 Automating BeaconCon guration

Automatingthe proces®of con guring beaconsvith their spatialcoordinatess impor-
tantfor large scaleandhighly densebeacordeployment. This includestwo issues—
establishinga coordinatesystem(geodetic Cartesianpolar)anda frameof reference,

andestimatingoeacorlocationsin thatcoordinatesystem.

We canautomatethe processf assigningoeaconcoordinatesisingseveraltech-
niques. In an outdoorsetting,we canassumehat beaconswill infer their position
throughGPS[HLC92]. In this case,thesepositionswould needto be transformed
from geodeticcoordinateglatitude, longitude)to Cartesiancoordinatesn the frame

of referencgHLC92] if desired.
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Table6.1: Notationusedto describebeacorsystemdor localization.
PARAMETER | DEFINITION

A beacordevice thathasknowledgeof its position

(andis presumedo be staticallyplaced.)

A clientdevice whosepositionis unknavn
(andcaneitherbe static,portableor autonomouslynobile.)
An assigneglacemenbdf beacons.

Thetotal numberof deplojedbeacons.

Thetotal areain whichbeaconsredeployed.

and| Theposition( and coordinatespf abeacon .

Thenominaltransmissiomangeof thebeaconsin anarea .

In anindoor setting,we believe thatinitial beaconplacementwill be structured.
Only a few beaconswill needto have their positionsassignednanually the restcan
exploit this structure(for example,in arectangulagrid) in beacorplacemento infer

their coordinatesThisis theapproactusedin factin the HiBall tracker [WBV99].

6.3 Impact of BeaconDensity

To understandhe issuesinvolved in beaconplacementwe startby consideringthe
impactof beacondensityon the quality of localizationin thesesystems. Table 6.3

describeghe notationusedto describebeacorsystemsisedfor localization.
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Figure6.1: Beacongernominalcoverageareais the numberof beaconsn thecircle

of radiusR (radiorange).

6.3.1 Characterizing BeaconDensity
How shouldwe de ne beacordensity?

Beacondeploymentdensity , aclassicahotion,denotegshenumberof beaconger

unit area.

— (6.1)

However, this de nition doesnot abstractaway the effect of the nominalcommunica-
tion (radiotransmissionjadiuson theperceveddensity We have comeup with anew

densitymetricthatencapsulatethe effect of theradiotransmissiomange.

Beacongper neighborhood (alsoreferredto asbeaconger nominalradio cover

agearea ) denoteghe numberof beaconghat exist in a nominalradio

72



Figure6.2: Impactof beacorplacemenbn localizationgranularity
transmissiortoveragearea( ). Thisis illustratedin Figure6.1.

(6.2)

6.3.2 Impact on Localization Granularity

For agivenbeacorplacement andasquareterrainof area . Let

denotetheratio —. Let usthe de ne a grid of points units apart,the point
asfollows:

(6.3)

The quality of localizationin the terraincanbe characterizedn termsof statisti-
cal metricssuchasthe meanand medianlocalizationerror over variouspointsin the

terrain,de ned asfollows.

MeanErr (6.4)

MedianErr (6.5)

Figure 6.3 plots the meanlocalizationerror asa function of beacondensity Re-

gardlesof actualbeacorplacementthelocalizationgranularitysaturatesit a certain
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Figure 6.3: Mean localizationerror vs. Beaconsper nominal radio coveragearea.

(Simulations).

thresholdoeacordensity Localizationgranularitysaturatestacertainnumber
of beacongerneighborhoodaround6 in our case.Thegraphis basedn simulations

of 1000randomtopologiesperbeacordensity

6.3.3 Impact on Channel Contention and Self-Interference

Considemcontention-basednderlyingmediaaccesprotocol,whereinmorethanone
nodemay attemptto transmitat the sametime i.e., contendfor the wirelesschannel.
An exampleof sucha mediaaccesgrotocoldesignedor wirelesssensometworksis

SMAC [YHEO02].

Let usassumeahebeacongernominalradiocoverageareais . Assumethatary
giveninstant,the probability of a beacortransmittinganadvertisemenpacletis . If

is thetransmissioriime of anadwertisemenpaclket andthebeaconingnterval is
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then

— (6.6)

Let denotethe probability thatthe pacletis successfullyreceved without

ary interferencel et denotetheprobabilityof collisionin thewirelesssystem.

We canmodelthe channelcontentiorasfollows.

Let indicatenumberof beaconghatwill try to transmita paclet.

(6.7)

(6.8)

(6.9)

This shaws usthatthe probability of paclet collision increasegxponentiallywith
the beacondensity . In orderto maintainthe samecollision probability
at a higher beacondensity we needto signi cantly reducethe paclet transmission
probability . Sincethe transmissiortime of a beaconadwertisementaclet is
x ed, this meansthat we must correspondinglyincreasethe beaconinginterval
Sincethe samplingtime of a client for its location computation(de ned in Chapter
5) is directly proportionalto , this meansthatthereis a correspondingncreasean
locationcomputatioriateng. Thus,we cannotsimultaneouslyncreasdeacordensity

andmaintainthe samesystenresponsrenesdgor localization.

6.3.4 Two Assertionsabout BeaconDensity

We canmalke two assertionsboutbeacondensityin the context of proximity-based

localizationsystemswith localizedlocationcomputationChapters).

1. Regardlesof actualbeacorplacementthe localizationgranularitysaturatest

acertainthresholdbeacordensity (seeFigure6.3, bpnrca).
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Figure6.4: Impactof RF propagatiorvagarieson localizationgranularity

2. As the beacordensityincreasesthe probability of collisionsamongcompeting
beaconsvying for the sametransmissiorslot increases.(Chapter5, seealso
[PCBO0Q).

At low andmediumbeacordensitiesthequality of localizationsuffersdueto poor
placemenbf beaconglueto variouservironmentandcalibration-dependemnagaries
whichwe will discussn thenext two sectionsUnfortunatelywe cannotpredictthese
problemsbefore hand. Theseproblemscannotbe addressedt design-time. This

motivatesrun-timeself-con gurationof thelocalizationsystem.

6.4 Impact of Environment

We discussedhe characteristicef radio propagatiorin Chapter2. In varioussubtle
ways(e.g. path-lossshadaving andmulti-path),the ernvironmentaffectsthequality of
radio propagationand consequentlyocalizationin an RF-basedocalizationsystem

(seeFigure6.4).

Toleranceof randomplacemen{seeFigure6.2) or high nodemobility arenotthe
only reasongo designsensometworksto be self-con guring. Evenin caseswhere
they areplaceduniformly anddo not move, nodeanustindependentlgelf-oganizeto

coordinatefor collaboratve sensingunctions[SGA00,CHZ02].
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The ervironmentsin which thesesystemsare expectedto operatewill be time-
varying dueto RF propagatiorvagariesand other ervironmentaldynamics(for ev-
idenceof time-varying behaior, seemeasurementby Zhao [ZGE02 Zha02]). In
additionto time-varyingcomponentsmary characteristicef the environmentwill be
afunctionof x edelementssuchastreesor hills onaterrain. Althoughtime-varying
effects can be analyzedstatistically[GKWO02], errorsand distortionsresultingfrom
x ed elementsamustbe compensatethy detectingand adaptingto theseconditions.
An approachaimedat characterizinghe environmenthasthe potentialto improve
sensingdelity aswell asenepy ef ciency. For example,in the multi-modallocaliza-
tion system[GEO1H previously describednodescouldretainlong-terminformation

aboutnonline of sightpairsdetectedvhenobstructionshangeslowly.

Sawvideset al [SHS01a]proposean approachby which nodesin a wirelessnet-
work canimprove the accurayg of their RSSlbasedocationestimateqdiscussedn
Section2) by dynamicallyderiving (learning)the surroundingwirelesschannelprop-
erties. The algorithm startswith an initial guessof channelpropertie$ andtries to
obtainnodepositionestimateghrougha sequencef successie multilateration. The
initial setof position estimatescan now be usedto obtainan initial estimateof the
channelpropertiesby providing two crucialcomponents(i) A large setof inputsfor
the estimationof the channelparameters(ii) A correspondingerror variancethatis

usedasaweightfor eachinputin thechanneimodelestimator

Usingthesenputs,thechanneimodelestimatorcanproducea new estimateof the
channelpropertieswhich canbe usedin subsequenmultilaterations.The processs
repeateduntil the valuesof the channelmodel, and consequentlyosition estimates

convergeto aspeci edtolerance.

This approachmalesit a versatilesolutionthatevenwithout prior calibrationcan

For instance parametersuchasthe additive Gaussiarchannehoisein thelog-normalshadaving
model[Rap9§
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work in mary differentsettingsvherethe propagatiorchannepropertiesaredifferent.
Furthermoreif thesensorsaredeplo/edoverawide areathesignalpropagatiorchar
acteristicamay vary widely even acrosghe region of interest. Calculatingthe propa-

gationcharacteristicocally yieldsbetteraccurag in thenodelocationestimates.

6.5 Impact of SensorCalibration

Asin ary sensosystemgalibrationis importantto our RF-basedocalizationsystem.
Calibrationrefersthe creationof beacorspeci ¢ informationsuchthatary givenbea-
concantransmitat the samepower asthe othersandcanaccuratelymapits transmit
power level to a nominaltransmissiommrange. Characterizingandaccountingor bea-
conspeci c variationsin this way insulateshigherlevel localizationalgorithmsfrom

hardwaredependencieandthe detailsof signalprocessing.

Whenbeaconsreun-calibratedyariationsamongbeaconsancausdarge varia-
tionsin percevedbeacordensity anisotropiccoverage asymmetricconnectvity, etc.

Thesecandegradethe performancef thelocalizationscheme.

While simple ltering techniquesaneliminatesomeoutliers,beaconsnuststill
be ableto auto-calibrateandcompensatéor the perceved differences Hightower et
al [HWBO0O0] andthe TinyOSprojectat Berkeley have beenstudyinghow to implement

self-calibrationin sensomodes.We canpotentiallyleveragetheirtechniques.

6.6 Goalsof Self-Con guration

The goal of self-con gurationis for beacongo automaticallyadaptto variationsin
density ervironmentand miscalibration. Othershave addresse@daptingto a x ed

ervironment{SHS01aGEO01H andto miscalibratiofHWBOO].
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Figure6.5: A self-con guringlocalizationsystemarchitecture.

This dissertatiorfocuseson adaptingto beacondensity We have formally intro-
ducedthe notion of beacondensityandshavn thatthe quality of localizationcanbe
relatedto the densityof beacons.The deployed densityof beaconds however not

equalto theactualbeacordensity

We have shavn thatdifferentproblemsariseatdifferentdeploymentdensitiessuch
that densityguidesthe approacho self-con guration. We discussthe following two

formsof self-con gurationin this dissertation.

At low and mediumdensities: Are the deployed beaconenoughto guarantee
goodlocalizationquality throughoutheterrain?How dowe ensurehis?If they

arenotenoughhow canwe addbeacongo improve the quality of localization.

At high densities: How do we coordinatedenselydeplo/ed beaconsso asto
reducechannelkontentionwhile bestexploiting the spatialdiversityandredun-

dang of densely-deplgedbeacons?

6.7 Summary

In this chapterwe exploredvariousissuesn deplogying beacorsystemdor localiza-

tion. We studiedtheimpactof beacordensity ervironmentandsensorcalibrationon
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localizationquality. Our approachwasbimodal— we studiedtheseissuesto moti-
vatewhy beacorsystemanustself-con gure. Corversely we alsoidenti ed various
formsof self-con gurationandshaov how self-con guringbeacorsystemgorganized
accordingto the architecturedescribedn Figure6.5) caneliminatethesedeployment
issues.

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

spectvely.

80



CHAPTER 7

GRID: Centralized Incr ementalBeaconPlacement

To measueis to know If youcannotmeasue it, youcannotimproveit.
—Lord Kelvin

In Chapter6, we establishedhat beaconplacementwvould affect the quality of lo-
calization. In this chapterwe formalizeandaddresghe problemof adaptivebeacon
placementgivenanexisting eld of beaconshow shouldadditionalbeacon$eplaced

for bestadvantage?

We develop novel algorithmsthat permita personor mobile robotto placeaddi-
tionalbeaconso incrementallyextendaninitial beaconeld. Thisallowsfor measuement-
basedadaptatiorto terrainconditions.We alsoevaluatethe gainsfrom incrementally

improving anRF-basedocation eld usingextensie simulations.

If the only way to improve the quality of localizationin a region by addingan
additionalbeaconsto placeit atasinglepointin theregion,thenit is dif cult to design
algorithmsthat canidentify that pointin the presencef so muchnoise. The design
of our algorithmsis predicatecbn the notion of solutionspacedensity[BEGO01]. The
efcacy of algorithms(suchasour beaconplacementlgorithms)designedo work
in noisy ervironmentsis predicatedn the assumptiorthatthe solutionspacefor the
problemmustbedensan numberof satisfyingsolutions.We areseekingareasonable

solution,not necessarilya unigueoptimalsolution.

81



7.1 Motivation

Intuitively, a uniformly denseplacementf beaconshouldsufce to ensurea certain
quality of localization.Uniform placements good,but insuf cient dueto thefollow-

ing reasons:

Beacongnay be perturbedduring deployment. Considerfor instancea terrain
comprisingof a hilltop. Air droppedbeacomodeswill roll overthe hill, while

lighter sensonodesmay stayatopthehill.

Evenwhenbeacomlacements uniform, noise(in theform of terrainandpropa-
gationuncertaintiesinayaffect thevisibility of beaconghatshouldbein range.
Radio signal propagationn generalis signi cantly affectedby multi-path ef-
fects, fading, shadaving etc. Uneventerrainsand obstaclesring in an addi-

tional dimensionof uncertaintyfRap96].
Very denseplacementnaynot bea viable solutiondueto severalreasons:

Costor Pawer: The costof the beaconsnay precludevery densebeacorplace-
ment. Power considerationgnay require that only a restrictedsmaller sub-
setof beaconnodesbe active at ary giventime so asto prolong systemlife-

time [EGH99, XHEOO].

Terrain Commonality: Even whencostis not a concern,the environmentalor
terrainconditionsmaybe suchthatmerelyincreasinghe densityuniformly will
not overcomethe problem. For instancejf the numberof air-droppedbeacons
weredoubled,the samesituationwould persist. Also, the terrainmay already
have a very high densityof beacongenoughto achieze the maximumpossible
quality of localizationunderideal conditions)andhencethe nev beaconsnust

beaddedn particularplacesto copewith noise.
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Figure7.1: Mobile robotcapabilitiesfor instrumentingerrain.

Self-interference:At very high densities,the probability of collisions among
signalstransmittedby thebeacongncreasesThereforeavenif we hadunlimited

numbersof beaconsye would lik e to limit their use.

The fundamentalimitation of thesetwo approachess thatthey are basically x ed
stratgies,thatdo not take into accountervironmentalconditionsthat cannotbe pre-
dicteda priori. It is virtually impossibleto precon gureto suchterrainand propa-
gationuncertaintiesandcomputeanideal (or even satisfying)beacorplacementhat
uniformly achievesa desiredquality of localizationacrosgheregion. Clearly, thebea-

conplacemenheeddo adapto thenoisyandunpredictablernvironmentalconditions.

7.2 DesignConsiderations

Givena localizationalgorithm,onemustdeploy a eld of beaconsasinfrastructure,

andthenextendthis eld if it provesinsufcient.

Our approachto incrementaimprovementof localizationthroughbeaconplace-
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mentis basedon measuement-baseddaptation By adaptation we meanwe are
improving the quality of localizationby adjustingbeacornplacemenbr addinga few
beaconsatherthanby completelyre-deplying all beaconsBy measuement-based
we meanthe deploymentof additionalbeaconss in uenced by measurementsf the
operatingocalizationsystemratherthanby carefulor completeoff-line analysisof a

completesystemmodel.

Our generalapproachs to usea GPS-equippethobile robotor humanto explore
theterrain.We assumehattherobot(or human)candetermingts geographigosition
using a high precisiondifferential GPSrecever and mapit to the local coordinate
system.Therobothasa shortrangeradio similar to the oneusedby the sensomodes,
andcanthuscomputsts localizationestimateusingtheconnectwity basedocalization
algorithm. Thusit hasa meansof computingthelocalizationerrorat any pointonthe
terrain. It alsohasa capabilityto carryacertainnumberof beaconshatit candeploy as
additionalbeaconsvhereverit deemaecessaryseeFigure7.1). Therefore basedn
its measuremensf localizationerrorat differentpointsin theregion, it mustcompute
goodplacesto deploy additionalbeacongillustratedin Figure7.2) anddeploy them.

1 We de ne this problemasadaptivebeacorplacement

7.2.1 Assumptions

The designspaceof possiblerobot-basedeacorplacementlgorithmsis very large.
We have begunwith a simplechoice: anoff-line algorithmwith completeterrainex-
plorationandno measurememntoise.We usethis simpleproblemto de ne theproblem

andpreliminarysolutions.Thesesolutionscanbe generalizedo otherproblems.

In generalthe SCONR project[SCQ] focuseonincorporatingoboticmotionandcommunication
into distributedsensingapplicationge.gsee [MS0Q)).
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Figure7.2: The GRID approacho adaptve beacorplacement.

7.2.2 ProblemDe nition: IncrementalBeaconPlacement

More formally, the problemof incrementabeacorplacementanbe statedasfollows.
Given:
- A squargerrainof side andarea .
- An initial placemenbf beaconsn area .
- A setof localizationerrormeasuremenist variouspointsin theterrain
metersapart( ) recordedby arobot.
- Nominaltransmissiomangefor eachbeacon.
Find:

- A candidatgointwhereanew beacorcanbeaddedo 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-
rithmsis to determinecandidatepointsfor placemenbf an additionalbeaconso as
to maximizethe gainsobtained.Thesethreealgorithmsdiffer in theamountof global

knowledgeandprocessingisedto make their decision.

7.3.1 Random

This is the simplestalgorithm,which paysno attentionto the quality of localization
at differentareasof the region and simply selectsa randompoint in the region asa

candidatgpointfor addinganadditionalbeacon.

Stepl Selectarandompoint in theterrain.

Step2 Add anew beacorat

We investigatethis primarily for comparisonwith the otheralgorithms,but also
becausat is similar in characterto uncontrolledairdrop of additionalnodes. The

compleity of thisalgorithmis

7.3.2 Max

TheMax algorithm(illustratedin gure 7.3) canbedescribedn threesteps:

Step1 Dividetheterraininto squares.
Step2 Measurdocalizationerrorat eachpoint in theterrainthat
correspond$o asquarecorner ( —)

Numberof datapointsin theterrain, —
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Figure7.3: An illustration of the Max algorithm.

Step3 Add new beacoratthepoint thathasthe highestmeasuredocaliza-

tion erroramongall points.

This algorithmis predicatedon the assumptiorthat pointswith high localization
errorarespatiallycorrelated Theadwantageof thisalgorithmis thatit canbecomputed
in a very straightforvardway. However, it may be overly in uenced by propagation
effectsor randomnoisethatmay causevery high localizationerrorat onepoint while
thelocalizationerrorat pointsvery closeto it remainsow; i.e., it is sensitve to local

maxima.

Thecomplity of theMax algorithmis linearin -, thenumberof datapointsat

whichthelocalizationerroris measuredle.,

7.3.3 Grid

The Grid approacho determininga candidatepoint is to computethe cumulatve lo-
calizationerror over eachgrid, for several overlappinggrids in the terrain. This is
basedon the obserationthataddinga new beacoraffectsits nearbyareanotjustthe

pointwhereit is placed.

The Grid algorithm(illustratedin gure 7.4)consistof thefollowing steps:

87



: Il .
,,,,,,,,,,,,,,,,,, o e
® . e s
(SR DO B RO '<:: 9 e
e e
,,,,, Lol c@a Lt
[ ) 1 i
ﬁll»li) ‘ L
U @ o T Side
P =CE N S N S LB
‘o
N/l e S oot .
i J

Figure7.4: An illustration of the Grid algorithm.
Stepsl and 2 arethesameasthe Max algorithm.
Step3 Dividetheterraininto partially overlappinggridsasfollows:

Step3.1 Eachgrid hasa side, . Thuseachgrid encloseghe

radioreachabilityregion of its center

Step3.2 For ~,thegrid isde ned by its center
where
and _

Step4 For eachgrid , computethe cumulatve localizationerror atall
the pointsmeasuredn Step2 thatlie in the grid . Numberof datapoints
pergrid, _

Step5 Addthenew beacoratthecenter of thegrid with themaximum

cumulatve localizationerror

While the Grid algorithm hasthe advantagethat it canimprove mary points at

once,it is computationallyfar more expensve thanthe Max andRandomalgorithms
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becausét additionallydividestheterraininto severalgridsandcomputeghe cumula-

tive localizationerrorin eachgrid.

Thecompleity of theGrid algorithmis linearin theproductof  , thenumberof
gridsconsiderecand , thenumberof datapointspergrid at which the localization
erroris measuredi,e

Section7.4 providesaperformanceomparisorof thesethreealgorithms.We note
thattheseareby no meangheonly possiblealgorithms but thesearerepresentatie of

the effectivenessttainablewith differentdegreesof processing.

7.4 PerformanceEvaluation

In this section,we reporton someresultsfrom a preliminaryperformancesvaluation
of our beacorplacementlgorithms.We usenumericsimulationsto explore,in some

detail,theimplicationsof severaldesignchoices.

7.4.1 Goals,Metrics and Methodology

Our goalsin conductingthis evaluationstudywerethree-fold:

Placethe performancef Grid andMax algorithmsin the context of theRandom
algorithm. This senesasa sanity checkfor the intuition behindthe Grid and
Max algorithms,asalsoto explore the in uence of the level of knowledgeon

algorithmperformance.
Understandole of beacordensityon algorithmperformance.

Understandmpactof noisesuchas propagationossesandterrainfeatureson

thebeacorplacemenalgorithms.
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We choosdwo metricsto analyzeandcompareahe performancef ouralgorithms.
Thesemetricsare statisticsevaluatedfor the obsened localizationerror at all

squarecornersobtainedoy subdviding theregion.

Improvementn meanlocalizationerror ~ computeshedifferencebetweemean
localizationerroratall measuregbointsin theterrainbeforeandafterthebeacomode
is added. This metric indicatesthe overall impactof addinga beaconto quality of

localizationin the entireterrain. For agivenbeacormplacement

MeanErr

where

MeanErr MeanErr

Improvementin medianerror computesthe differencebetweenthe median
localizationerror at all the measuregbointsin the terrainbeforeandafterthe beacon
nodeis added.This metric indicatesthe improvementdueto addinga beaconon the
guality of localizationat the top 50% of the pointswith the highestlocalizationerror

attheterrain.

MedianErr MedianErr (7.1)

We study thesemetricsas a function of beacondensity We considera square
terrain of side 100m. Eachnodehasa nominalradio rangeof 15m. To studythe
performanceof our algorithmsasa function of beacondensity we generatea variety

of beaconelds of differentdensities.

In eachof our experimentswe vary the numberof beacomodesrom 20to 240in

incrementof 10 beacomodes.The correspondindpeacordensityvariesfrom 0.002
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Table7.1: VariousGRID simulationparameters.
PARAMETER | VALUE

100m
15m

1m

400

beaconger squarem to 0.024beaconger squarem. To put thesedensityvaluesin
contet, the correspondingnhumberof beaconpernominalradiocoveragearea( )
variesfrom 1.41to 17. For eachdensity we generatel000 differentbeacon elds.
Eachbeaconeld is generatedby randomlyplacingthe beaconsn the
squareterrain. The performancemetrics,for eachalgorithmandbeacondensity are
averagedover the 1000beaconelds. To characterizehe stability of our results,all
graphgnclude95%con denceintervals. Thesimulationparameterarelistedin Table
7.1.

7.4.2 Impact of BeaconDensity

As obsenedearlier beacondensityhasa considerablempacton quality of localiza-
tion. To quantify this effect, we evaluatethe relationshipbetweenmeanlocalization
errorandbeacordensity Figure7.5graphaneanlocalizationerrorfor varyingbeacon
densitiesunderidealizedradio propagatiorconditions.We seethatthe meanlocaliza-
tion error falls sharplywith increasingbeacondensity until it reachesa density of

0.01beacongersquarem (approximately? beaconpernominalradiocoveragearea)
andsaturatest around4m ( ). We referto this densityasthe saturation beacon
density Thereis little to be gainedfrom deploying beaconnodesat morethanthis

density
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Figure7.5: Meanlocalizationerrorvs. beacordensity(ldeal)

Our rst experimentcompareghe threealgorithmsunderidealizedradio propa-
gationconditions(i.e., perfectconnectwity for distances , no connectWity other
wise). Theaim of this experimentis to isolateandstudytheimpactof beacordensity

ontheRandomMax andGrid beacorplacemenglgorithms.

Figures7.6 graphsthe improvementsin meanand medianlocalizationerror for
variousbeacondensities.As expectedthe Randomalgorithmhasthe leastimprove-

ment.

At low densities( , much belon saturationdensity),the Grid algorithm
clearly performsbest,with improvementsn meanlocalizationerrorat leasttwice that
of theMax algorithm.Grid achievessuchperformancéecausdé considerghequality
of localizationover a grid, andcanimprove mary pointsat once.The performancef
Max is slightly betterthan Grid for regions of moderatedensity (0.008to 0.02 per
squarem). At thesedensities the pointswith maximumlocalizationerror are very
loud, andMax suppressethembetter At very high beacordensities( beacons
persquaram), thequality of localizationis saturatedandthe performancef thethree

algorithmsis aboutthe same.

A similartrendwith respecto beacordensityis obsenedfor themedianlocaliza-

tion error, althoughthe improvementsn medianlocalizationerrorarerelatively more
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Figure7.6: Improvementin meanandmedianerrorsvs. beacordensity(ldeal)

modes{roughly25%of theimprovementsn theaveragdocalizationerrorwith Grid).
Thisis becaus¢healgorithmsareeffectivein xing afew hotspotswith highlocaliza-

tion errorwith theadditionof asinglebeacorratherthanin improving thelocalization

throughoutheterrain.

From our analysiswe infer that, at leastunderidealizedconditions,our beacon

placementlgorithms(Grid and Max) areapplicableonly to a regime corresponding
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to low or insufcient beacordensity

7.4.3 Impact of Noise

As stateckarlier idealizedradiopropagatiortonditionsareratherunrealisticRandom
noisecansererely affect radio connectvity [Rap96],andtherebydegradethe quality

of localization. Sincethis noise cannotbe predicted,beaconplacementalgorithms
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Figure7.7: Meanlocalizationerrorvs. beacordensity(Noise)

mustadaptto it throughmeasurementsTo studythe impactof noiseon our beacon
placemenglgorithms we modelrandompropagatiomoiseasfollows. For eachbea-
con eld, connectvity to any beacon atary givenpoint is determinedasedon
anoisemodel. In our noisemodel,connecwity to abeacon existsatapoint , if
is thenoisefactorof thebeacon , andis
choseruniformly betweer0 and , the maximumnoisefactorfor the eld. is
choseruniformly atrandombetween and . Theintentwasto createnon-uniform
propagatiomoisefor the beaconsandto createrandomregionswith higherpropaga-
tion noisethantherestof thelocation eld. We do this becauseheimpactof noiseis
lessevidentwheneachbeacorhasanidenticalpropagationeld. Notethatthis noise
modelis locationbasedandstaticwith respecto timei.e., nottime varying. We use4

differentsettingsof , 0 (correspondingo Ideal propagation)0.1,0.3and0.5.

To quantifytheimpactof noise we evaluatethevariationin meanocalizationerror
fromtheidealcasen thepresencef noise.Figure7.7plotsthemeanocalizationerror

asafunctionof beacordensityfor variousnoiselevels. We obsere a steadyincrease
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asthelevel of increasedrom 0 to 0.5, in both the meanlocalizationerror for
eachbeacondensity(e.g., from 18mto 23m for 0.02 beaconger squarem) andin
the saturationbeacondensity(from 0.01to 0.015beaconger squarem). The mean
localizationerror follows the samegeneralkrendwith increasingoeacondensitywith

noiseaswith idealizedradiopropagation.

Figure7.8graphgheimprovemenin themeanandmedianocalizationerrorwhen
anadditionalbeacons placedwith the Randomalgorithm,for variousbeacordeploy-
mentdensitiesandnoiselevels. The gainsin bothmetricswith the Randomalgorithm
aresomavhatunchangedvith noise. This resultis asexpected becauseaoiseis not

aninputin the Randomalgorithm,which doesnot make any measurements.

Figures7.9and7.10graphtheimprovementin the meanandmedianlocalization
errorwhenan additionalbeaconis placedwith the Max and Grid algorithmsrespec-

tively, for variousbeacordeploymentdensitiesandnoiselevels. We obsenre thatnoise
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malkesregionsof moderatdeacordensitieg0.005to 0.01beaconpersquaran) more
amenabldéo improvement(improvementsf 0.5mto 1min meanerrorfor correspond-
ing increasesn meanerror of 1m to 3m) with the Grid algorithm, andto a lesser
extentwith the Max algorithm. The improvementgo the medianerror arerelatively
unchangedvith noise,becausexswe notedearlier the focusof the algorithmsis on

improving afew hot spots.

7.4.4 Summary of Results

Thereareseverallessonghatwe candraw from this evaluationof or beacorplacement

algorithms:

Our beaconplacementlgorithmsare applicableto a regime correspondindo

low or insufcient beacordensitydeployment( beacongersquarem or
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7 beacongernominalradiocoverageareain theidealcase).

At low densitiesthe Grid algorithmhasthe potentialfor signi cant improve-
mentsto the meanand medianerrorscomparedo the Max or Randomalgo-

rithms.

Whennoiselevel is increasedrom 0to 0.5,thereis a steadyincreasen boththe

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

The Grid algorithmis clearly superiorto Max and Randomalgorithmsevenin
the presencef noise. The performancef the Randomalgorithmis unchanged
with noise,whereasioisemakeseven moderatalensityregionsmoreamenable

to improvementwith the Grid algorithm.
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7.5 Summary

In this chaptey we emphasizedhe importanceof beaconplacementn localization
approachesind motivatedthe needfor empirically adaptve beaconplacementlgo-
rithms. We describedhe notion of solutionspacedensity which forms the basisfor

our algorithms.

We outlined a generalapproachfor adaptve beaconplacementasedon explo-
ration andinstrumentatiorof the terrainby a mobile humanor robotagent. We de-
signedandevaluatedhreealgorithmsbasednthisapproachGrid, Max andRandom.
Our algorithmsareapplicableto a regime of low andmediumbeacordensitydeploy-
ment. In this regime, Grid clearly outperformsthe Max and Randomalgorithms. In
our simulationswe shovedthatbeacordensityratherthanthe noiselevel hasa higher
impacton the performanceof beacorplacemenglgorithms. Whenthe noiselevel is
increasedrom 0 to 0.5,thereis asteadyincreasen bothmeanlocalizationerror(upto
33%) andsaturatiorbeacondensity(up to 50%). The algorithmsexhibited the same
relative trendin the presencef noiseasin anideal scenarioalthoughnoisemakes

regionsof moderatdbeacordensitymoreamenabldo improvement.

Although, we have evaluatedour algorithmsin the contect of beaconplacement
for RF-basedocalization,they maygeneraliz¢o otherproblemdomainsvhereissues
of node placementare rathercritical: global coverageor universalconnecwity in
wirelesssensometworks, measuremenbasedrepositioningof seismicsensomodes
(surfaceconditions,couplingwith the groundaresigni cant in uenceson the quality
of sensingattainablen thesenodes).In traditionallnternetwebcachingtheplacement

of webcachesnaybe donebasedn analyse®f webtrafc, websenerrequests.

The novel aspectof our approachs the emphasison empirical adaptation The

dravbackwith that approachis that its relianceon a mobile agentto make terrain
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measurementémits its scalabilityto large terrainsandits applicability whenagent-

basedneasurementsf localizationerroratarbitrarypositionsarenot possible.
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CHAPTER 8

HEAP: Localized IncrementalBeaconPlacement

An approximateanswerto the right questionis worth a gooddeal more

thanthe exactanswerto an approximateproblem.

—JohnTukey

You only needsit still long enoughin someattractive spotin the woods

thatall its inhabitantsmayexhibit themselveso youby turns.
—HenryDavid Thoreau,fromthe chapter’Brute Neighbos” in Walden

At low andmediumdensitiesthe beacongleployedin anad hoc mannerfor lo-
calizationmay not be sufcient to ensurerobust localizationthroughoutthe terrain.
Although GRID senesa critical functionin addressinghis problem,its dravbackis
its relianceon a mobileagentto make terrainmeasurementghis limits its scalability
to large sizeterrains. Furthermorejt cannotbe appliedwhenagent-basedheasure-

mentsof localizationerrorat arbitrarypositionsin theterrainmaynot be possible.

In this chaptey we describeHEAP, an adaptive localizedalgorithmthat enables
beacongo selectcandidatepointsfor incrementabeaconplacemenin orderto im-

prove the quality of localizationin theterrain.

Asin thecaseof GRID, thegoalof HEAP is incrementabeacorplacement.e., to
discover placesto adda few new beacongo maximizeimprovementin localization,

ratherthanto completelyre-deply thebeaconeld.
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Figure8.1: Information o w in HEAP.

However, HEAP differsfrom GRID in two signi cant respects First, the system
measuremen@remadeby beaconghemselvesot by anexternalagent.This means
it is applicablewhenphysicalmeasurementsf localizationerrorin theterrainarenot
possible. Second the HEAP measurementare distributed, not centralized. Conse-

guently it is morescalableasthe numberof nodesin thenetwork increases.

In the restof this chapter we describeboth the network architectureunderlying
HEAP aswell asthealgorithms.In the next sectionwe describethe designof HEAP.
We presenextensive simulationsof HEAP in Section8.2 andexperimentakesultsin
Section8.3 to validateits bene tsin a real deplojed RF-basedocalizationsystem.

Finally, we conclude.

8.1 HEAP Design

The HEAP approachto incrementabeaconplacemenis basedon systemmeasure-
ments. In HEAP, the wirelessnetwork consistsof threeentities: Node Beaconand
a Placer. Beaconsxchangeneighborhoodnformationwith eachotherto determine

suitablecandidatgointswithin theirlocal neighborhoodfor example within aregion
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Figure8.2: lllustrationof the HEAP-GRID algorithm.

of radius aroundthebeacon¥or addingnen beaconsBecausaewn beaconseedto
be physicallydeployed,a controllingageng is needed Beaconsendtheir candidate

pointsto the Placervia intermediatenodes.The Placerdeploys new beacons.

In systemsvherethe Placeris x edandlocatedfar from enegy-constrainedea-
cons,hop-by-hopcommunicatiorratherthandirectlong rangecommunicatiorto the
destinationsite is preferablefor enegy-efciency. Furthermore,it is infeasibleto
transmitall dataacrossthe network, even hop-by-hop. By performinglocal com-

putationto reducedatabeforetransmissionprdersof magnitudeenegy savings can



be obtainedPK00]. Intermediatsnodesaggregateandrelay datafrom the beacongo

the placerhopby hop.

Information o w in HEAP is illustratedin Figure 8.1. Datais transmittedfrom

beacongo the placer with in network aggreationatintermediatenodes.

HEAP measuremens adistributedalgorithmthatdepend®nin-networkprocess-
ing to selectplacemensites.Theonly centralizedoartis the placer It is requiredonly
becausave assuméencrementahodedeploymentfrom a singleagenyg (we selected
this de nition for comparisorwith prior centralalgorithmssuchasGrid, describedn
Chapter7). A fully distributedvariationon the HEAP algorithmwould allow a node

to deploy additionalbeaconsf improvementpassedomethreshold.

8.1.1 Algorithms

Information o w in HEAP canbesetup usingoneof severaldatadisseminationmech-
anismgproposedn theresearchiterature [HCBOO, IGEOQQ]. Oncethisis in place the

threeentitiesBeaconNodeandPlacerexecutetheir parts.

Beacon : A beaconexchangesnformationandlearnsto estimateits beacon

neighborhoodlt thenselectsa candidatgpointandsendst to its node.

Node : Anintermediatenodein the hierarchyrecevescandidateointsfrom all
its neighborbeaconsandchild nodes. It selectsandforwardsone of thesecandidate

pointsto its node.

Placer : The placerrecevescandidateointsfrom all its neighboringbeacons
andchild nodes.It eliminatesary candidatepointsthatdo not satisfyconstraintsaand

selectggoodpointsfor addingnew beacons.
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8.1.2 NeighborhoodEstimation

Beforea beaconn HEAP canselecta candidatepoint, it needgo estimatdts beacon
neighborhoodo the numberof hopsappropriateo its candidatgoint selectionalgo-

rithm. Thisisaccomplishetby executingthealgorithm

at Beacon . In this algorithm, beaconsnclude information aboutother beacons
in their neighborhoodf a certainscopein their adwertisements.A beaconiterates

times,increasingts scopeby 1 eachtime.

Algorithm
Input: - A beacon.

- The Numberof hops(or the scope)to which neighborhood

mustbe computed.
Output: A setof all beaconsvithin of beacon .
StepO
Stepl
Step2
Step3 while ( ) do

Listento broadcastef otherbeacons'
neighborhoods.
is theunionof all the

neighborhood&eardduringthis period.

Step4 Return
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We considetHEAP-GRID, a simplealgorithmfor selectingcandidatepoints,that
extendsthe basicGRID algorithmproposedn [BHEO1g. We alsoexperimentedvith
HEAP-MAX (see[BHEO1b]), the HEAP distributed algorithmwith the MAX eval-
uationfunctionin [BHEO1a], but do not reporton it herebecausehe HEAP-GRID

functiongivesbetterperformance.

8.1.3 Candidate Point Selection

The HEAP-GRID algorithmfor candidatgoint selectionJearnsthe neighborhoof
a beacon but with a larger scopeof 4 hops. This is illustratedin Figure8.2. Bea-
con B determinesandidategointsin its neighborhoodin this casea squareof side

basedon the locationsof its neighborbeaconslts approachs to simulate
thecumulatie localizationerrorover eachgrid for severaluniformly separategoints
in its neighborhoodlt dividestheneighborhoodnto afew squaregrids,andpicksthe
grid centerwith thehighesterrorasa candidategoint. Thisis basednthe obsenation

thataddinga new beacoraffectsits nearbyareanotjustthe pointwhereit is placed.

Algorithm
Input: - A beacon.

Output: A candidatgpointwhereanew beacorcouldbeadded.
StepO

Stepl

Considerasquare with side andcenter .
Step2 Divide into partially overlappinggridsasfollows.

Step2.1
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Let thesideof eachgrid be

Eachgrid enclosesheradioreachabilityregion of its center

Step2.2 For ~, thegrid is de ned by its center
Step3 Foreachgrid , computehecumulatvelocalizationerror
for thegrid asfollows.

Step3.1 Divide thegrid into square®f size

Step3.2 _,
let

region thatcorrespond$o a squarecorner

Step3.3 Estimatdocalizationerrorat eachpoint
Let bethesetof all beaconsn

distance of

Step3.4
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Step4 Return of thegrid with maximumcumulatvelocal-

izationerrorasthe selecteccandidatepoint.

AlthoughHEAP-GRIDis by no meanghe only possiblealgorithm,it is represen-

tative of the effectivenessattainablewith alocalizedalgorithm.

8.1.4 Error Estimation

Oneof theaspectof candidatepoint selectionby a beaconis to estimatdocalization
erroratvariouspointsbasednits knowledgeof the beacomeighborhoodThis error
estimationis the domain-speci cpart of beaconplacement,one can substitutethe

procedurebelow for connectvity basedocalizationwith otherprocedures.

Algorithm
Input: P - A pointin 2 dimensionakpace.
- A setof beaconswithin radiorange of point

Output: An estimateof localizationerrorat point

StepO
Stepl
Step2

Step3 Return .

8.2 Detailed Simulations

We have usedsimulationgto explore,in somedetail,theimplicationsof severaldesign

choicesn HEAP. In this sectionwe reporton someresultsfrom thesesimulations.
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8.2.1 Goals,Metrics and Methodology

Our goalsin conductingthis evaluationwere two-fold: (i) CompareHEAP perfor
manceo acompletelyRandomalgorithmaswell asto acentralizedalgorithm(GRID)
with globalknowledgeof beacorpositionsandterrainor connectity conditions.(ii)
Understandhe impactof noisecausedy propagatioossesandterrainfeatureson

thebeacorplacemenalgorithms.

We choosdéhe samemetricsto analyzethe performancef our algorithmsasthose
usedin Chapter7. Thesemetricsarestatisticsevaluatedby samplingthe localization

erroratall squarecornersobtainedby subdviding theregion.

Improvementn meanlocalizationerror ~ computeghedifferencebetweemean
localizationerroratall measuregbointsin theterrainbeforeandafterthebeacomode
is added. This metric indicatesthe overall impactof addinga beaconto quality of

localizationin the entireterrain.For agivenbeacorplacement

MeanErr

where
MeanErr MeanErr

Improvemenin medianerror computedhe differencebetweenthe medianlocal-
izationerroratall the measuregbointsin theterrainbeforeandafterthe beacomode
is added.This metricindicatesheimprovementdueto addinga beacoron the quality
of localizationat the top 50% of the pointswith the highestlocalizationerror at the

terrain.
MedianErr MedianErr (8.1)

We studythesemetricsasafunctionof beacordensity In addition,we assume
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Table8.1: Terrain-in uencedshadeving modelparameters.

PARAMETER | DEFINITION VALUE
Wavelength 0.333m
Pathlossexponent(unobstructed) 2
Pathlossexponent(obstructed) 4
Standardieviation of noise 5
TransmittedPower 660mwW

To understanthow HEAP copeswith noisyradiopropagationye evaluatedHEAP
for both(i) idealradiopropagatiorconditionsand(ii) aterrainbasedshadeving model
(usesa bitmap of the terrain). We portedthe latter from Arena/ns[YVS01] to our
simulations. The experimentswere carriedout in a simulatedsquareterrain of side
100m. From Figure 8.4 we canseethat the ervironmentcontainsboth obstructions
and good terrain, so the terrain basedpropagatiormodelis quite appropriate. The
various propagationmodel parametersve choseis summarizedn Table 8.1. The
valuesof and arechosernfrom therangesof their typical values[Rap96]. The
terrain-basedhadaving modelhasdifferentvaluesof for line of sightandnonline
of sightrespectiely. , thetransmitpower is selectedrom [KaiO0] and , the
receving thresholdis setto be the receve power at the nominalradio range
using Friis free spacemodel [Rap9§. Thesedo not necessarilyre ect the details
of real ervironmentbut are representatie of a rangeof ervironmentsin which our

algorithmsmaybe used.

8.2.2 Impact of BeaconDensity

To compareheperformancef HEAP, ourlocalizedalgorithmfor variousbeacorden-

sitieswith GRID, centralizedmeasurementasedalgorithmdescribedn [BHEOla],
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Figure 8.3: Performancecomparisonof HEAP with centralizedalgorithmsfor the

meanandmedianlocalizationgranularitymetrics.

we conductedhefollowing simulationexperiment.We variedthe numberof beacons,
from 20to 80in incrementf 20. Thenominalradiotransmissiomangeof a bea-
con

area(

beacondensity Eachbeaconeld is generatedy randomlyplacingthe beaconsn

. Correspondingly , thenumberof beaconpernominalradiocoverage

) variesfrom 1.41to 5.64. We generated 000differentbeaconelds per

the squareterrain. Performancenetricsfor eachalgorithmandbeacon

densityareaveragedover the 1000beaconelds. To characterizehe stability of our

results,all graphsinclude95 percentilecon denceintervals.

Figure8.3 plotstheimprovementsn the meanandmedianlocalizationerrorsasa
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Figure8.4: HEAP CandidateéPoint Selection.Idealcasevs. terrainwith wall.

functionof beacordeploymentdensityfor bothidealradiopropagatiormodelandthe

terrainbasedshadaving model.

With ideal radio propagationpoth algorithmsperformwell for low densities(

), but GRID hasthe potentialfor signi cant improvements.For all thethree
algorithmsthemetric  (improvementn meanlocalizationerror)decreasesapidly
for densities , and saturatedor densities . Thegainin me-
dianlocalizationerror(metric ), for GRID relativeto HEAP-GRIDis considerably
lowerthanmetric . BecauséHEAP-GRIDselectsandidatgointsonly in thelocal
neighborhoodit is unlikely to identify noisy pointsaswell asthe centralizedalgo-
rithms. Its worst caseimprovement,andconsequentlymeanimprovement  tends

to bemuchsmaller

Thetrendexhibitedby metric  for idealradiopropagations furtherexempli ed
for theterrain-in uencedshadeving modelfor radiopropagationasFigure8.3shaows.
In theterraincase for low densitiesthe total numberof noisy pointsfar exceedshe
idealcase.GRID which instrumentghe whole terrainleverageghis andpostshigher
gainsin meanerror by substantiallyimproving a large numberof badpoints. HEAP-
GRID focusesonmoderatelbadpointsandthereforamprovements relatively lower.
Themedianerrorimprovementdor theterraincasefor HEAP arealsomuchbetterfor

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

comparableMoreover, HEAP is distributedandthereforemuchmorescalable.

8.2.3 Impact of Terrain Features

To qualitatvely evaluatethe effectivenesof HEAP in selectinggoodcandidatgoints
in anoisyterrain,we conductedsecondimulationexperimentwhereininitial beacon
placements alwaysuniform, varyingthe numberof beacons andthetransmission
range . =25,36,49,64,81and100. =15m,20m,and25m.IneachcaseHEAP
is runto determinethe candidatepointsfor two scenarioga) anidealterrainwith no
obstaclesnd(b) aterrainwith awall in themiddleshavn in Figure8.4. In Figure8.4,
eachpointrepresents new placedbeacorfrom onesimulationrun. Candidategpoints
shavn are thoseselectedn 20 runs of HEAP with uniform placementfor both the
idealcaseandfor aterrainwith awall in themiddle. Theright plot addsawall (shavn
in grey) asterrain. A simpleboundaryconstraintis appliedto remove algorithmbias
towardscandidatepointsat the cornersof theterrain. Candidatepointsshift closerto

the centerwhenthereis awall in themiddle.

In theideal case HEAP-GRID selectscandidatepointscloserto the peripheryof
theregion enclosedy the boundaryconstraint.This is becausé selectghe centerof
thegrid with the highestcumulative localizationerror, andin theideal casesuchgrids
are morelikely 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 actualpoints selecteddependon the beacon

density rangeandpositionsof thebeaconselative to the wall.

Despitehaving to dealwith erroneousnformation (poor neighborhoocapproxi-
mation,idealizedradiomodeletc.),the HEAP algorithmsareableto selectcandidate

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

valid for very smallterrainobjects suchasfoliage.

8.3 Experimental Results

We alsoevaluatedHEAP in arealtestbeddeploymentto verify its effectiveness.We
deployedalocalizationsystemconsistingof 16 beaconsn anindoorernvironment,the
Laboratoryfor EmbeddedCollaboratve SystemgLECS) at UCLA (seeFigure8.5).
Beaconmotesareattachedo the ceiling tiles of alab with partitionsandopenspace.
The con guration in which beaconsare placedis shovn in Figure8.6. Each+ sign
indicatesa beacon.16 beaconsareuniformly locatedin a feetsquareregion,
with adjacenbeacons feetapart.We choseanindoor settingfor this experimentbe-
causeheradiopropagations notidealindoorsdueto multi-patheffects,andtherefore
it providesusaninterestingtestcaseto studyhow well HEAP helpsthe systemadapt

to its ervironmentalconditions.

We variedthe transmissiorpower andfrequeng settingsusing software-enabled
controlcommandgseeSectiond.4). For eachuniquesetting,we collectedthefollow-

ing data:
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Figure8.6: Thecon gurationin whichbeaconsreplacedin the LECSlaboratory

Table8.2: Controlparameteror the beacorsystem.
PARAMETER VALUE

TransmissiorPowver/PotentiometeBetting | 75

Beaconingnterval (seconds) 3

BeaconConnectivityMeasuements:Eachbeaconmeasuress connectvity to
otherbeacons.We obtainthe beaconnetwork topology from the connectity

measurementsf all beacons.

Localization Error Measuements: We measurelocalization error at various
pointsin the terrain by walking acrossthe room and collecting dataat spac-
ings of 2 feet. For eachpoint, the localizationerror is averagedover several

trials.

We foundrealexperimentgo be very valuable We obsenredthefollowing for our

experimentwith 16 beacons:
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Figure8.7: Beaconconnectity graphobtainedn our experiment.
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At the samephysicalpoint, thelocalizationestimatevariedovertime.

Theconnecwity relationbetweerntwo beaconyariesovertime.

Becausecandidatepoint selectionin HEAP is basedon beaconconnectvity rela-
tions, the connecwity graphprovidesus completeinformationto emulatethe HEAP
algorithm.We physicallydeployednew beaconstcandidatgointsselectecby HEAP

andrecomputedhelocalizationerrorat variouspointsin theterrain.

Table 8.2 refersto the control settingsusedfor the experimentwhoseresultsare

shown in Figures8.7and8.8.
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Figure8.8: Candidatgoint selectecby HEAPR.

Figure 8.7 plots the BeaconConnectity Graph. Connectvity of eachbeaconis
shavn in a separatgraphandbeaconsarenumbered Connectvity betweerbeacons
is sometimesasymmetric(asin beaconsl and 6), and somebeaconshave a greater
connectvity degreethanothers(compares with 9). The cornerbeacon4 hasno con-
nectvity. We canseethatit is asymmetricsomebeaconshave greaterconnectvity

thanthe others.Thisonnecwity graphwasusedto emulatethe HEAP algorithm.

Figure8.8displaysthecandidatgointselectecdy HEAPto addanewx beaconThe
plus (+) signindicatepositionsof beacons.The cross(X) signindicatesthe position
of the candidatgpoint selectedby the HEAP algorithm. We canseethatthe candidate
point is very closeto the position of the failed beacon(beacord in the lower right

cornerin Figure8.7).

We physicallyaddeda nenv beacorat the candidatepoint. Figure8.9 plotsthe cu-
mulative distribution functionof thelocalizationerrorbeforeandafterthenew beacon

wasaddedat the candidatepoint selectedoy the HEAP algorithm. While the median
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Figure8.9: Cumulative distribution function (CDF) of localizationerror (experiment).

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

almostb0%from  feetto feet). ThisshovsusthatHEAP canbeeffectivein areal

ervironment.

8.4 Discussion
Fromour designandevaluationof HEAPR, we candraw thefollowing generalessons.

1. Oursimulationsshawv thatlocalizedandadaptve algorithmssuchasHEAP are
effective in comparisorto centralizedadaptve algorithmssuchasGRID in ad-
dressingoeacorplacementThisis because¢herelevanceof informationneeded
by abeacorfor algorithmiccomputatiordropsasa functionof distanceor num-

berof hopsto thebeacon.

2. Our experimentalresultsshav that HEAP canbene t a real deployedlocaliza-

tion system. This provesthat adaptve self-con gurationto terrain and envi-
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ronmentcharacteristicdasedonly on local coordinationamongbeaconsand

without a systemor terrainmodelis bothfeasibleandworthwhile.

3. Proximity-basedocalizationhasa beacondensitybeyond which the bene t of
additionalbeacondgalls off. This obsenationsuggestshe STROBE algorithm
targeting high beacondensities gvaluatedin the next chapter More generally
the study of performanceas a function of densityis importantfor algorithms

involving mary nodes.

8.5 Summary

In thischapterwe presentetHEAP, ourlow-complexity algorithmfor self-con guration
atlow andmediumbeacordensities HEAP usesthe designprinciple of localizedal-

gorithmssetforth in Chapter3.

We presentedletailedsimulationgo shav thatHEAP canachiere resultscompara-
ble to centralizedadaptve algorithms.Finally, we presentedxperimentaresultsthat
demonstratethebene tsof HEAP in arealdeployedlocalizationsystem HEAP is a
generaframework to selectcandidatepointsfor addingnew beaconsTheonly aspect
of HEAP thatis domainspeci c is the error estimationfunction describedn Section

8.1.4.HEAP couldbe appliedto otherlocalizationsystemsvhich usebeacons.
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CHAPTER 9

STROBE: Selectvely TuRning Off BEacons

Sleepis the interestwe haveto pay on the capital which is called in at
death;andthehighertherateof interestandthemore regularly it is paid,

thefurtherthe dateof redemptions postponed.

— Arthur Shopenhauer

In this chapter we describeSTROBE, an algorithmfor rotating functionality in
denselydeployed beacometworks in orderto enablecoordinationamongstbeacons
without interferenceand extend overall systemlifetime. We motivate our choiceof
density-adaptie protocolsas a building block, especiallyin the context of beacon
networksfor localizationin Section9.1. We presenthedesignof STROBE in Section
9.3 andan analysisof its enegy usagein Section9.4. We presenthe evaluationof
STROBE usingsimulationsandexperimentin Sections9.5and9.6 respectrely. We

presenbur concludingremarksin Section9.8.

9.1 Motivation

A key requirementfor large scalesensometworks is robust, unattendedperation.
Hereit may not be feasibleto improve localizationby addingnex beaconsat empir
ically determinedpoints,aswith HEAP. Instead,we would begin with a very dense

beacondeploymentinitially, andthenrotatefunctionality amongsteacongby turn-
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ing themon andoff) to maximizelifetime. Notethatthe economie®f scaleinvolved
in massve deploymentprovide a soundincentie for deploying beaconyery densely
initially, insteadof deploying a few beaconsnitially andthenreplacingthemor re-
chaging them whenever they run out of enegy. If nodesare cheapenough,pre-

deploymentreducedateradministratve costs.

Theacrorym STROBE standdor Selectvely TuRningOff BEacons.The goal of
the STROBE algorithmis for beacons$o cooperatrely achiare anadaptve operational

densitywithout diminishingthe localizationgranularity

For beacordeploymentdensities muchgreatetthanthesaturatiorthreshold
, tuningthe operationabeacordensitycanprovide severaladvantagesvithout
diminishinglocalizationquality. First, the duty cyclesof individual beaconsanbe
reducedwithout diminishinglocalizationgranularity thusincreasingsystemlifetime.
Second,with fewer operationalbeaconsat ary instant, the overall numberof bea-
con transmissionsare reduced therebyreducingthe probability of self-interference
amongstbeacons.3. Finally, a higherpercentagef beaconsould remainactive in
noisierobstructedoartsof the terrain,whereasa smallerpercentag®ef beaconsnay
needto beactive in unobstructederrain,achiezing similarlocalizationgranularityand

theadaptve self-con gurationthatmotivatesthis work.

9.2 DesignConsiderations

We have madesomeassumptiongn the designof STROBE. We statetheseassump-

tionsanddiscusgheirimplicationsbelow.

Beaconsarestaticandcomputetheir positiononly once. Therefore we canig-
noreboththe computationahkndcommunicatiorenegy for continuougposition

estimationof beacongfor example,GPSacquisitionoverhead).
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Clientsmay be mobile andneedto updatetheir positionscontinuously There-
fore, beaconsieedto remainactive throughouthe systemiifetime. * This moti-

vatesheneedfor acontinuousor periodicallyadaptve algorithmlike STROBE.

Theinterval betweersuccessie beacontransmissionsemains x edduringthe
systemlifetime. While thisis notinherentlynecessaryt considerabhsimpli es

our designandanalysis.

STROBE mustaccomplishseveral goals. First, it mustmaintainuniform local-
ization granularity both acrossthe systemandover time. Secondjt mustmaximize
systenlifetime bothby minimizing theenegy usageateachbeacoraswell asby load
balancingenegy usageacrosshebeaconsThird, it mustminimize corvergencetime
of thebeaconnfrastructurérom aninitial statewhereall thebeaconsreactive to an
enegy-efcient state,whereonly the thresholdlevel of beaconseededo maintain
the desiredlocalizationgranularityare active. Finally, after corvergenceto a steady

state the systemshouldnot deviate signi cantly fromit.

9.3 STROBE Design

In this sectionwe discusghe designof STROBE. We discusghe duty cycle of abea-
conin STROBE, andthe decisionmakingapproachhat governsthe statetransitions

in thisduty cycle.

9.3.1 STROBE Duty Cycle

Typically, eachbeacontransmitsone position adwertisemenin a beaconingnterval

andsleepdor the remaindernf theinterval. Eachpositionadwertisemenhasfour

If theratio of clientsto beaconss very small,thenthesesystemsouldbetriggered.
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Beaconldenti er | BeaconPosition | Packet Sequencé&lumber| BeaconStatus

Figure9.1: BeaconPositionAdvertisemenPacket Formatfor STROBE.

elds: beaconidenti er, beaconposition, sequenceaumber beaconstatus. Beacon

statuss usuallysetto be UP (seeFigure9.1).

In STROBE, a beaconcanbe in one of threestates:\oting (V), Designated D)
and Sleep(SL) The statetransitiondiagramis depictedin Figure9.2. Beaconscan
switchfrom \Voting to Designatecor Sleepstatesandvice versa.All beaconstartout
in the Voting state wherein,a beacorturnson its radioandbroadcastgositionadver
tisementsevery  secondsandalsolistensfor adwertisementgrom its neighboring
beacons.Whena beaconnodeenters\Voting state,it setsa timer for seconds.
Whenthetimer res, it evaluateswvhereit shouldgoto sleepbasedn adecisionmak-
ing processexplainedin Section9.3.2.1f so,it broadcastanadwertisementith State
setto be DOWN andtransitionsto the Sleepstate. Otherwise,it transitionsto the
Designatedstate. A beacomodein sleepstatewakesup after a sleeptime and
transitionsbackto Voting state.A beacomodein Designatedstateperiodicallyadver-
tisesatintervals for atime  andthentransitionsbackto Voting state.A beacon

nodein Sleepstatewakesup afterasleeptime andtransitionshackto\Voting state.

Distinct Voting andDesignatedstatesarenecessaryn orderto avoid the overhead
incurreddueto receving adwertisemenmessagefom otherneighborbeaconsvhen
in the Voting state. Threeimportantparameteref STROBE thatin uence its enegy

usageandsystemlifetime are ,and
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Figure9.2: StateTransitionDiagramfor STROBE.

9.3.2 BeaconDecisionMaking

During the \Voting state,a beacorevaluates , the numberof currentlyactive beacons

thatareits neighbors.

(9.1)

where is thesetof all beaconst heardfrom whosemostrecentad\ertisedstateis

UPand thosewhosemostrecentadwertisedstateis DOWN.

This meanghatthe numberof active beaconsn its neighborhoodincludingitself
is . Let bethethresholdhumberof beaconsn ary givenneighborhoodt

whichthelocalizationgranularitysaturates.

If , thenit hasto remainactive. If , thenits

transitionprobability to the Designatedstateis givenby:

I (9.2)

With probability it transitiongto the Sleep state.
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Probability Analysis

Supposeave have beaconsn somearea.Only needto perform

agiventask,therestcangoto sleep.

Let eachnodeindependentlydecideto participatein the taskwith probability .

Whatshouldthe probability of anodeparticipatingin agiventaskbe?

Let betherandomvariablethatindicateshow mary beaconsactually partic-
ipatein the task. The probability distribution function of X is the simple binomial

distribution:

Probabilitythatthe taskis accomplisheds

This equationgives a phasetransitionat [KBWO02]. Thus,the actual

probability of statetransitionshouldbe setto slightly higherthan

Note thatthis is a very simpledecisionmakingapproachjn uenced only by the
numberof currentlyactive neighbors . It is memoryles$Pap9] — statetransitions
dependonly onthe currentstatearenot governedby a history of previous statetransi-

tions. This makesit really simpleto implementandanalyze.

More sophisticatedapproachesould incorporateinformation suchasenepy re-
sene of a beaconandits neighborsaswell asbiasa beacors currentestimateof
basedon a previous history of measurementdlowever this would requirebeacongo

maintainsomeadditionalstate which increasesompleity.

124



Table9.1: Terminologyusedin enegy analysisof STROBE.
TERM | DEFINITION

Transmitpower of abeacors radiotranscerer
Receve power

Idle power

Sleeppower

Beaconingntenval

Transmittime of abeacoradwertisement
Maximum(Initial) Enegy of abeacomode

Thresholdoeacongpernominalradiocoveragearea

Actual meanbeacongernominalradiocoveragearea
9.4 Energy Analysis

As we statedin Section3.4, localizedalgorithmssuchas STROBE are sensitve to
choiceof parametersTo betterunderstandhein uence of suchparametechoicesand
to characterizehe performanceof STROBE, we presenta simplemodelandanalysis

of enepgy usage.

Ourenegy modelcharacterizesnly theenegy usageof theradiotranscereronly
and doesnot explicitly model processorenegy. Thereis a reasonfor this: Typi-
cal processingostsaremuchlower thancommunicatiorcosts[PK00]. Additionally,

transmissiorof beacoradwertisementss nota computeintensve actuity.

Table9.4 summarizesheterminologywe usein our enegy analysis.
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9.4.1 Simple Beaconing

In simplebeaconingeachbeacortransmitsoneadwertisementn a beaconingnterval

andsleepsfor the remainingpart of the interval. Enegy consumedy a beacon

nodeperbeaconingnterval:

(9.3)
Pawer dissipatedy abeacomodeperbeaconingnterval:
— (9.4)
Lifetime of abeacomodewith simplebeaconing:
— (9.5)

We obsene thatthelifetime of any adaptve operationabensityschemecannever

exceed ——

We obsene thatin a realisticengineeringdesign,we would try to keep , the
beaconingnterval ashighaspossible Evenwhenbeaconsredenselydeployed,they
will not be deployed at a factor severaltimes higherthan , SO asto minimize
costs.Theproportionof , ,and depend®onthespeci csof theradioconsid-
ered.For radiossuchasthe WINS-NG transcever [KaiOO0], thisratiois approximately

1:10:20,for WaveLanradiosthisis measurecs1:1.05:1.§SK97].

9.4.2 STROBE

As discusseda beacorcanbein ary of threedifferentstatesn STROBE.

Let bethe meandegreeof a beaconnodei.e., the numberof active neighbors

from whomit recevesadwertisementsluringthe Voting cycle.
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Theoverheadncurredin the\oting stateis substantiatomparedo simplebeacon-
ing. This meanghata nodemusttransitionfrom the \oting stateto simplebeaconing

Designatedwhich alsojusti es the useof 3 statesn STROBE.

Without loss of generality we assumdhat  and are integral multiples of

. Thus,theenegy consumptionn thethreestatedor STROBE is givenby:

Thepower consumptionn thethreestatesof STROBE is givenby:

Let and bethetimespentbythebeaconsn theV andSL stategespectiely.

Thus,thelifetime of abeacomodein STROBE:

Additionally, from the statetransitiondiagramof STROBE we conclude

Ideally in a system,eachnodelistensandsleepsfor the sameproportionof time
asall the othernodes.Assuming beacongper neighborhoodareactive at ary

pointof time,

S (9.6)
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Substitutingfor  from Egn.9.6in Eqn.9.6 andsetting for goodload

balancingwe get

— (9.7)

Thisimpliesthatthe bestcasdifetime of abeacomodein STROBE,
Ouranalysisof theabove equationgivesustheinsightthat = shouldbeset
very high comparedo . However this disguisesone simplefact, settingthe ratio

very highmaynotloadbalancesnegy very well.

9.5 Detailed Simulations

We have conductedextensie evaluationsof STROBE usingsimulations.In this sec-

tion, we discussour ndings.

9.5.1 Goals,Metrics and Methodology

Our goalsin evaluatingSTROBE usingsimulationsareto answetthefollowing ques-

tions:

Is STROBE effective?
How do variousparametersffectits performance?

How well doesSTROBE performcomparedo theoptimalcase?
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We use several metricsin our evaluation. We study the following metricsas a

functionof time.

% BeaconsActive - . Percentagef total beaconghat arein either

\oting or DesignatedD) statesatary giveninstantof time.

% BeaconsAlive - . Percentagef total beaconghat posses&nepgy

reseresgreatetthanzeroatary giveninstantof time.

Medianlocalizationerror of the terrain - . atary giveninstantis
calculatedasfollows. Divide theterraininto square®f size . Consider
all the pointsin theterrainthat correspondo cornersof the square.Compute
localizationestimatesat thesepointsbasedon beaconsctive at thatinstantand
the correspondindocalizationerrors. The medianof theselocalizationerrorsis

approximatedo bethe medianlocalizationerrorin theterrain.

We usetwo othermetrics.

First nodedeath: Time elapsedsincethe startbeforeary single nodein the

terrainrunsout of enegy.

Systentifetime: Time elapsedincethestartbeforethemedianocalizationerror

exceedsan operationakrrorthreshold(for example, ).

For our simulations,we choosean enegy consumptiormodelto mimic realistic
sensoradios[Kai00]. Theseparameterarealsousedin [IGEOO] andaresummarized

in Table9.2.
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Table9.2: Enegy consumptiorparametersisedin STROBE evaluation.

POWNVERDISSIRATION | RADIO OPERATION MODE | VALUE
Transmit 660mwW
Receve 395mw
Idle 35mwW
Sleep 0mw
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Figure9.3: STROBE performancdor two ratiosof —.

9.5.2 Sensitvity to STROBE Parameters

To studythe sensitvity of STROBE performanceo its parametersgspeciallytherate

of adaptation,—, we simulateda terrainof area with 100 randomly
placedbeaconsn the terrain. The nominalradio rangeis . Thusthe numberof
beaconpernominalradiocoverageareas aroundl2 ( ). Each

nodehasa startingenegy of 10000J Transmittime () of abeacoradwertisements
0.025secondsBeaconingnterval  is setto bel second. is setto be5 seconds

and isvariedtobe and
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Figure9.3 compareshe performancef the STROBE algorithmfor variousratios
of — with respectto thesemetrics: medianlocalizationerror, percentagef active
beaconspercentag®ef beaconsalive at nodes.The simulationterminatesvhennone

of thenodeshassufcient enegy to eithertransmitor receve paclets.

Thetop row correspondso theration — andthe bottomrow corresponds$o
— . Thesimulationparametersre m, , =1s, ,

= 10000Jandthe snapshoperiodis 100s.

Increasingheratio — improvesthe systemlifetime. For instancethe rst node
deathsoccurat 90000secondsand200000secondsespectiely for valuesof — set
to 1 and100. It alsoimprovesthe time durationbetweenthe rst nodedeath and
thelastnodedeath . In additionit alsominimizesthevariationsin medianerrorover

smallperiodsof time.

The medianlocalizationerror over time is closelycorrelatedo the percentag®f
beaconslive. The stepwise degradation(i.e., increase)n the medianlocalization
error after the rst nodedeathmirrors the stepwise decreasen the percentagef
beaconslive overtime. A closerinspectionof theterrainsnapshotsvertime reveals
thatbecausdeaconaredistributeduniformly in limited-sizeterrain,we seeboundary
conditionsat the edges. For boundarybeaconsthe obsenred neighborhoodsize is
eithercloseto or lessthan , thereforethey all tendto remainactive anddie rst
at approximatelythe sametime. The next phaseoccurswhenthe next setof beacons
thatdie arethe onesthatwereadjoiningthe previous boundarybeaconsandarenow

thenew boundarybeaconsleadingto a cascadindailure of nodes.

9.5.3 STROBE Bene ts

Our secondsimulationexperimentdemonstrateSTROBE bene ts for anapplicable

context (small beaconingnterval, high beacondensity). We simulatea terrainwith
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Figure 9.4: STROBE performancefor N=100, R=25m, , ,
, =10000J.

100beaconglistributeduniformly atrandomina  m m terrain. Thenominal

radio rangeof thesebeaconds 25m. The correspondingpeaconger neighborhood
. We chooseareasonablgmallbeaconingnterval,

secondsWe setthe variousSTROBE parametersisfollows: : ,

, =10000JThelifetime of abeacorusingsimplebeaconing is
— (9.8)
In this case,

The bestcasesystemlifetime in STROBE from our previously describecenegy

usageanalysis

(9.9)

where is theactualnumberof beacongerneighborhood, isthethreshold
numberof beacongerneighborhoodor localization, and arethemeanpower

dissipatedn the\oting andDesignatedstatesespectiely.

Figure9.4plotsthemedianocalizationerror, percentagef actve beacongandper
centagef beaconslive asafunctionof time. Snapshotaretakenevery 100seconds.
The deggradationin medianlocalizationerror aswell as percentagef beaconsalive
overtimeis considerablysmootheithanin our previous simulationexperiment.Life-

time of the algorithmusingsimplebeaconing . In this case STROBE
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maintainsa medianlocalizationerrorwithin for up to 200000seconds,
for up to 300000secondsand for up to 400000seconds.
Actual systemilifetime ( ) is increasedo around450000secondsor
This is low comparedo the bestcaselifetime predictedby our model substituting
— of 850000seconds . Thatcalculationassume®negy usagecanbe
load balancedeffectively acrossbeaconsandthat beaconsare uniformly distributed
in theterrain. However, aswe have seenboundarynodestendto die rst, causinga
cascadingeffect. To improve further on theselifetimes, beaconsould performedge
detectionto identify boundaryconditionsandadjusttheir beaconingoeriod  to be
highercomparedo otherbeaconsAlternatively, a higherdensityof beacongouldbe

deployednearthe boundary

STROBE transitiongprobabilisticallyfrom Voting to Sleepstatescausinga higher
percentagef beaconghan the thresholdpercentagdo remainactive. Leveraging

auxiliary informationmay signi cantly improve this lifetime.

9.5.4 Summary of Simulation Results

For densely-deplgedbeacorsystemgdensityabove thethresholddensity),our exam-
ple shavs thata completelylocalizedalgorithmlike STROBE canextendthe system
lifetime 1.5 timeswithout diminishinglocalizationgranularitywith 3.1 timessatura-
tion densityof nodes.Lifetime gainscanbeimprovedfurtherfor higherbeaconden-
sitiesandenegy dissipationratesin active state,and by augmentingSTROBE with

boundarydetectiormechanisms.
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9.6 Experimental Results

We have alsoevaluatedSTROBE experimentally This s slightly harderto do because
we have to measureboth the enegy depletionat differentnodesover time andthe
degradationof localizationquality at variouspoints acrossthe terrainand over time
(whichrequiresmanualinterventionandis thereforenotfeasibleatavery ne grained

time scale).Insteadthe methodologywe usedwasexperimentalemulation.

We collectrealbeacorconnectity dataandplay backthisconnectity datain a
customsimulatorto emulatethebeaconsdecisionmakingprocessn STROBE.
In modelingthe behaior of alocalizationsystemyadiopropagations the hard-

estto modelwell, andhenceit is importantto verify it usingrealdata.

We simulatepower consumptiorover time usinga radio enegy model. Since
radio communication(as opposedio computation)dominatesthe power con-
sumptionof thesenodes this providesuswith a goodapproximatiorof enegy
usage.Moreover, by usingthe sameenegy consumptiormodelasour simula-

tion, we canalsovalidatethe simulation.

We emulatelocalizationerrorin our connectvity basedocalizationmethodus-
ing the connecwity data. This allows usto analyzethe degradationin localiza-

tion quality atavery ne-grainedtime scale.

Figure 9.5 plots the medianlocalizationerror as a function of time (for both the
experimentandsimulation).We noticethatthe systemlifetime with experimentakem-
ulationis comparablédo 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

experimentalcasebecauseave did not accountfor link asymmetryin initial designof
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Figure9.5: Medianlocalizationerrorvs. time. Comparingexperimentalemulation

with thesimulation.

the STROBE decisionmaking. Beaconsanturn themselesoff evenwhenneighbor
is astrayfaraway beacon.To avoid this,we mayneedageographicltering technique

in thebeacordecisionmakingprocess.

9.7 Discussion
We draw two generalessondrom our designandevaluationof STROBE.

1. For densityregimesabove thethresholddensity our exampleshavsthatacom-
pletely localized algorithm like STROBE can extend the systemlifetime 1.5
timeswithoutdiminishinglocalizationgranularitywith 3.1timessaturatiorden-
sity of nodes Lifetime gainscanbeimprovedfurtherfor higherbeacordensities
andenegy dissipationratesin active state,andby augmentingSTROBE with

boundarydetectiormechanisms.
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2. Adaptationto terrainconditionsandnodeavailability invariably hasan associ-
atedmeasuremertdverhead.Thereforeadaptve densityshouldbe appliedonly
whenthe bene t of adaptatiorgreatly exceedsits overhead.Examplesof this
arehigh densitybeacordeploymentandhigh enepgy dissipationn active states.
STROBE is not justi able in contets whenbeaconsare alreadyoperatingat
a very low duty cycle or whenthe deploymentdensityis not high enoughto

provide enoughinterchangeablbeacons.

9.8 Summary

In this chapter we presentedSTROBE, our algorithmfor self-con gurationat high
beacordensities STROBE builds onthe obsenationthatproximity-basedocalization
saturatesitacertainbeacordensityto rotatefunctionalityamongstedundanbeacons

andextendsystemlifetime.

We describedhe duty cycle of beaconsn STROBE, andits decisionmakingap-
proach. We presentedur justi cation for choosingthreestatesn STROBE andthe

relative time periodsfor eachstatevia enegy usageanalysis.

We presentedletailedsimulationgo shov thatSTROBE (i) convergesquickly, (ii)
maintainsuniform localizationquality both acrosshe terrainandover time, and iii)

cansigni cantly extendoverall systemlifetime.

Like HEARP, STROBE is alsoa generalapproachthat canbe appliedto localiza-
tion systemsot basedon RF-proximity. The only aspecof STROBE thatis domain

speci c is thedecisionmakingfunction.

Furthermorepur designandevaluationmethodologyfor STROBE canbeapplied
to othernetworking problemswherethe measuregerformances a function of node

density
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CHAPTER 10

Conclusionsand Futur e Work

The outcomeof any seriousreseach canonly be to male two questions

growwhete only onegrew before.
— ThorsteinVeblen

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

perhapsthe endof thebeginning

—WinstonChurchill

We closethis dissertatiorwith an enumeratiorof severalremainingchallengego our
proposedapproach.We thenpresenta numberof researchproblemsthat may be ad-
dressedn future work. Next we describeseveral caseswhereour algorithmsmay
potentiallyimpactresearchareasoutsideof 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 localization systemframework provides a promising
foundationfor scalable,ad hoc deployable, RF-basedocalizationin unpredictable

environmentsanumberof outstandingoroblemsmustbe addressed.
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Sensorself-calibration

Whatis the nominaltransmissiomangeof a beacorfor a giventransmitpower level?
Theanswewariesdependingipontheervironment.andfor differentCOTSbeaconn
the sameervironment. Sensotandradio calibrationremainsoneof the singlebiggest
problemsin the useof sensometworks. Many sensorgseismic,acousticradio etc.)
applyamplitudebasednodelsthatrelatedistanceo recevedsignalpowerfor sensing.
Thesecanchangevery easilyin differentervironmentsandacrosglifferentCOT S sen-
sors. Automatingsensorcalibrationis animportantissuethatneedso be addressed.
Someinitial problemformulationsandsolutionsmay be foundin [WCO02, BMEO2].
Usefulideasfor formalizingthe calibrationproblemcanbeleveragedromthe eld of

computervision.

Measured power consumption

Paver-conserationis thekey designfactorin sensometworks,andin our algorithms
suchas STROBE. Although, we have evaluatedSTROBE using real radio data,we
have not measuredhe real power consumptiorof the sensomodes.Insteadwe have
emulatedthe radio enegy usage. It is increasinglydesirableto evaluatethesealgo-
rithms using real power measurement® completelyvalidatethe algorithms. Tech-

niquesto measurdatterycapacityaresuggesteih [PSS01].

Convergence

Our simulationsshav that STROBE corvergesquickly to a stablestate(within 6 cy-
cles)— in which only the desirednumberof beaconsare active. Our simulations
assumebeacongre distributed uniformly at random. However, we have not proved

the corvergencepropertiesof STROBE theoretically The corvergencepropertiesof
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distributedself-con guringprotocolg(suchasSTROBE [BHEO1b],ASCENT[CEOQ2],
SFAN [CIMO01]andGAF [XHEO1]) arenotwell understooéndneecdto befurtheran-

alyzed.

10.2 Future Directions

Thework in this dissertatiommotivatessomeinterestingand potentiallyfruitful areas
for future work. Someof theseare direct extensionsderived from our work in this
dissertationand are closely relatedto our self-con guring framewvork. Otherideas
focuson interestingnew areasor novel applicationsof our framenvork and motivate

researchn signi cantly new directions.

10.2.1 Self-Con guration

Therearea numberof areasof futurework relatedto self-con guration.

Self-con guring Network Protocols

Latelytherehasbeensigni cant researclin self-con guring,density-adaptie network

protocols— to establisha connectedetwork topology beacorsystemsandperform
adaptve routing. In theseprotocols,only somenodesin the network mustparticipate
to performthetask,therestcangoto sleep.Howeverin sensometworks,somenodes
may be participatingin several differenttasks(routing, topologycontrol, beaconing).
A nodes decisionmakingprocessnustthusbeintegratedacrossall thetasksit is par

ticipatingin. Implementingsuchintegrateddecision-makingeemsgo beaninteresting

problemto explorein thefuture.

In STROBE, the decisionof a beacorto remainactive or sleepis in uenced only

by requirements$o maintaina uniformlocalizationgranularityacrosghe systemat all
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times. We may not really needhomogeneoukcalizationgranularityin the systemat
all times, especiallyif the systemis eventbased(asin STEM [STS03). Insteadwe
may want the beaconnetwork to self-con gurein responsdo applicationdynamics
or events.We have experimentedvith triggeredbeacorsystemsn our laboratoryand

thesecanleadto ordersof magnitudémprovementsn enegy-conseration.

A Theory of Self-Con guring Networks

Sofarthefocushasbeenn thedevelopmenbf network protocolsfor self-con guration.
However, the performanceof theseprotocolsis extremely sensitve to the choice of
parametersConsequentlyit is importantto establisha cohesve theoreticalfounda-
tion for self-con guring systems.Besidesour density-basednalysisanalysedased
on phasdransitiongKBWO02] andgeometricrelationshipmaintenanc¢GuiO2] seem

promisingapproachem this direction.

10.2.2 Localization

Therearea numberof areasof futurework relatedto localization.

Robust Position Estimation Algorithms

In our localizationmethodology nodessimply inferred position from beaconghey
weredirectly connectedo. A more challengingproblemis to make beaconghem-
selvedearntheir positionswithout ary referencesandin a distributed computation.
We needrobust distributed position estimationalgorithmswhen thereare very few
referencesWhile therehave beensomealgorithmicandsystemdevelopmentdately,
they have assumedsimple error models[SHSO01b]or relied on centralizediocation

computatiorfGBEOQ2].
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FederatedSpatial Coordinate Systems

Becauseno singlelocalizationtechnologyworks everywhere ,one expectsthe useof
severallocalizationtechnologiegor penasive computingapplicationsgachwith their
own framesof referencejocationgranularityanderror models. An interestingarea
of futurework is the developmentof algorithmsfor establishingederateccoordinate
systemghat cancombinelocationinformationfrom several framesof referenceand

will allow anew classof seamlesslyntegratedapplications.

Location Models

Several location-avare computingapplicationsact not on the physicallocation (e.g.

X, Y, Z coordinatesput logical location[SAW94] (room 210, Building A).

Hightower et al [HBBO02] have proposeda sevenlayerLocation Stak, analogous
to the OSI networking stack[Zim8Q] for organizingfunctionality in location-avare
applicationsHowever, applicationscanbe morerobustandadaptve if they areaware
of the uncertaintyin the locationinformation (for example,the accurag or update
lateng in locationinformation)or the costsinvolvedin obtainingthatlocationinfor-

mation(for example,power expended]BEHO01].1

Developing location modelsthat presentthe appropriateabstractionof location
informationto anapplicationis a challengingproblemfor the future, especiallygiven

thewide rangeof applications.

This conceptcanbe consideredequivalentto the well-known Application Layer Framing (ALF)
argumentof Clark and Tennenhous@CT9(] for network applicationswhich statesthat applications
canbestdecidehow to adaptto the network conditions.
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Applications

Severaltechnologiesurrentlyexist for ne-grainedlocalization. Theseachie/e ner
granularity at the expenseof scalability [WJH97], form factor or enegy expended
[PCBOQ or responsienes§GBE02] — that precludegheir usefor a wide-rangeof
applicationswvherelocalizationgranularityrequirementsrelower — but wherenode
localizationmustbe scalable responsie, unobtrusve andnot wasteenegy. Our lo-
calizationsystemis applicablein thesecontexts andwe enumerateheseapplications

below.

1. Tag andtrack: Really smalldevicesarecheapjow-power, unobtrusve anden-
ablemeasuremernin the physicalworld. Thus,they areideal for taggingand
trackingthe movementsof wild animalsin biological studiesto monitor their
behaior, or migrationpatternsThey couldalsobeusedto trackthe movements
of userdn a eld, suchasanauditoriumor stadium(for example trackingsports
playersarounda eld). They couldbe usedfor searchandrescuen ski-hill re-
sortswhereonewould wantto beacorfor help, or wantto searchfor a person

lostin anavalanche.

2. Powerconservationn the network: Localizationon a scalewith transmission

rangeopensup nev waysof powerconserationin multi-hopwirelessnetworks.

It couldbeusedto implementdirectionalbroadcasts— whenaneventis only of
interestto nodeslocatedin a certaindirection,only broadcastn thatdirection.
It couldalsobeusedto implementrange-limitedoroadcastthatconsere power
—- a basestationestimateghe farthestdistanceit musttransmitto cover all

nodesandreducests transmissiorpower accordingly

Oncenodesknow wherethey are,they canadwertisethis informationto their

neighbors.Distributednodescanelectleadersbasedon bestlocation. Services
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neededheara location canbe active, while further from a location,nodescan

power down.

3. ApproximateNavigation: Limited mobility sensorsuchasRobomotgdSRS02
could automaticallyreplacesensorghat have died. Eachfailed sensorcould
passalongits positionto theotherssothatif it goesdown, anothersensorcould
be sentautomaticallyto take its place,giventhe last positionit wasknown to

occupy.

10.2.3 HEAP/STROBE Beyond Localization

Several conceptsfrom this dissertationcould be appliedto areasoutsideour self-

con guring localizationsystemarchitecture.

Passve Localization and Tracking Systems

We consideredelf-con gurationin alocalizationsystenthatrelieson active beacons
andhaspassve clients (target nodesthat needto be located). An alternatve kind of
localizationandtrackingsystemsaresensonetworksdeployedto passvely detectand
track objects(suchas[CHZ02, WEGO03,LWHO02, BI98]). Sensorgrackinganevent
cancalculateatrajectoryandalertnodesn the pathof theeventto listen,while nodes
notin the trajectorycansleepandconsere enegy. Chuetal [CHZ02] have studied
high-level algorithmsfor self-con gurationbasedon sensoinformation. Thesecould
be combinedwith our complementaryensity-basegbrotocolsfor self-con guration

to make the systenrobust.
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Time Synchronization in Multi-hop SensorNetworks

Referencd@roadcasBynchronizatiofRBS)[EGEO] is arecentlydevelopedpromis-
ing ne-grainednetwork time synchronizatiorschemewhereina setof receversare
synchronizedvith eachotherby listeningto the senders referencebroadcastin con-
trastto a traditionaltime synchronizatiorprotocolin which a recever synchronizes
with a senderTo achiese network-widetime synchronizationn a multi-hop network,
broadcastegionsof two or more sendersnustoverlapwith eachother Techniques
like STROBE canbeappliedto determinewhich setof nodesshouldsendareference

broadcasto accomplismetwork-widetime synchronization.

10.2.4 NewReseach Problemsin SensorNetworks

From our experienceswith the localizationproblem,we derive several obsenations
onmoregeneraproblemsencountereth wirelesssensonetworks— which motivate

signi cantly new areasof research.

CodeConstruction

During our experimentson radio propagationa problemwe frequentlyencountered
was interferencefrom external sourceqsuchas cell phonesand wirelessrepeaters)
and sensomoise— which led to high paclet lossin the wirelesschannel. Sucha
situationcould be severely exacerbatedn dynamic,unpredictableenvironments.Tra-
ditional errorcorrectingcodessuchasHammingcodegHam50]enablereliablecom-
municationwithout retransmissiorover a noisy channelwith a low error rate, and
arenotequippedo copewith suchnoise.Enablingreliablecommunicationn rapidly
deployable,wirelesssensonetworksposeghefollowing algorithmicchallenge— de-

velopingnew codeconstructionshataredesignedo tolerateextremelylargeamounts
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of noiseandyetarecomputationallyef cient to beusablen sensonodeswith modest

processingapabilities.

Distrib uted Feature Extraction

Readersnayrecallour discussiorin Chapter9 wherewe statedthatthe performance
of theSTROBE algorithmcouldbefurtherimprovedif beacon®ntheboundarycould
performedgedetectionandoperateconseratively. Thisis anexampleof thegeneral
problemof distributedfeatureextraction— how do sensomodessharinga common
feature(for example,they all lie onthe sametemperaturéSO-contour)collaborateo
establishthatfeatureandactaccordingly?Techniquegrom imageprocessingnay be

fruitfully appliedhere(asin [GEHO02 SE02]).

Random Sampling

Our adaptve, measurement-basedgorithmssuchas GRID (Chapter7) and HEAP
(ChapteB) usecomprehensie measurementsf theterrainto diagnosgroblems Ap-
plying randomsamplingtechniquegMR95, MRL99] to measureonly selectpartsof
theterrainor processneasurementselectvely could considerablymprove the com-
putationalef ciency of our algorithms. Furthermore randomsamplingtechniques
could also nd applicationin the featureextraction problemsdiscussedbore. An

initial exampleof sucheffortsis [BEGO02].

Byzantine fault-tolerance

Wirelesssensometworksarevulnerableto anumberof failures(suchasnodefailures
dueto enegy depletion)and securitythreatscommonto wirelessnetworks (suchas

Spoo ng, snooping,andjammingthe channel). While recentresearcthasaddressed
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low-level securityprimitivessuchasef ciently authenticatingporoadcastommunica-
tion [PSWO01, higherlevel issuessuchasproviding system-widdault tolerancehave
not beensufciently explored. Byzantinefault-toleranceseemgo be an appropriate

goalfor wirelesssensomnetworks,andcanbe providedthroughredundanhodes.

An interestingchallengewill be building networks that are both dependableand
enegy-efcient. For instanceredundannodes(in afactorof 3) in sensometworks
canbe usedfor Byzantinefault-toleranceaswell asto achieve enegy conseration
by reducingthe duty cycles of individual nodes. Canwe accomplishboth without

requiring9 timesthe numbersof 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 generaltechniqueso make a localization

systemself-con guring.

Localization,or the problemof estimatingspatialrelationshipamongobjects has
beena classicaproblemin mary disciplines,includingmobile robotics[TFB01], vir-
tual reality systemqWBV99], navigation systemqdVOR, HLC92], andcellular net-
works[RAD].

A key challengen engineerindocalizationsystemdor theseapplicationshasbeen

ernvironmentaldependencdyecausehenatureof theervironmentoftenin uencesthe
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characteristicef thesensorsisedfor localization.

Traditionally, this hasbeenaddressethroughextensve environment-speci ccal-
ibrationandcon guration of the centrallycontrolled,tightly couplediocalizationsys-
tem [WBV99, BP0O0Ob,RAD] andsophisticatednemoryandcompute-intensie prob-

abilistic position-estimatioralgorithms [TFBO1].

Large-scale denselydistributed sensometworks that are closely coupledto the
physicalworld require node localization, but underfar severe node-lerel resource
constraints(limited enegy, bandwidth,memoryand processing)BHEOQOQ]. Local-
ization systemghat canreconciletheseneedsby necessitynustbe loosely coupled,
distributedsystemgBHEOQ, PCB0Q SHS01aGir00, HWBO0O0].

We have highlightedthe deployment,con guration andoperationalssuesof such
alocalizationsystemandarguedthatit mustitself self-con gure, thatis, autonomously
measureandadaptto the ervironmentalandsystemdynamicsin orderto achiere en-

vironmentalindependencandrobust,unattendedystem-lgel operation.

In this dissertationye have presentedhe designandevaluationof algorithmsto
achieve thatself-con guration.Our designprocesseliedonthefollowing four pieces

of insight.

First, beaconsareonekey approacho localizationasthey canguaranteehe con-
vergenceandaccurayg of loosely-coupledlistributedlocalizationsystems[SHS014.

This realizationarguesfor a beacon-baseadpproacho self-con guration.

Secondthe localizationgranularitycanbe directly relatedto the beacondensity
when beaconsare distributed uniformly at random. Our simulationsshov that the
localizationgranularitysaturateatathresholdbeacordensity . Thisrealization

arguesfor a density-sensitie approacho self-con guration.

Third, thebeacordensityis notahomogeneoughenomenoin realenvironments.
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Rathey the beacondensityvariesthroughoutthe terraindueto deploymentperturba-
tionsanddueto ervironment-dependeropagatiornvagariessvenwhenbeaconsare
placeduniformly. Note thatthis obsenationimpliesthatjust deploying beaconde-
low or at this theoreticaldensity will not be adequatelnstead beaconsnust
themseles establishthe densitythroughmeasurementand suggestiocal candidate
pointswherenew beaconscould be addedso asto improve the localizationquality,
asin the HEAP algorithm proposedherein. Carewastaken to propagateneighbor
hoodinformationbeyonda singlehop,sothatbeaconganselectthe candidatepoints

effectively.

Fourth, beaconscontendfor the wirelesschannelwhenthey broadcastadwertise-
mentpacletscontainingtheir position. Whenbeaconsaredeplo/ed at high densities
(greaterthan ) in orderto provide redundanyg, the responsienessandgranu-
larity of the systemdegradesdueto the self-interferenceausedy the channelcon-
tention. Insteadof having all the beaconssimultaneouslyparticipate,beaconsmust
explicitly coordinateso that only someof them participateat a time. For a variety
of performanceeasonscharacterizinghe measure@ndthresholddensityalloweda
simple randomizedalgorithmthat achieved the desiredstatisticalbehaior in main-
taining localizationgranularity Careful analysisof enegy usageallows us to tune
sleepprobabilitiesandperiodsso asto maximizesystemlifetime. This ideacouldbe
relevantto not only beacongut alsoto routing[XHEO1], mediaaccesg§YHEO02] and

topologycontrol[CEO2].

Our experimentaresultsshav thatthesevariousalgorithmshave signi cantly im-

provedthe performancef thelocalizationsystemproposedn Chapters.
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