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Abstract

Spatiallocalizationor the ability to locatenodesis an importantbuilding
block for next generationpervasive computingsystems,but a formidable
challenge,particularly, for very smallhardwareandenergy constrainedde-
vices,for noisy, unpredictableenvironmentsandfor very large ad hoc de-
ployedandnetworkedsystems.In thispaper, wedescribe,validateandeval-
uatein real environmentsa very simpleself localizationmethodologyfor
RF-baseddevicesbasedonly onRF-connectivity constraintsto asetof bea-
cons(known nodes),applicableoutdoors.Beaconplacementhasa signi�-
cantimpacton the localizationquality in thesesystems.To self-con�gure
andadaptthe localizationin noisy environmentswith unpredictableradio
propagationvagaries,we introducethe novel conceptof adaptivebeacon
placement. We proposeseveral novel anddensityadaptive algorithmsfor
beaconplacementanddemonstratetheir effectivenessthroughevaluations.
We alsooutlineanapproachin which beaconsleveragea softwarecontrol-
lablevariabletransmitpowercapabilityto furtherimprovelocalizationgran-
ularity. Thesecombinedfeaturesallow a localizationsystemthatis scalable
andad hoc deployable, long-lived androbust to noisy environments. The
uniqueaspectof our localizationapproachis ouremphasisonadaptiveself-
con�guration.

1 Intr oduction

Pervasivecomputingandsensornetworksareemergingaskey appli-
cationdriversfor wirelessnetworks. Pervasivecomputingpromises
to bring an abundanceof computationand communicationin our
lives, by simplifying collaboration,knowledgeaccessand by au-
tomatingrepetitive tasks. Recentadvancesin miniaturizationand
low-cost,low-powerdesignhaveledto activeresearchin large-scale,
highly distributedsystemsof small,wireless,low-powerunattended
sensorsand actuators[9, 12] (referredto as wirelesssensornet-
works). By allowing observationandcontrolatunprecedentedlevels
of detail,wirelesssensornetworksoffer to fundamentallyrevolution-
izethewaysin whichweunderstandandconstructcomplex physical
systems[9], from airplanewingsto complex ecosystems.Themost
challengingof theseapplicationsrequireadhocdeployablewireless
networksthatarescalable,long-livedandrobustsystems,despitebe-
ing largelyunattended,overcomingenergy limitationsanda lack of
pre-installedinfrastructure.Someapplicationswith stringentdevice
constraintsin form factorandsizeare:environmentalmonitoringin
the waterandsoil, taggingsmall animalsunobtrusively, or tagging
smallandlight objectsin a factoryor hospitalsetting.

Theproblemof estimatingspatialcoordinatesis known aslocal-
ization, and is of fundamentalimportanceto pervasive computing
andsensornetworks. Many of theseenvisionedsystemsareembed-

dedto monitoror control thebehavior of physicalsystems(ascom-
paredwith strictly virtual informationsystems),andthereforenodes
oftenneedto determinetheir actionbasedon their physicallocation
(amI theright sensorto monitora particularobject?).Localization
is indispensablefor context-awareapplicationsthat selectservices
basedon location[11], andfor sensornetworks thatachieve power
conservation by combiningdatafrom multiple sensors.Moreover,
locationinformationon a scalewith transmissionrangecanenable
geographicrouting algorithmsthat canpropagateinformationef�-
ciently througha multi-hopnetwork [14].

Traditional informationsystemshave not hadto have sucha lo-
cation focus and as such our support for localization systemsis
relatively weak. Existing geolocationsystemssuch as GPS do
not always meet the operational(for example, low power), envi-
ronmental(for example, indoors)or cost constraints. Although a
numberof localizationsystemshave beenproposedin thepastfew
years[8, 11, 18,20, 7, 17], nonecurrentlysatis�estherequirements
for adhocdeploymentof largescalesensornetworksbecausenosin-
gle existing localizationsystemsimultaneouslyprovides(1) a self
localizationmethodologyfor devices that is scalableto very large
sensornetworks (2) a low cost,hardware-independentlocalization
approachfor very small devices and (3) a self-con�guring mech-
anismfor the localizationsystemto adaptto noisy environments.
Ourchallengethenis to developa localizationsystemthatmeetsthe
aboverequirements.

We assumeall nodesweconsiderareequippedwith a shortrange
radio (RF) transceiver for wireless communications. Our work
makesthe following contributionstoward scalable, ad hoc deploy-
able, andentirelyRF-basedlocalization:
Localization Methodology: We have developed a simple RF-
connectivity basedself-localizationmethodologyfor devicesin out-
door environments. In this paper, we presentour localizationap-
proach,prototypeimplementationfor two differentdevices,andex-
perimentalresultsthat validateit in outdoorenvironments(Section
3).
AdaptiveBeaconPlacement: Ensuringa uniform thresholdgran-
ularity acrossthe terrain in a localization system requires not
merely uniformly denseplacementof known beaconnodes,but
mechanismsto detectand adaptto radio propagationand terrain
unpredictabilities[3]. To addressthis problem,we have formalized
the problemof adaptivebeaconplacement.We discussthe design
spaceandpresentouralgorithms,simulationresultsandfuturework
(Section4).
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2 RelatedWork

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

Localization Systems

Researchon localizationsystemshasgarnereda lot of attentionin
recentyears.We brie�y covera few importantsystemshere,a more
detaileddiscussionis givenin [2].

Fine-grainedlocalizationsystemsthatprovide high precisionlo-
cation information, typically estimaterangesor anglesrelative to
beacons(known nodes)andcomputethe locationof the unknown
nodeusingtrilateration(positionestimationfrom distanceto three
points) or triangulation(position estimationfrom anglesto three
points).

GPSandPinpoint[21] estimatedistancefrom theRF signaltime
of �ight using time differenceof arrival (TDOA) techniques(or
the amountof timing that the measuredsignalhasto be advanced
in order for the received signal to �t into the correct time slot to
be in phasewith an internally generatedsignal). Active Bat[11]
andCricket [18] make explicit time-of-arrival measurementsbased
on two distinctmodalitiesof communication,ultrasoundandradio,
which travel atvastlydifferentspeeds(

����������	

and
��
��
��������	

re-
spectively), enablingtheradiosignalto beusedfor synchronization
betweenthetransmitterandthereceiver, andtheultrasoundsignalto
beusedfor ranging.In theRADAR indoorlocationsystem[1], dis-
tanceis estimatedfrom receivedsignalstrengthby applyinga Wall
AttenuationFactor(WAF) basedsignalpropagationmodel.Thedis-
tanceinformationis thenusedto locatea userby trilateration.The
U.SWirelessCorporation'sRadioCamerasystem[7] usessignalpat-
ternmatchingtechniquesto computelocation. Directionalitybased
systemsincludeVORstations[17] andsmallaperturedirection�nd-
ing, usedin cellular networks. As directionestimationis quite ex-
pensive, it canonly beplacedat thebeacons.Responsibilityfor lo-
calizationnow lies with beacons.This approachdoesnot scalewell
for largernumbersof suchnodes.

Coarse-grainedlocalizationsystemsestimateunknown nodelo-
cationfrom proximity to beaconsor landmarks.Oneof theearliest
suchsystemswasActive Badge [20], where,eachpersonor object
is taggedwith an Active Badge. The badgetransmitsa uniqueIR
signalevery10seconds,which is receivedby sensorsplacedat �x ed
positionswithin thebuilding. IR tendsto performpoorly in thepres-
enceof directsunlightandhencecannotbeusedoutdoors.Another
drawbackis thatit is atrackingratherthanaself-localizationsystem.
Very recently, Dohertyet al[8] alsoproposetechniquesfor localiza-
tion from RF-connectivity. However, their approachis centralized,
unlikeourswhich is decentralized,low-costandscalable.

Beaconplacement

A signi�cant componentof localizationerror arisesdue to beacon
placement� . Addressingbeaconplacementis orthogonalandcom-
plementaryto many of theotherproposedtechniquesto reducelocal-
izationerror. Researchershaveproposedguidelinesbasedonknowl-
edgeof environmentconditionsandapplicationrequirementsor pro-
posedoptimalapproachesto placement.

�

MeasurementErrorsalsooccurdueto poorcalibrationof radiosandsensorsused.

2 * 2 GRID OF REFERENCE POINTS
FEWER AND LARGER LOCALIZATION REGIONS

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

THE SHADED AREA REFLECTS ONE LOCALIZATION REGION

Figure1: LocalizationRegion Granularityvs. RangeOverlap

Active Bat [11] proposesusingceiling mountedbeaconsto max-
imize likelihoodof line of sight to beacons.Cricket [18], which is
alsoproximitybased,proposesdeploymentguidelinesfor beaconsin
indoorenvironmentsbasedonsimilarly practicalconsiderations.[8]
proposesplacingbeaconson thecornersof thenetwork, for bestre-
sultswith their centralizedconvex positionestimationbased.While
guidelineswork well for a speci�c localizationmethod[8] or envi-
ronmentalsetting[18, 11], they arenot generalizableto a varietyof
environmentsandsystemswith unpredictableconditions,or to large
scaleadhocsensornetwork deployments.

Optimal placementproblemshave beenstudiedin variouscon-
textsby researchersincludingfacility locationproblemsin theory[5]
andpursuitevasionproblemsin robotics[10]. [16] proposessolu-
tionsto coverageproblemsin wirelessadhocsensornetworksgiven
globalknowledgeof nodepositionsusingVoronoidiagramsto com-
putemaximalbreachpathsand�nd gaps.

Thefundamentallimitation of these�x edapproachesis that they
donot takeinto accounttheunpredictableenvironmentalconditions.
The premiseof our work is that an adaptive beaconplacementis
requiredto copewith noisyandunpredictableenvironmentalcondi-
tions.

3 Localization Methodology

In this section,we describeour localizationmethodologyusingRF
connectivity, its prototypeimplementationandevaluation.

Approach

Although approachesbasedon received signal strength(RSSI) of
radiosseemmore attractive, we discardedthis approachfor sev-
eralreasonsrelatingto ourshort-range(10m)radios,detailedin [2].
Mainly, we foundthatreceivedsignalstrengthdid not correlatewell
with distancefor our radiosdueto multi-path,fadingandotherRF
vagaries.Thesereasonscausedusto focuson localizationusingRF
connectivity. Weuseamathematicallysimple,idealizedradiomodel
for predictingboundson the quality of localizationbasedon RF-
connectivity. It makestwo ratherunrealisticassumptions.(i) Per-
fectsphericalradiopropagationand(ii) Identicaltransmissionrange
(power) for all radios. To our surprise,this modelcomparedquite
well to outdoorradiopropagationin unclutteredenvironments[2].

Beaconssituatedat known positions, ������������� , transmitperiodi-
cally with a time period � . Clients listen for a period  "!#!$� to
evaluateconnectivity. If thepercentageof messagesreceived from
a beaconin a time interval  exceedsa threshold%#&' )(+*-,

	

( , that
beaconis consideredconnected.Whenthebeaconplacementis uni-
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(1) Librettowith RadiometrixRPCradios (2) UCB ReneMote

Figure2: ExperimentalTestbeds

form, thecentroidof thepositionsof all connectedbeaconsis a fea-
siblesolutionin theregion of connectivity overlap.For non-uniform
placement,a feasiblesolutioncanbefoundusingmoregeneralcon-
vex optimizationtechniques[8].
A client estimatesits position � �

�����

���

�����

� to be thecentroidof the
positionsof all connectedbeacons.
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Given the actualposition of the client � ��� �����-� , we can compute
the accuracy of the localizationestimateor the localization error

�����

� ��� � ����� , which is thedistancebetweentheclient's estimated
andactualpositions.
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(2)

By increasingthedensityof thebeaconsthatpopulatethegrid, the
overlapregionsbecomesmaller, andhencelocalizationgranularity
improves(seeFigure1).

Prototype Implementation

We have implementeda prototypeof our localizationmethodology
ontwo experimentaltestbeds(1) RadiometrixRPCradiosconnected
to laptopsvia. a serialinterface(2) UC Berkeley Renemotes[12],
completelyintegratedwith RFM [19] radioscompletely, shown in
Figure2. Due to spacerestrictions,we only describesomeexperi-
mentalresultson theRPCtestbedhere.Detailson thesecondsetof
experimentswith motescanbefoundin [4].

Our �rst experimentaltestbedconsistsof RadiometrixRPC418
(radio packet controller) modulesconnectedto a ToshibaLibretto
runningRedHatLinux 6.0. In our experiments,oneof thesemod-
ules is usedasa receiver and four areusedasbeacons.A 3 inch
antennais usedfor the experimentalpurposes. The software for
theRadiometrixRPC-418modulesconsistsof two components.(i)
Beacon: The beaconperiodically transmitsa packet containingits
uniqueID andposition. (ii) Receiver: The receiver obtainsits ac-
tual positionfrom userinput andestimatedpositionby listeningto
beaconpackets.

Results

We evaluatedour systemindoorsandoutdoors,and found it to be
feasibleoutdoors.In thissection,wediscusstheresultsof anoutdoor
experiment.Weplaced4 beaconsatthefour cornersof a

�
��� 
#� ���

squarein anoutdoorparkinglot. Thissquarewasfurthersubdivided
into 100smaller

� � 
 � �

squaresandwe collecteddataat eachof
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Figure3: CumulativeLocalizationErrorDistribution

the121 small squarecorners.We usethe localizationerror metric
de�ned previously to characterizetheperformance.Figure3 shows
the cumulative localizationerror distribution acrossall the square
corners,from botha theoreticalmodel(assumingRange= 8.9m(the
measuredmedianrange))andtheexperiment.They trackeachother
closely, includingplateausin theerrorlevels,althoughthespherical
model is consistentlymoreoptimistic. In our experimentalresults,
for over90%of thedatapoints,thelocalizationerrorfallswithin 3.0
meters.This resultis basedon 4 beacons.Sincewe observeda high
correlationbetweenourmodelandexperiment,improvedgranularity
canbeexpectedwith ahigheroverlapof beaconsasFigure4 shows.
Moredetailsof ourexperimentalresultsmaybefoundin [2].

Oursimplelocalizationmethodologyis veryeffectivein restricted
domains(with idealradiopropagation).To generalizeourschemeto
noisyenvironments,wehavedevelopedtechniquesfor measurement
basedadaptationof beaconplacement,describednext.

4 AdaptiveBeaconPlacement

Ourapproachto improving localizationthroughbeaconplacementis
basedon measurementbasedadaptation. By adaptation, we mean
we are improving the quality of localizationby adjustingbeacon
placementor addinga few beaconsratherthan by completelyre-
deploying all beacons.By measurementbased, wemeanthedeploy-
mentof additionalbeaconsis in�uencedby measurementsof theop-
eratinglocalizationsystemratherthanby carefuloff-line analysisof
a completesystemmodel. We have exploredthreecomplementary
approachesto adaptivebeaconplacement,For low beacondensities,
we investigatedalgorithmsto augmentthe existing beaconinfras-
tructureby addingnew beaconsat empirically determinedpoints,
basedon, (i) terrainexplorationandmeasurementsmadeby a mo-
bile robot,which is centralized,anddescribedin [3], (ii) simulated
local explorationby beacons(HEAP), which is distributed,andde-
scribedin [4]. For high beacondensities,the suitableapproachis
adaptiveoperationaldensity(STROBE),whichwehighlighthere.

4.1 STROBE AdaptiveDensity

Assumea localizationsystemwith staticbeacons,thatwill needto
advertisetheir positionsperiodicallyduring the systemlifetime to
supportothermobilenodes.In proximity basedlocalizationsystems
usingonly local information,regardlessof actualbeaconplacement,
the localizationgranularitysaturatesat a certainthresholdbeacon
density ' . This is veri�able through simulations(shown in Fig-
ure 4) andcanalsobe proven mathematically, basedon resultsof
[15]. For approachesbasedonranging,threeline of sight(LOS)and
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Figure4: Mean localizationerror vs. Beaconsper neighborhood.
Localizationgranularitysaturatesatacertainnumberof beaconsper
neighborhood,around6 in ourcase.

non-collinearbeaconsprovidethecritical thresholdof beaconsin 2D
space.

In unattendedsensornetworks, where new beaconscannotbe
physicallydeployed asneeded,we would begin with a very dense
initial beacondeployment for redundancy. Tuning the operational
beacondensityby rotatingfunctionalityamongstbeacons(by turn-
ing their radios on and off) (i) increasessystemlifetime without
diminishingthe localizationgranularity(ii) reducesthe probability
of self-interferenceamongstbeaconsby reducingoverall transmis-
sions([4],[18]) (iii) allows adaptationto noisy environmentswhen
required(higherpercentageof beaconscouldremainactive in nois-
ier obstructedpartsof the terrain,whereasa smallerpercentageof
beaconsneedto beactive in morebenignpartsof theterrain,achiev-
ing similar localizationgranularityoverall). STROBE (Selectively
TuRningOff BEacons)is our algorithmis to achieve suchanadap-
tive operationalbeacondensityto realizethesebene�ts. Our design
goal is to build STROBE usinglocalizedalgorithms,i.e., eachbea-
condeterminesits roleduringagiventime interval basedoncoordi-
nationwith its neighborsratherthanfrom anassignmentby acentral
server.

4.1.1 STROBE duty cycle

Typically, eachbeacontransmitsonepositionadvertisementin abea-
coninginterval ��� andsleepsfor theremainingpartof theinterval.
Eachpositionadvertisementhasfour �elds: beaconidenti�er, bea-
conposition,sequencenumber, beaconstatus.Beaconstatusis usu-
ally setto beUP.

In STROBE, a beaconcanbe in oneof threestates:Voting (V),
Designated(D) andSleep(SL). The statetransitiondiagramis de-
pictedin Figure5. All beaconsstartout in theVotingstate,wherein,
a beaconturnson its radio andbroadcastspositionadvertisements
every �

� secondsandalsolistensfor advertisementsfrom its neigh-
boring beacons.Whena beaconnodeentersVoting state,it setsa
timer for ��� seconds.When the timer �res, it evaluateswhereit
shouldgo to sleepbasedon a decisionmaking processexplained
in 4.1.2. If so, it broadcastsan advertisementwith Stateset to be
DOWN andtransitionsto the Sleep(SL) state. Otherwise,it tran-
sitions to the Designated(D) state. A beaconnodein sleepstate
wakesup aftera sleeptime ����� andtransitionsbackto Voting (V)
state. A beaconnodein Designatedstateperiodicallyadvertisesat
intervals �

� for a time ��� andthentransitionsbackto Voting (V)
state.A beaconnodein sleepstatewakesup aftera sleeptime �����

andtransitionsbackto Voting (V) state.
Distinct Voting and Designatedstatesare necessaryin order to
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Figure5: StateTransitionDiagramfor STROBE

avoid theoverheadincurreddueto receivingadvertisementmessages
from other neighborbeaconswhen in the Voting state. Threeim-
portantparametersof STROBE that in�uence its energy usageand
systemlifetime are � � ���	� , and ���
� .

4.1.2 BeaconDecisionMaking

During the Voting (V) state,a beaconevaluates
�

, the numberof
currentlyactivebeaconsthatareits neighbors.

�

� � 


�

�




 

� (3)

where 


�

is thesetof all beaconsit heardfrom whosemostrecent
advertisedstateis UP and 


 

thosewhosemost recentadvertised
stateis DOWN. Thenumberof active beaconsin its neighborhood,
includingitself is

�

"

�

. Let ' be thethresholdnumberof beacons
in any givenneighborhoodat which thelocalizationgranularitysat-
urates.If �

�

"

�

��� ' , thenit hasto remainactive. If �

�

"

�

� ! ' ,
thenits transitionprobability � to thesleepstateis givenby:

� �

�

�

� '

�

�

�

� (4)

With probability �

�

�

��� it transitionsto theDesignated(D) state.
More sophisticateddecisionmakingapproacheswould incorpo-

rate informationsuchasenergy reserve of a beaconandits neigh-
bors,while needingto maintainadditionalstate.

4.1.3 STROBE Evaluation

We conductedextensiveperformanceevaluationsof STROBEusing
simulations[4]. We reporthereon a representative experimentthat
demonstratesits bene�ts in improving systemlifetime without de-
gradinglocalizationgranularity.

Thefollowing metricsareusedfor evaluation. Percentageof ac-
tivebeacons, thepercentageof totalbeaconsthatarein eitherVoting
or Designatedstatesatany giveninstantof time.
Percentageof alivebeacons,thepercentageof totalbeaconsthatpos-
sessenergy reservesgreaterthanzeroat any giveninstantof time.
Medianlocalizationerror in theterrain, asa functionof time. First
nodedeath,is thetimeelapsedsincethestartbeforeany singlenode
in theterrainrunsoutof energy (dies).
Systemlifetime, is thetime elapsedsincethestartbeforemedianlo-
calizationerrorexceedsanoperationalthreshold.

For our simulations,we chooseanenergy consumptionmodelto
mimic realisticsensorradios[13], summarizedin Table1.

ThefollowingsimulationexperimentdemonstratesSTROBEben-
e�ts for an applicablecontext (small beaconinginterval, high bea-
con density). We simulatea terrain with 100 beaconsdistributed
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Figure6: STROBE performancefor N=100,R=25m, � � �

��� ��	

, � � �

�

� � , ��� �

�
���

� � , � =10000J.Lifetimeof thealgorithmusing
simplebeaconing

�

� �

������������	

. Snapshottime = 100s.

Table1: Energy Consumptionparameters
PowerDissipation RadioOperationMode Value

���

Transmit 660mW
���

Receive 395mW
���

Idle 35mW
�

� Sleep 0 mW

uniformly at randomin a
� ����� 
 � �����

terrain. The nominal ra-
dio rangeof thesebeaconsis 25m. Thecorrespondingbeaconsper
neighborhood	 = 19 = 3.1' . We choosea reasonablysmall bea-
coning interval, �

�
�

��� �

seconds.We set the variousSTROBE
parametersas follows: �

�
�

��� ��	

, �
�

�

�

�
� , ��� �

�
���

�
� ,

� =10000J.
Figure6 plots themedianlocalizationerror, percentageof active

beaconsandpercentageof beaconsaliveasafunctionof time. Snap-
shotsaretaken every 100 seconds.The degradationin medianlo-
calizationerror as well as percentageof beaconsalive is smooth.
STROBEmaintainsamedianlocalizationerrorwithin

���
�#
���
����

,

for up to 200000seconds,
��� �"
���
����

, for up to 300000seconds,
and

��� ��
���
����

, for up to 400000seconds.Actual systemlife-
time (

�

���

���

��� ) is increasedto around450000secondsor
��� �

�

� .
This is low comparedto the bestcaselifetime of 850000seconds
or

��� �

�

� possible[4], possiblewhenenergy usagecanbeuniformly
loadbalanced.In practice,becauseSTROBE transitionsprobabilis-
tically from Voting (V) to Sleep(SL) states,a higherpercentageof
beaconsthanthethresholdlevel remainactive, leadingto lower life-
times. Leveragingauxiliary informationcanfurther improve these
lifetimes. Lifetime gainscanbeimprovedfurtherfor higherbeacon
densitiesand energy dissipationratesin active state,and by aug-
mentingSTROBEwith boundarydetectionmechanisms.

5 Conclusionsand Futur eWork

Next generationpervasivecomputingapplicationsthatmustscaleto
largenumbersof hardwareandenergy-constraineddevices,motivate
scalable,adhocdeployableapproachesto localizationthat leverage
existing device capabilities. In our work highlightedin this paper,
we have (i) addressedscalabilityby developinganRF-connectivity
basedself-localizationmethodologyfor very small devices,imple-
mentingit on two differentradioplatforms;andvalidatingit in out-
doorenvironments(ii) addressedadhocdeployabilityby developing
andevaluatingvia simulationalgorithmsfor automaticallyadapting
beaconplacementin moreclutteredenvironments,andshown that
theapproachto beaconplacementmusttake into accountdensityof
deployment.Thesecontributionsenablea low costlocalizationsys-

temthatis bothscalableandadhocdeployable.Thealgorithmsand
methodologyfor beaconplacementproposedherecanbeappliedto
otherlocalizationapproaches(for instance,thosethatrely on multi-
lateration/ranging),andalsoto otheradhocwirelessnetwork prob-
lemsin�uencedby nodedensityandplacement- for instance,topol-
ogy maintenanceand energy-ef�cient geographicalrouting. Now
thatwehavevalidatedourbasicdesignof ouradaptivebeaconplace-
mentapproachthroughsimulation,we arecurrentlytestingour al-
gorithmsin realprototypesystemswith UC Berkeley motes.

Althoughour applicationspaceis ratherforgiving in termsof lo-
calizationgranularityrequired,anddoesnot includeall applications,
it coversa goodrangeof importantandusefulapplications.Finally,
our localizationapproachis uniquein its emphasison adaptiveself-
con�guration i.e., adaptationto noisyenvironmentsthroughdecen-
tralized,autonomousandmeasurement-basedtechniquesratherthan
carefulinstrumentation.

References
[1] P. Bahl andV. N. Padmanabhan.Radar:An in-building userlocationandtrackingsystem.In Proc. of the IEEE Infocom2000,

volume2, pages775–84,March2000.

[2] N. Bulusu,J.Heidemann,andD. Estrin. Gps-lesslow costoutdoorlocalizationfor very smalldevices.IEEEPersonalCommuni-
cationsMagazine, 7(5):28–34,October2000.

[3] N. Bulusu,J.Heidemann,andD. Estrin. Adaptivebeaconplacement.In Proc.of ICDCS-21, Phoenix,Arizona,USA, April 2001.

[4] N. Bulusu,J.Heidemann,andD. Estrin.Density-adaptivealgorithmsfor beaconplacementin wirelesssensornetworks.Technical
ReportUCLA CSTR 010013,UCLA ComputerScienceDepartment.,May 2001.Availableathttp://www.isi.edu/bulusu/papers/.

[5] M. Charikar, S.Guha,D. Shmoys,andE. Tardos.A constant-factorapproximationalgorithmfor thek medianproblem.In Proc.
of ACM STOC1999, pages1–10,May 1999.

[6] RadiometrixCorporation.http://www.radiometrix.com.

[7] U.S.WirelessCorporation.http://www.uswcorp.com/USWCMainPages/our.htm.

[8] L. Doherty, K. S.J.Pister, andL. El-Ghaoui.Convex positionestimationin wirelesssensornetworks.In Proc.of IEEE Infocom
2001, Anchorage,Alaska,April ” 22-26”2001.

[9] D. Estrin,R. Govindan,J.Heidemann,andSatishKumar. Next centurychallenges:Scalablecoordinationin sensornetworks.In
Proc.of ACM/IEEEMobiCom99, pages263–270,Seattle,WA, USA, August” 15–20”1999.ACM Press.

[10] L. Guibas,D. Lin, J. C. Latombe,S. LaValle, andR. Motwani. Visibility-basedpursuitevasionin a polygonalenvironment.
InternationalJournalof ComputationalGeometryApplications, 2000.

[11] A. Harter, A. Hopper, P. Steggles,A. Ward,andP. Webster. Theanatomyof a context-awareapplication.In Proc. of ACM/IEEE
MobiCom99, Seattle,WA, USA, August” 15–20”1999.ACM Press.

[12] J.Hill, R. Szewczyk, A. Woo, S.Hollar, D. Culler, andK. Pister. Systemarchitecturedirectionsfor networkedsensors.In Proc.
of ASPLOS-IX, pages93–104,Cambridge,MA, USA, November2000.ACM.

[13] W. J.Kaiser. Wins ng1.0transceiver powerdissipation.

[14] B. Karp andH.T. Kung. Gpsr:Greedyperimeterstatelessroutingfor wirelessnetworks.In Proc. of ACM/IEEEMobiCom2000,
N.Y., August2000.ACM Press.

[15] L. Kleinrock andJ. Silvester. Optimumtransmissionradii for packetradionetworksor why six is a magicnumber. In Proc. of
NationalTelecommunicationsConference, pages4.3.1–4.3.5,1978.

[16] S. Meguerdichian,F. Koushanfar, M. Potkonjak,andM. Srivastava. Coverageproblemsin wirelessadhocsensornetworks. In
Proc.of IEEE Infocom2001, Anchorage,Alaska,April ” 22-26”2001.

[17] VOR(Very High Frequency Omnirange).http://www.allstar.�u.edu/aero/VOR.htm.

[18] N. B. Priyantha,A. Chakraborty, andH. Balakrishnan.The cricket locationsupportsystem. In Proc. of ACM/IEEE MobiCom
2000, Boston,MA, August2000.

[19] Inc. RFMonolitithics. http://www.rfm.com.

[20] R. Want,A. Hopper, V. Falcao,andJ. Gibbons.Theactive badgelocationsystem.ACM Transactionson InformationSystems,
10(1):91–102,January1992.

[21] J. WerbandC. Lanzl. Designinga positioningsystemfor �nding thingsandpeopleindoors. IEEE Spectrum, 35(9):71–78,sep
1998.

5


