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Abstract

Spatiallocalizationor the ability to locatenodesis an importantbuilding
block for next generationpenasive computingsystems but a formidable
challenge particularly for very small hardwareandenegy constrainedie-
vices, for noisy unpredictableenvironmentsandfor very large ad hoc de-
ployedandnetworkedsystemsiIn this paperwe describeyalidateandeval-
uatein real ervironmentsa very simple self localizationmethodologyfor
RF-basedlevicesbasednly on RF-connectiity constraintgo a setof bea-
cons(known nodes).applicableoutdoors.Beaconplacementasa signi -
cantimpacton the localizationquality in thesesystems.To self-con gure
and adaptthe localizationin noisy ervironmentswith unpredictableadio
propagationvagaries we introducethe novel conceptof adaptivebeacon
placement We proposeseveral novel and densityadaptve algorithmsfor
beacomplacementnd demonstrateheir effectivenesghroughevaluations.
We alsooutline an approactin which beacondeveragea software control-
lablevariabletransmitpower capabilityto furtherimprove localizationgran-
ularity. Thesecombinedfeaturesallow alocalizationsystenthatis scalable
andad hoc deployable, long-lived and robust to noisy ervironments. The
uniqueaspecbf ourlocalizationapproachs our emphasi®n adaptiveself-
con guration.

1 Intr oduction

Penasive computingandsensonetworksareemepingaskey appli-
cationdriversfor wirelessnetworks. Pervasivecomputingpromises
to bring an akundanceof computationand communicationin our
lives, by simplifying collaboration,knowledge accessand by au-
tomatingrepetitve tasks. Recentadvancesin miniaturizationand
low-cost,low-powerdesignhaveledto activeresearclin large-scale,
highly distributedsystemsf small,wireless Jow-power unattended
sensorsand actuators[9, 12] (referredto as wirelesssensornet-
works. By allowing obsenationandcontrolatunprecedenteldvels
of detail,wirelesssensonetworksoffer to fundamentallyevolution-
ize thewaysin whichwe understan@ndconstructomple physical
systemgd9], from airplanewingsto complex ecosystemsThe most
challengingof theseapplicationgequireadhocdeployablewireless
networksthatarescalablelong-livedandrobustsystemsgespitebe-
ing largely unattendedovercomingenegy limitationsanda lack of
pre-installednfrastructure Someapplicationswith stringentdevice
constraintsn form factorandsizeare: ervironmentalmonitoringin
the waterandsaoil, taggingsmall animalsunobtrusvely, or tagging
smallandlight objectsin afactoryor hospitalsetting.

The problemof estimatingspatialcoordinatess known aslocal-
ization, andis of fundamentaimportanceto penasive computing
andsensometworks. Many of theseervisionedsystemsareembed-
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dedto monitoror controlthe behavior of physicalsystemgascom-
paredwith strictly virtual informationsystems)andthereforenodes
oftenneedto determingheir actionbasedn their physicallocation
(aml theright sensorto monitor a particularobject?).Localization
is indispensabldor contet-aware applicationsthat selectservices
basedon location[11], andfor sensometworksthat achieve power
conseration by combiningdatafrom multiple sensors.Moreover,
locationinformationon a scalewith transmissiorrangecanenable
geographiaouting algorithmsthat can propagatanformation ef -
ciently througha multi-hopnetwork [14].

Traditionalinformation systemshave not hadto have sucha lo-
cation focus and as such our supportfor localization systemsis
relatively weak. EXxisting geolocationsystemssuch as GPS do
not always meetthe operational(for example, low power), envi-
ronmental(for example,indoors)or cost constraints. Although a
numberof localizationsystemshave beenproposedn the pastfew
yearg[8, 11, 18,20, 7, 17], nonecurrentlysatis estherequirements
for adhocdeploymentof largescalesensonetworksbecaus@osin-
gle existing localizationsystemsimultaneouslyprovides (1) a self
localizationmethodologyfor devicesthatis scalableto very large
sensometworks (2) a low cost, hardware-independenrbcalization
approachfor very small devices and (3) a self-con guring mech-
anismfor the localizationsystemto adaptto noisy ervironments.
Ourchallengehenis to developalocalizationsystenthatmeetshe
aboverequirements.

We assumall nodeswe considerareequippedwith ashortrange
radio (RF) transcerer for wireless communications. Our work
makesthe following contributionstoward scalable ad hoc deploy-
able andentirely RF-basedocalization:

Localization Methodol@y: We have developed a simple RF-
connectvity basedself-localizatiormethodologyfor devicesin out-
door environments. In this paper we presentour localizationap-
proach prototypeimplementatiorfor two differentdevices,andex-
perimentalresultsthat validateit in outdoorervironments(Section
3).

AdaptiveBeaconPlacement: Ensuringa uniform thresholdgran-
ularity acrossthe terrain in a localization system requires not
merely uniformly denseplacementof known beaconnodes, but
mechanismgo detectand adaptto radio propagationand terrain
unpredictabilities[R To addresghis problem,we have formalized
the problemof adaptivebeaconplacement.We discussthe design
spaceandpresenbur algorithms simulationresultsandfuturework
(Sectiond).



2 RelatedWork

Researctefforts relatedto our work fall into the following cate-
gories, (i) localizationsystemsand(ii) techniquego improve node
placement.

Localization Systems

Researcton localizationsystemshasgarnereda lot of attentionin
recentyears.We brie y coverafew importantsystemshere,amore
detaileddiscussions givenin [2].

Fine-grainedlocalizationsystemshat provide high precisionlo-
cation information, typically estimaterangesor anglesrelative to
beacongknown nodes)and computethe location of the unknown
nodeusingtrilateration (position estimationfrom distanceto three
points) or triangulation (position estimationfrom anglesto three
points).

GPSandPinpoint[2] estimatedistancefrom the RF signaltime
of ight usingtime differenceof arrival (TDOA) techniques(or
the amountof timing that the measuredaignal hasto be advanced
in order for the receved signalto t into the correcttime slot to
be in phasewith an internally generatedsignal). Active Bat[11]
andCricket [18] make explicit time-of-arrval measurementsased
on two distinctmodalitiesof communicationultrasoundandradio,
whichtravel atvastly differentspeedg and re-
spectiely), enablingthe radio signalto be usedfor synchronization
betweerthetransmitterandtherecever, andtheultrasoundsignalto
beusedfor ranging.In the RADAR indoorlocationsystem1], dis-
tanceis estimatedrom receved signalstrengthby applyinga Wall
AttenuationFactor(WAF) basedsignalpropagatiormodel. Thedis-
tanceinformationis thenusedto locatea userby trilateration. The
U.SWirelessCorporations RadioCameraystem[] usessignalpat-
tern matchingtechniquego computelocation. Directionality based
systemsncludeVOR stations[17 andsmallaperturedirection nd-
ing, usedin cellular networks. As direction estimationis quite ex-
pensve, it canonly be placedat the beaconsResponsibilityfor lo-
calizationnow lies with beaconsThis approactdoesnot scalewell
for largernumbersof suchnodes.

Coarse-gainedlocalization systemsestimateunknovn nodelo-
cationfrom proximity to beaconr landmarks.Oneof the earliest
suchsystemswvasActive Badge [20], where,eachpersonor object
is taggedwith an Active Badge. The badgetransmitsa uniquelR
signalevery 10 secondswhichis recevedby sensorplacedat x ed
positionswithin thebuilding. IR tendsto performpoorlyin thepres-
enceof directsunlightandhencecannotbe usedoutdoors.Another
drawbackis thatit is atrackingratherthanaself-localizatiorsystem.
Very recently Dohertyet al[8] alsoproposeaechniquedor localiza-
tion from RF-connectiity. However, their approachs centralized,
unlike ourswhichis decentralizedpw-costandscalable.

Beaconplacement

A signi cant componenbf localizationerror arisesdue to beacon
placement. Addressingoeaconplacemenis orthogonalandcom-
plementaryto mary of theotherproposedechniqueso reducdocal-

izationerror. Researcherisave proposedyuidelineshasedn knowl-

edgeof ervironmentconditionsandapplicationrequirementsr pro-

posedoptimalapproacheto placement.

Measuremerirrorsalsooccurdueto poorcalibrationof radiosandsensorsised.
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Active Bat[11] proposesusingceiling mountedbeacongo max-
imize likelihood of line of sightto beacons.Cricket [18], which is
alsoproximity basedproposesieploymentguidelinedor beacongn
indoorervironmentshasedn similarly practicalconsiderations8]
proposeglacingbeacon®nthe cornersof the network, for bestre-
sultswith their centralizedcorvex positionestimationbased While
guidelineswork well for a speci c localizationmethod[8] or ervi-
ronmentalksetting[18, 11], they arenot generalizabléo a variety of
ernvironmentsandsystemswith unpredictableonditions,or to large
scaleadhocsensomnetwork deployments.

Optimal placementproblemshave beenstudiedin variouscon-
textsby researchermcludingfacility locationproblemsn theory[5]
andpursuitevasionproblemsin robotics[10]. [16] proposessolu-
tionsto coverageproblemsn wirelessadhocsensonetworksgiven
globalknowledgeof nodepositionsusingVoronoidiagramgo com-
putemaximalbreachpathsand nd gaps.

The fundamentalimitation of these x ed approachess thatthey
donottake into accountheunpredictablenvironmentalconditions.
The premiseof our work is that an adaptve beaconplacementis
requiredto copewith noisy andunpredictableernvironmentalcondi-
tions.

3 Localization Methodology

In this section,we describeour localizationmethodologyusingRF
connectvity, its prototypeimplementatiorandevaluation.

Approach

Although approachedasedon receved signal strength(RSSI) of
radios seemmore attractve, we discardedthis approachfor sev-
eralreasonselatingto our short-rang€10m)radios,detailedin [2].
Mainly, we foundthatrecevedsignalstrengthdid not correlatewell
with distancefor our radiosdueto multi-path,fadingandotherRF
vagaries.Thesereasongausedisto focuson localizationusingRF
connectvity. We useamathematicallysimple,idealizedradiomodel
for predictingboundson the quality of localizationbasedon RF-
connectvity. It makestwo ratherunrealisticassumptions.(i) Per
fectsphericakadiopropagatiorand(ii) Identicaltransmissiomange
(power) for all radios. To our surprise this modelcomparedquite
well to outdoorradio propagationn unclutterecernvironmentg2].
Beaconssituatedat known positions, , transmitperiodi-
cally with atime period . Clientslistenfor a period to
evaluateconnectvity. If the percentagef messageseceived from
abeaconin atimeintenal exceedsa threshold , that
beacoris consideredonnectedWhenthebeacorplacements uni-
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Figure2: Experimentallestbeds

form, the centroidof the positionsof all connectedeaconss afea-
sible solutionin theregion of connecwity overlap.For non-uniform
placementafeasiblesolutioncanbefoundusingmoregenerakon-
vex optimizationtechniqueg8].

A client estimatests position
positionsof all connectedeacons.

to be the centroidof the

@)

Given the actual position of the client , We can compute
the accurayg of the localization estimateor the localization error

, Which is the distancebetweerthe client's estimated
andactualpositions.

)

By increasingthe densityof the beaconghat populatethe grid, the
overlapregionsbecomesmaller and hencelocalizationgranularity
improves(seeFigurel).

Prototype Implementation

We have implementeda prototypeof our localizationmethodology
ontwo experimentatestbed¢1) RadiometrixRPCradiosconnected
to laptopsvia. a serialinterface(2) UC Berkeley Renemotes[12],
completelyintegratedwith RFM [19] radioscompletely shavn in
Figure2. Dueto spacerestrictions,we only describesomeexperi-
mentalresultson the RPCtestbedhere.Detailson the secondsetof
experimentswith motescanbefoundin [4].

Our rst experimentaltestbedconsistsof RadiometrixRPC 418
(radio paclet controller) modulesconnectedo a ToshibaLibretto
runningRedHatLinux 6.0. In our experiments,one of thesemod-
ulesis usedasa receiver and four are usedasbeacons.A 3 inch
antennais usedfor the experimentalpurposes. The software for
the RadiometrixRPC-418modulesconsistsof two components(i)
Beacon The beaconperiodicallytransmitsa packet containingits
uniquelD andposition. (ii) Receiver The receier obtainsits ac-
tual positionfrom userinput and estimatedposition by listeningto
beacorpaclets.

Results

We evaluatedour systemindoorsand outdoors,andfoundit to be
feasibleoutdoors.In thissectionwe discusgheresultsof anoutdoor
experiment.We placed4 beaconatthefour cornersof a

squaran anoutdoorparkinglot. This squarevasfurthersubdvided
into 100smaller squaresandwe collecteddataat eachof
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Figure3: Cumulative LocalizationError Distribution

the 121 small squarecorners. We usethe localizationerror metric
de ned previously to characterizehe performance Figure3 shovs
the cumulative localizationerror distribution acrossall the square
cornersfrom bothatheoreticaimodel(assumingRange= 8.9m(the
measureanedianrange))andtheexperiment.They trackeachother
closely including plateausn the errorlevels,althoughthe spherical
modelis consistentlymore optimistic. In our experimentalresults,
for over 90%of the datapoints,thelocalizationerrorfalls within 3.0
meters.Thisresultis basecbn 4 beaconsSincewe obseneda high
correlatiorbetweerourmodelandexperimentjmprovedgranularity
canbeexpectedwith a higheroverlapof beaconsasFigure4 shows.
More detailsof our experimentaresultsmaybefoundin [2].
Oursimplelocalizationmethodologys very effectivein restricted
domaingwith idealradiopropagation)To generalizeour schemeo
noisyernvironmentswe have developedtechniquesor measurement
basedadaptatiorof beacorplacementdescribechext.

4 Adaptive BeaconPlacement

Ourapproacho improving localizationthroughbeacorplacements
basedon measuementbasedadaptation By adaptation we mean
we are improving the quality of localizationby adjustingbeacon
placementor addinga few beacongatherthan by completelyre-
deplgying all beaconsBy measuementbasedwe meanthedeploy-
mentof additionalbeaconss in uenced by measurementsf theop-
eratinglocalizationsystenratherthanby carefuloff-line analysisof
a completesystemmodel. We have exploredthreecomplementary
approacheto adaptve beacorplacementfor low beacordensities,
we investigatedalgorithmsto augmentthe existing beaconinfras-
tructureby addingnew beaconsat empirically determinedpoints
basedon, (i) terrainexplorationand measurementsiadeby a mo-
bile robot, which is centralized anddescribedn [3], (ii) simulated
local explorationby beacongHEAP), which is distributed,andde-
scribedin [4]. For high beacondensities the suitableapproachis
adaptve operationabensity(STROBE), which we highlight here.

4.1 STROBE Adaptive Density

Assumea localizationsystemwith staticbeaconsthatwill needto
adwertisetheir positionsperiodically during the systemlifetime to
supportothermobilenodes.In proximity basedocalizationsystems
usingonly localinformation,regardles®of actualbeacorplacement,
the localizationgranularity saturatesat a certainthresholdbeacon
density . This is veri able through simulations(shavn in Fig-
ure 4) and canalso be proven mathematicallybasedon resultsof
[15]. Forapproachebasednranging.threeline of sight(LOS)and
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Figure 4: Meanlocalizationerror vs. Beaconsper neighborhood.
Localizationgranularitysaturatesta certainnumberof beacongper
neighborhoodaround6 in our case.

non-collineabeaconprovidethecritical thresholdbf beaconén 2D
space.

In unattendedsensornetworks, where new beaconscannotbe
physically deployed as neededwe would begin with a very dense
initial beacondeploymentfor redundang. Tuning the operational
beacondensityby rotatingfunctionality amongsteacongby turn-
ing their radioson and off) (i) increasessystemlifetime without
diminishingthe localizationgranularity(ii) reduceshe probability
of self-interferencemongsteacondy reducingoverall transmis-
sions([4],[18]) (iii) allows adaptatiorto noisy ervironmentswhen
required(higherpercentagef beaconsouldremainactive in nois-
ier obstructedpartsof the terrain, whereasa smallerpercentagef
beaconseedto beactive in morebenignpartsof theterrain,achies-
ing similar localizationgranularityoverall). STROBE (Selectvely
TuRning Off BEacons)s our algorithmis to achieve suchanadap-
tive operationabeacordensityto realizethesebene ts. Our design
goalis to build STROBE usinglocalizedalgorithms,i.e., eachbea-
condeterminests role duringa giventime interval basedn coordi-
nationwith its neighborgatherthanfrom anassignmeniy a central
sener.

4.1.1 STROBE duty cycle

Typically, eachbeacortransmitonepositionadwertisemenin abea-
coninginterval  andsleepdor theremainingpartof theinterval.
Eachpositionadwertisemenhasfour elds: beaconidenti er, bea-
conposition,sequenc@umber beacorstatus.Beaconstatusis usu-
ally setto be UP.

In STROBE, a beaconcanbein oneof threestates:Voting (V),
DesignatedD) andSleep(SL). The statetransitiondiagramis de-
pictedin Figure5. All beaconstartoutin the Voting state wherein,
a beaconturnson its radio and broadcastgosition adwertisements
every  secondsndalsolistensfor adwertisementgrom its neigh-
boring beacons.Whena beaconnodeentersVoting state, it setsa
timer for seconds.Whenthe timer res, it evaluateswhereit
shouldgo to sleepbasedon a decisionmaking processexplained
in 4.1.2. If so, it broadcastan adwertisementvith Statesetto be
DOWN andtransitionsto the Sleep(SL) state. Otherwise,it tran-
sitions to the DesignatedD) state. A beaconnodein sleepstate
wakesup aftera sleeptime andtransitionsbackto Voting (V)
state. A beacomodein Designatedstateperiodicallyadwertisesat
intervals  for atime andthentransitionsbackto Voting (V)
state.A beacomodein sleepstatewakesup aftera sleeptime
andtransitionsbackto Voting (V) state.

Distinct Voting and Designatedstatesare necessaryn order to

Time Elapsed
Beacon Time

Figure5: StateTransitionDiagramfor STROBE

Time Elapsed > Sleep Ti

avoid theoverheadncurreddueto recevving adwertisemeninessages
from other neighborbeaconsvhenin the Voting state. Threeim-
portantparameter®f STROBE thatin uence its enegy usageand
systemlifetime are ,and

4.1.2 BeaconDecisionMaking

During the Voting (V) state,a beaconevaluates , the numberof
currentlyactive beaconghatareits neighbors.

3)

where is thesetof all beaconst heardfrom whosemostrecent
adwertisedstateis UP and  thosewhosemostrecentadwertised
stateis DOWN. The numberof active beaconsn its neighborhood,
includingitself is . Let bethethresholdnumberof beacons
in ary givenneighborhoodat which thelocalizationgranularitysat-
urates.If , thenit hasto remainactive. If ,
thenits transitionprobability to the sleepstateis givenby:

(4)

With probability it transitiongto the DesignatedD) state.

More sophisticatedlecisionmaking approachesvould incorpo-
rateinformationsuchasenegy resene of a beaconandits neigh-
bors,while needingto maintainadditionalstate.

4.1.3 STROBE Evaluation

We conductedextensie performancevaluationsof STROBE using
simulationg[4]. We reporthereon a representatie experimentthat
demonstrateds bene tsin improving systemlifetime without de-
gradinglocalizationgranularity

Thefollowing metricsareusedfor evaluation. Percentaye of ac-
tive beaconsthe percentagef total beaconghatarein either\oting
or Designatedstatesatary giveninstantof time.
Percentage of alive beaconsthepercentagef totalbeaconshatpos-
sesenepgy reseresgreateithanzeroat ary giveninstantof time.
Medianlocalizationerror in theterrain, asafunctionof time. First
nodedeath,is thetime elapsedincethe startbeforeary singlenode
in theterrainrunsout of enegy (dies).
Systeniifetime, is thetime elapsedsincethe startbeforemedianlo-
calizationerrorexceedsanoperationathreshold.

For our simulations we choosean enegy consumptiormodelto
mimic realisticsensoradios[13], summarizedn Table1.

Thefollowing simulationexperimentdemonstrateSTROBE ben-
e ts for an applicablecontext (small beaconingnterval, high bea-
con density). We simulatea terrain with 100 beacondistributed
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Tablel: Enegy Consumptiorparameters
| Power Dissipation| RadioOperationMode | Value |

Transmit 660mwW
Receve 395mwW
Idle 35mw
Sleep omw

uniformly at randomin a terrain. The nominalra-

dio rangeof thesebeaconss 25m. The correspondindeaconger

neighborhood = 19=3.1 . We choosea reasonablysmall bea-

coningintenval, seconds.We setthe variousSTROBE

parametersas follows: , , ,
=10000J.

Figure6 plots the medianlocalizationerror, percentag®f active
beaconsndpercentagef beaconslive asafunctionof time. Snap-
shotsare taken every 100 seconds.The degradationin medianlo-
calizationerror as well as percentagef beaconsalive is smooth.
STROBE maintainsa medianlocalizationerrorwithin
for up to 200000seconds, for up to 300000seconds,
and for up to 400000seconds. Actual systemlife-
time ( ) is increasedo around450000second®or
This is low comparedo the bestcaselifetime of 850000seconds
or possible[4, possiblewhenenegy usagecanbe uniformly
loadbalancedln practice becauseSTROBE transitionsprobabilis-
tically from Voting (V) to Sleep(SL) statesa higherpercentagef
beaconghanthethresholdevel remainactive, leadingto lower life-
times. Leveragingauxiliary information canfurtherimprove these
lifetimes. Lifetime gainscanbeimprovedfurtherfor higherbeacon
densitiesand enepgy dissipationratesin active state,and by aug-
mentingSTROBE with boundarydetectionmechanisms.

5 Conclusionsand Future Work

Next generatiorpenasive computingapplicationghatmustscaleto
largenumbersf hardwareandenegy-constrainedevices,motivate
scalableadhocdeployableapproacheto localizationthatleverage
existing device capabilities. In our work highlightedin this paper
we have (i) addressedcalability by developingan RF-connectiity
basedself-localizationmethodologyfor very small devices,imple-
mentingit on two differentradio platforms;andvalidatingit in out-
doorervironmentg(ii) addressedd hocdeployabilityby developing
andevaluatingvia simulationalgorithmsfor automaticallyadapting
beaconplacemenin more clutteredervironments,and shovn that
theapproacho beacorplacemenmusttake into accountdensityof
deployment. Thesecontributionsenablealow costlocalizationsys-

200000
Time (in sec)

0
300000 400000 [ 100000 200000 300000 400000

Time (in sec)

=10000J.Lifetimeof the algorithmusing

temthatis bothscalableandadhocdeployable. Thealgorithmsand
methodologyfor beacorplacemenproposecherecanbe appliedto
otherlocalizationapproachegfor instancethosethatrely on multi-
lateration/ranging)andalsoto otherad hocwirelessnetwork prob-
lemsin uenced by nodedensityandplacement for instancetopol-
ogy maintenanceand enegy-efcient geographicalouting. Now
thatwe have validatedour basicdesignof ouradaptive beacorplace-
mentapproachthroughsimulation,we are currentlytestingour al-
gorithmsin realprototypesystemswith UC Berkeley motes.

Although our applicationspacsis ratherforgiving in termsof lo-
calizationgranularityrequired anddoesnotincludeall applications,
it coversagoodrangeof importantandusefulapplications Finally,
ourlocalizationapproachs uniquein its emphasi®n adaptiveself-
con gurationi.e., adaptatiorto noisy ervironmentsthroughdecen-
tralized,autonomousindmeasuement-basetéchniquesatherthan
carefulinstrumentation.
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