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Abstract

Locationsystem$iavelong beenidenti ed asanimpor-

tant componenbf emeging mobileapplications. Most
reseach on location systemsasfocusedon preciselo-

cationin indoor ervironments Howerer, manylocation
applications(for example location-awae web seach)

becomeinteresting only whenthe underlyinglocation
systemis available ubiquitouslyand is not limited to

a single of ce ervironment. Unfortunately the instal-
lation and calibration overheadinvolved for most of

the existingreseach systemss too prohibitive to imag-

ine deployingthemacross, say an entire city. In this
work, weevaluatethefeasibility of building a wide-area
802.11W-Fi-basedpositioningsystem.\We compae a

suite of wireless-adio-basedpositioningalgorithmsto

undestandhow they can be adaptedfor suc ubiqui-
tous deploymentvith minimal calibration. In particu-
lar, we studythe impact of this limited calibration on

the accuracy of the positioning algorithms. Our ex-

perimentsshowthat we can estimatea user's position
with a medianpositioningerror of 13—-40metes (de-
pendingupon the characteristicsof the ervironment).
Althoughthis accuracy is lower than existing position-
ing systemsit requires substantiallylower calibration

overhead and provideseasydeploymentaind coverage
acrosslarge metiopolitanareas.

1 Intr oduction

A low-costsystentor userdevicesto discoverandcom-
municatetheir positionin the physicalworld haslong
beenidenti ed as a key primitive for emeging mo-
bile applications. To this end, a numberof research
projectsand commercialsystemshave explored mech-
anismsbasedn ultrasonic,infraredandradiotransmis-
sions[24, 29, 2, 5]. Despitetheseefforts, building and
deploying location-avareapplicationghatareusableby
a wide variety of peoplein everyday situationsis ar
guablyno easiemow thanit wastenyearsago.
Mostcurrentlocationsystemsionotwork wherepeo-
ple spendmuchof theirtime; coveragein thesesystems
is eitherconstrainedo outdoorervironmentsor limited
to aparticularbuilding or campuswith installedlocation
infrastructure.For example,the mostcommonlocation

Yatin Chawathe

ZUC SanDiego
ycheng@cs.ucsd.edu

Anthory LaMarcd  JohnKrumm

Microsoft Research
jckrumm@microsoft.com

systemGPS(Global PositioningSystem)worksworld-
wide, but it requiresa clearview of its orbiting satel-
lites. It doesnotwork indoorsandworkspoorlyin mary
cities wherethe so called “urban caryons” formed by
buildings prevent GPSunits from seeingenoughsatel-
lites to get a positionlock. Ironically, that is exactly
wheremary peoplespendthe majority of theirtime.

Similarly, mary of theresearchocationsystemsuch
asRADAR [2], Cricket[24], and[10] only work in lim-
itedindoorervironmentsandrequireconsiderableffort
to deploy onasigni cantly largerscale.In indoorervi-
ronmentsthesesystemsanprovide accurateestimates
of users'positions(within 2—4 meters). This accurag
comesat the costof mary hoursof installationand/or
calibration(e.qg., over 10 hoursfor a 12,000m? build-
ing [10]) and consequenthhasresultedin limited de-
ployment. Arguably for a large classof location-avare
applications(for example, location-avare instantmes-
sagingor location-basedsearch),ubiquitousavailabil-
ity of locationinformationis crucial. The primarychal-
lengein expandingthe deploymentof theabove systems
acrosssay anentirecity is theinstallationandcalibra-
tion cost.

In this paper we explore the questionof how accu-
ratelya users device canestimatets locationusingex-
isting hardwareandinfrastructureandwith minimal cal-
ibration overhead. This work is in the contect of the
PlacelLabresearctproject[18] wherewe proposea po-
sitioninginfrastructuredesignedvith two goalsin mind:
(1) maximizing coverageacrossentire metropolitanar
eas, and (2) providing a low barrier to entry by uti-
lizing pre-deplyed hardware. Unlike GPS,PlacelLab
works bothindoorsandoutdoors.It relieson commod-
ity hardware suchas 802.11accesointsand 802.11
radiosbuilt into users'devicesto provide client-sidepo-
sitioning. Like someof the above systemsPlacelLab
works by having a client device listenfor radiobeacons
in its environmentandusesa pre-computednapof radio
sourcesn theervironmentto localizeitself.

An importanttradeof while deploying sucha wide-
arealocation systemis the accurag of the position-
ing infrastructureversusthe calibrationeffort involved.
Place Lab makes an explicit choiceto minimize the



calibrationoverheadwhile maximizing coverageof the
positioning system. We rely on usercontrituted data
collected by war driving, the processof using soft-
ware[14, 20] on Wi-Fi andGPSequippedmobile com-
putersanddriving or walking througha neighborhood
collectingtracesof Wi-Fi beaconsn orderto mapout
thelocationsof Wi-Fi accespoints.A typical war drive
arounda single city neighborhoodtakes lessthan an
hour. Contrastthis with the typical calibrationtime for
a singlein-building positioningsystemthat canrequire
mary hoursof carefulmapping.Moreover, war driving
is alreadya well-establishegghenomenomvith websites
suchaswigle.netgatheringwar drivesof over 1.4 mil-
lion accespointsacrosgheentireUnited States.

Certainly with limited calibration,PlaceLab will es-
timate a users location with lower accurag. While
this precludeausing PlaceLab with someapplications,
thereis alargeclassof applicationghatcanutilize high-
coverage coarse-grainetbcationestimates.For exam-
ple, resource nding applications(suchas nding the
nearestopy shopor Chineserestaurantandsocialren-
dezwus applicationshave accurag requirementshat
canbe methby PlaceLab evenusinglimited calibration
data! PlacelLab makesthetradeof of providing local-
ization on the scaleof a city block (ratherthana cou-
ple of meters),but managego cover entire cities with
signi cantly lesseffort thantraditionalindoor location
systems.

Moving Wi-Fi locationout of controlledindoor ervi-
ronmentsnto this largermetropolitan-scaldeployment
is notassimpleasjust makingthe algorithmswork out-
side andinside. The calibrationdifferencesdemanda
careful examinationof the performanceof positioning
techniquesn this new ervironment. In this paper we
evaluatethe estimationaccurag of a numberof differ-
entalgorithms(mary of whichwereoriginally proposed
in the context of preciseindoor location) [2, 15, 13]
in this wider context with substantiallylesscalibration
data. Our contrikution is two-fold: First, we demon-
stratethatit is indeedfeasibleto performmetropolitan-
scalelocation with reasonableaccurag using 802.11-
basedyositioning.Our experimentshaow thatPlacel ab
canachieve accurag in therangeof 13—40meters.Al-
thoughthis is nowhere nearthe accurag of somein-
door positioningsystemsit is sufcient for mary appli-
cations[3, 28, 7, 30]. Secondwe comparea numberof
location algorithmsandreporton their performancen
avariety of settings for example,how the performance
changesasthe war-driving dataageswhenthe calibra-
tion datais noisy, or astheamountof calibrationdatais

1Dodgeball.comfor example hostsacellphone-basesbcialmeet-
up applicationwith thousandf daily usersand relies on zipcodes
to represenusers'locations. It is well within PlaceLab's ability to
accuratelyestimatezip code.

reduced.

Therestof the paperis organizedasfollows. In Sec-
tion 2, we discusgelevantrelatedwork. Section3 gives
anoverview of our researchmethodology In Section4,
we presenbur experimentakesults.Finally, we discuss
theimplicationsof ourresultsin Section5 andconclude
in Section6.

2 RelatedWork

Locationsensingfor ubiquitouscomputinghasbeenan
activeareaof researclsincethe PARCTAB [27] of 1993.
Sincethen, mary location technologieshave beenex-
plored, mostof them summarizedn [11]. This paper
is focusedon using Wi-Fi asa locationsignal,anidea
rst publishedby Bahl and Padmanabhain 2000and
calledRADAR [2]. RADAR usedWi-Fi “ ngerprints”
previously collectedat known locationsinside a build-
ing to identify the location of a users device down to
a medianerror of 2.94 meters. Sincethen, therehave
beenmary otherefforts aimedat using Wi-Fi for loca-
tion. While nearlyall Wi-Fi locationwork hasbeenfor
inside venues,a few are intendedto work outdoorsas
well. UCSD's Active Campusproject[8] useswi-Fi to
locatedevicesinside and outsidebasedon a simplistic
algorithmthatreliesonknown positionsof accesgoints
on a university campus. Recently the Active Campus
project hasredesignedts systemto usePlacelLab in-
steadof their original positioningsystem.

The main differencebetweenPlacelLab and previ-
ousWi-Fi locationwork is that previouswork hastaken
adwantageof limited-extentvenueswvhereeitherthe ac-
cesspoint locationswere known (e.g., ActiveCampus)
or whereextensie radio suneying was deemedoracti-
cal (e.g., RADAR). PlaceLab insteaddependson war
driving collectedby a variety of usersasthey move nat-
urally throughouta region. This meansthat the Wi-Fi
radio suneys rarely containenoughdatafrom ary one
locationto computemeaningfulstatisticsthuseliminat-
ing thepossibilityof sophisticategbrobabilisticmethods
suchasusedin [10, 12, 16, 17].

As mentioned above, Place Lab is intended for
metropolitan-scaleleployment. Otherlarge-scaldoca-
tion systemsinclude satellite-basedsPS and its vari-
ants, the RussianGLONASS and the upcomingEuro-
peanGALILEO systems.PlaceLab differsfrom these
in thatit canwork wherever Wi-Fi coveragds available,
bothindoorsandoutdoors whereassatellite-basedys-
temsonly work outdoorsandeventhenonly whenthey
have a clearline of sightto the sky.

In the U.S., future requirementdor cell phonesde-
mandthatthey be ableto measureheir own locationto
within 50—-100meters[4]. Otheroutdoortechnologies
includeRosums TV-GPS[25], which is basedn exist-
ing standardgor digital TV synchronizatiorsignalsand



givesmeanpositioningerrorsrangingfrom 3.2 to 23.3
metersin tests. The useof commercialFM radio sig-
nal strengthsfor locationwas exploredin [15], which
shavedaccuraciesiown to thesulurb level.

As moreresearcleffort is devotedto Wi-Fi location,it
becomesncreasinglyimportantto comparealgorithms
fairly on commondatasetstaken underknown condi-
tions. The only previous effort in this regard of which
we are aware is [26], which comparedthree different
Wi-Fi locationalgorithmsin a single- oor of ce build-
ing. They compareda ngerprinting methodsimilar to
RADAR againstwo methodsasecdn estimatedsignal
strengthprobability distributions: histogramsand Gaus-
siankernels. The histogrammethodperformedslightly
betterthanthe othertwo. The papermadelimited tests
with varying the numberof accesgpoints. Our paper
undertalesmoreextensve testingusingdatafrom three
differentvenuesandtestsagainstvide variationsin den-
sity of known accesgoints, densityof the input map-
ping datasets,andnoisein calibrationdata.

3 Methodology

All of our Wi-Fi-basedpositioningalgorithmsdepend
on aninitial training phase. This involveswar driving
arounda neighborhoodvith a Wi-Fi-enabledaptopand
an attachedGPSdevice. The Wi-Fi card periodically
“scans” its ervironmentto discover wirelessnetworks
while the GPSdevice recordsthe latitude-longitudeco-
ordinatef thewardriverwhenthescanwasperformed.
We usedactive scanningwherethe laptop periodically
broadcastsan 802.11 probe requestframe and listens
for proberesponsesrom nearbyaccesgoints? Thus,
a training datasetis composedf a sequencef mea-
surements eachmeasurementontainsa GPS coordi-
nateanda Wi-Fi scancomposedf a sequencef read-
ings oneperaccesgoint heardduring the scan. Each
readingrecordshe MA C addres®f theaccespointand
the signalstrengthwith whichit washeard.
Oncethetrainingphasds completedthetrainingdata

is processetb build a“radio map” of theneighborhood.

The natureof this map dependson the positioningal-
gorithmused.With a pre-computedadiomap,a users
device cansimply performa Wi-Fi scanandpositionit-
self by comparingthe setof accesgointsheardagainst
theradiomap.We termthis the positioningphase.
One questionworth askingis “if GPSis insufcient
asa positioningsystemin urbanervironmentshow do
we justify its usein constructinghe training datasets.
Thisis becauseynlike GPSwhichrequiredine of sight
to thesky, 802.11radiobeaconsanbeheardindoorsas
well asoutdoors. Although our calibrationdatais col-

2|nsteadof active scanningpnecouldusepassie scanningy lis-
teningon eachWi-Fi channelfor beacorframesfrom the nearbyac-
cesspoints.

-50

= Signal strength vs distance

— Median signal strength

-60 7

Signal Strength (dBm)

-100 \ \

0 20 40 60 80 100 120 140
Distance (meters)

Figurel: (a) Measued signal strength(scatterplotand
medianvaluesfor 10 meterbudkets)asa functionof dis-
tancebetweerthe accesspoint and a receiver Signal
strengthwith dBmvaluescloserto zeio meansa stronger
signal.

lectedusing GPSentirely outdoors,we canstill useit

to positionthe userwhenhe or sheis indoors. More-

over, our useof a GPSdevice during thetraining phase
doesnotimply thatall usersneedto have a GPSdevice.

For a given neighborhoodthe training phaseneedsto

bedoneonly onceby oneuser(until the AP deployment
in thatneighborhooadthanges)Oncea neighborhoods

mapped.all userscandeterminetheir positionwithout

needingary GPSdevice.

3.1 Metrics for Positioning

Many previous radio-basedpositioning systemshave
usedthe obsened signalstrengthas a indicator of dis-
tancefrom a radio source. In practice,this works only
aswell astheradiobeacors signalstrengthdecayre-
dictably with distanceand is not overly-attenuatedy
factorssuchasthe numberof walls crossedthe com-
position of thosewalls, and multi-path effects. For in-
stance,buildings with brick walls attenuateradio sig-
nalsby a differentamountthanbuildings madeof wood
or glass. In additionto x ed obstructionsn the ervi-
ronment,people vehiclesandothermoving objectscan
causeheattenuatiorto vary in agivenplaceovertime.

To characterizdow obsened802.11signalstrengths
variedwith distancewe collected500readingsat vary-
ing distancegrom aaccespointswith well known loca-
tionsin anurbanarea.Figurel illustratesthe variation
in signalstrengthfor a singleaccespointin a busycof-
fee shop asa function of the distancebetweernthe AP
andthe recever. This graphplotsthe individual read-
ingsaswell asshaving how the mediansignalstrength
changeswvith distance.

3We obseredsimilar behaior from theotheraccespointsandwe
shav oneAP's datafor the sale of clarity.
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Figure2: Responseatefor a single AP asa functionof
distancefrom that AP. Responseate is de ned as fol-
lows: the percentaye of timesthata givenAP washead
in all of the W-Fi scansat a speci ¢ distancefromthat
AP In theabove graphwe plot a histagram of response
rate after groupingall distancesnto 5 meterbudkets.

The pointsfor theindividual readingsshav consider
able spreadfor a given distance,and mediumto weak
readings(-70 to -90 dBm) occur at all distances.The
curve shawving the mediansignalstrengthdoesindicate
howeverthatthereis atrendtowardsseeingwealer sig-
nalsasdistancefrom anaccesgoint grows. This indi-
catesthat while careneedsto be taken, signal strength
canbeusedasaweakindicatorof distanceandcanthus
be usedto improve locationestimationover simpleob-
senation.

In additionto signalstrengthwe exploreanew metric
for estimatinga users position. We de ne theresponse
rate metric as follows: from the training dataset, we
collectall Wi-Fi scanghatareatthe samedistancegrom
an accesyoint; we thencomputethe fraction of times
thatthis AP is heardin that collection of Wi-Fi scans.
For scanscloseto the AP, we expectthe responseate
to be high while for scansfurther away, with signalat-
tenuationand interference the AP is lesslikely to be
heardandsotheresponseatewill below. We measured
theresponseateasafunctionof distanceandascanbe
seenn Figure2, thereis astrongcorrelationbetweerthe
responseateandthe distancefrom the AP. Our results
may seemcontradictoryto theresultsfrom Roofnet[1],
which shaws pacletlossratehaslow correlationto dis-
tance.Roofnetmeasuredhe raw lossrate of 1500byte
broadcastpaclets acrossdistantnodes(over 100 me-
ters).Ontheotherhand we measurg@roberesponseate
of APswithin 100meters.The proberesponseacletis
about100 bytesand useslink-level unicastretransmis-
sions. With shorterdistance smallersizedpacletsand
link-level retransmissionsye noticeda strongercorre-
lation betweerresponseateanddistance.

Theseobsenationstendto reduceour con dencein
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Figure 3: Variation in signal strengthover a one hour
periodfor threedistinctaccespointsmeasuedat a sin-
glelocation.

algorithmsthat dependon signal strengthvarying pre-
dictably as a function of distanceto the accesspoint.

Responseate appeardo vary much more predictably
vs. distance. However, eventhoughthe effect of dis-

tanceis largely unpredictablefigure3 indicateshatfor

a given location, signal strengthsare relatively stable.
Thusdifferentlocationsmay still be reliably identi ed

by their signalstrengthsignature.We testthesebeliefs
experimentallyin theremaindeiof this paper

3.2 Positioning Algorithms

Basedon the above obsenations, we looked at three
classesof positioningalgorithms. In this section,we
presentanoverview of thesealgorithms.

3.2.1 Centroid

This is the simplestpositioningalgorithm. During the
training phasewe combineall of thereadingsor a sin-
gle accesgoint and estimatea geographidocationfor
the accesgoint by computingthe arithmeticmeart of
the positionsreportedin all of the readings. Thus, the
radio mapfor this algorithmhasonerecordper access
pointcontainingthe estimatedgositionof thatAP.

Using this map, the centroidalgorithm positionsthe
userat the centerof all of the APs heardduring a scan
by computingan averageof the estimatedpositionsof
eachof the heardAPs. In additionto the simplearith-
metic mean,we alsoexperimentedvith aweightedver
sion of this mechanismyherethe positionof eachAP
wasweightedby the receved signalstrengthduringthe
scan.

4We do not in fact computethe centroid, but we still namethis
methodassuchinsteadf usingtheterm“mean”soasto disambiguate
the heuristicfrom otherusesof arithmeticmeanduringthediscussion
of our experimentakesults.



3.2.2 Fingerprinting

This algorithmis basedon anindoor positioningmech-
anismproposedn RADAR [2]. The hypothesidehind
RADAR is asfollows: at a givenpoint, ausermayhear
differentaccespointswith certainsignalstrengthsthis
setof APs andtheir associateaignal strengthsrepre-
sentsa ng erprint thatis uniqueto thatposition.As can
be inferredfrom Figure 3, radio ngerprints are poten-
tially a goodindicatorof a users position. We usedthe
samebasic ngerprinting technique put with the much
coarsefgrainedwar driving comparedto the in-of ce

densedatasetcollectedfor RADAR. Thus, for nger-

printing, theradiomapis theraw war-driving dataitself,
with eachpointin themapbeingalatitude-longitudeco-
ordinateanda ngerprint containinga scanof Wi-Fi ac-
cesgpointsandthesignalstrengthwith whichthey were
heard.

In the positioningphase,a users Wi-Fi device per
formsa scanof its ervironment. We comparethis scan
with all of the ngerprints in the radiomapto nd the

ngerprint that is the closestmatchto the positioning
scanin termsof APs seenandtheir correspondingig-
nalstrengthsThemetricthatwe usefor comparingvari-

ous ngerprintsis k-neaest-neighbor(sin signalspace
asdescribedn the original RADAR work. Supposéhe
positioningscandiscoseredthreeAPsA, B, andC with

signal strengthg(SSa ; SSg ; SSc). We determinethe
setof recorded ngerprints in the radio map that have
the sameset of APs and computethe distancein sig-
nal spacebetweerthe obsernedsignalstrengthsaandthe
recordedbnesin the ngerprints. Thus,for eachmatch-
ing ngerprint with signalstrengthgSSY; SS9 ; SS2),

we computethe Euclideandistance:

(SSa SSQ)?2+ (SSs SSQ2)%2+ (SSc SS2)?
To determinethe users position, we pick thek nger-
prints with the smallestdistanceto the obsened scan
andcomputethe averageof the latitude-longitudecoor
dinatesassociatedvith thosek ngerprints. Basedon
preliminary experimentswith varying valuesof k, we
discoveredthatk = 4 providesgoodaccurag.

To accounfor APsthatmayhave beendeployedafter
theradio mapwasgeneratedndfor lost beacongrom
accesgoints, we apply the following heuristics. First,
duringthepositioningphasejf we discoverarny AP that
never appearsn theradiomap,weignorethatAP. Sec-
ond,whenmatching ngerprints to anobsenedscan,if
we cannotnd ngerprints with the samesetof APsas
heardin the scan,we expandthe searchto look for n-
gerprintsthathave supersetsr subset®f the APsin the
obsenedscan.We match ngerprints thathave at most
p differentAPsbetweerthe ngerprint in theradiomap
andtheobsenredscan.Thesenheuristicshelpimprovethe

matchingratefor ngerprints signi cantly from 70%to
99%. Acrossall of our datasets,we foundthatp = 2
providesthebestmatchingratewithoutreducingoverall
accurag.

Fingerprintingis basedon the assumptionthat the
Wi-Fi devices usedfor training and positioning mea-
sure signal strengthsin the sameway. If thatis not
the case (due to differencescausedby manufctur
ing variations, antennas,orientation, etc.), one can-
not directly comparethe signal strengths. To ac-
count for this, we implementeda variation of n-
gerprinting called ranking inspired by an algorithm
proposedfor the RightSpot system [15]. Instead
of comparing absolutesignal strengths,this method
compareslists of access points sorted by signal
strength. For example, if the positioning scan dis-
covered(SSa;SSg;SSc) = ( 20; 90; 40), then
we replacethis set of signal strengthsby their rela-
tive ranking, thatis, (Ra;Rgs;Rc) = (1;3;2). Like-
wise, if (SSS;SS3;SS2) = ( 30; 15 45), then
(RS;RS;R2) = (2;1;3). We comparethe relative
rankingsusingthe Spearmamank-ordercorrelationco-
efcient [23]:

Pi(Ri R)(R? R9

r
T

s =

P =2 T (Ro RO2
i(Ri R) i(Ri ﬁ")
whereR andR? arethe meansof the rankvectors.The
Spearmarcoefcient rangesfrom [ 1;1], with higher
valuesindicatingmoresimilar rankings.Usingtherela-
tive orderof signalstrengthsn this way meanghat n-
gerprintswill still matchwell in spite of differencedn
scale,offset, or any monotonicallyincreasingfunction
of signalstrengthseparatinghe Wi-Fi devices. To use
ranking,the valueof r g is substitutedor the Euclidean
distancein the ngerprint algorithm,andrs is negated
to make moresimilar ranksgive a smallernumber

3.2.3 Particle Filters

Particle Iters have beenusedin the past, primarily
in robotics, to pastfuse a streamof sensordatainto

location estimateg[9, 21, 13]. A particle lter is a
probabilisticapproximationalgorithm that implements
aBayes Iter [6]. It representshe locationestimateof

auserattimet usinga collectionof weightedparticles
pi;wi; (i = 1::n). Eachp} is adistincthypothesisibout
theuserscurrentposition. Eachparticlehasaweightw}

thatrepresentthelik elihoodthatthis hypothesiss true,
thatis, the probability thatthe users device would hear
theobsenedscanif it wereindeedatthe positionof the
particle. A detaileddescriptionof the particle Iter al-

gorithmcanbefoundin [13].

Particle- Iter basedlocation techniquesrequire two
input models:a sensomodelanda motionmodel The



Neighborhood | AP density | # APs/
(APskm?) | scan
Downtown Seattle 1030 2.66
Ravenna 1000 2.56
Kirkland 130 1.41

Table 1: AP densityin the three areas measued per
squaekilometerandperW-Fi scan.The# APs/scarnin-
cludesonly thoseW-Fi scansthat detectedat leastone
accesgoint.

sensomodelis responsibldor computinghow likely an
individual particle's positionis, giventhe obseredsen-
sordata.For Placelab, the sensomodelestimatehow
likely it is thata givensetof APswould be obsenedat
agivenlocation. The motionmodel'sjob is to move the
particles' locationsin a mannerthat approximateghe
motionof theuser

For our experimentsye built two sensomodels:one
basedon signal strength,while the other basedon the
responsaate metric de ned earlier During the train-
ing phase,for eachaccesspoint, we build an empiri-
cal modelof how the signalstrengthandresponseate
vary by distance. Ratherthan t the mappingdatato
a parametricfunction, PlaceLab maintainsa small ta-
ble with an entry for each5 meterincrementin dis-
tancefrom the estimatedAP location. Responseates
arerecordedas a percentagewhile the signal strength
distributionis recordedasafractionof obsenationswith
low, mediumandhigh strengthfor eachdistancebucket.
The low/medium/highcut-offs are determinedempiri-
cally to split the training datafor eachAP uniformly
into the threecategories.As anexample,Placelab will
computeandrecordthatfor anAP X, its responseateat
60 metersis (say)55%. We alsorecordthatat 60 me-
ters,that AP will be seenwith mediumsignalstrength
much more often than low or high. Given a new Wi-
Fi scan,the sensomodeldetermines particle's likeli-
hood asfollows: for eachAP in the scan,we look up
the responseate or the probability of seeingthe mea-
suredsignalstrengthbasedon the distancebetweenrthe
particleandthe estimatedAP locationin theradiomap.

PlacelLabusesasimplemotionmodelthatmovespar
ticlesrandomdistance$n randomdirections.Our future
work includesincorporationof more sophisticatedno-
tion models(suchasthoseby Pattersoret al. [22]) that
modeldirection, velocity and even modeof transporta-
tion.

3.3 Data Collection

We collectedtracesof war-driving datain threeneigh-
borhoodsn the Seattlemetropolitarare&:

Downtown Seattle:a mix of commercialandresi-
dentialurbanhigh-rises

Seattles Ravenna neighborhood: a medium-
densityresidentiaheighborhood

Kirkland, Washington: a sparsesuturb of single-
family homes

For eachneighborhoodwe collectedtracesin two
phases.First we constructedraining datasetsby driv-
ing aroundeachneighborhoodor thirty minuteswith a
Wi-Fi laptopanda GPSunit. Our datacollectionsoft-
ware performedWi-Fi scansfour timesper secondus-
ing an Orinoco-base®02.11bWi-Fi card. GPSread-
ingswereloggedapproximatelyoncepersecond.To as-
sign latitude-longitudecoordinatedo eachWi-Fi scan,
we usedlinear interpolationbetweenconsecutie GPS
readingsbasedon the timestampsassociatedvith the
Wi-Fi scansandthetwo GPSreadings.

In thesecondphasewe collectedanothersetof traces
for eachneighborhood. Thesetracesare usedas test
datato estimatethe positioningaccurag of the various
PlacelLabalgorithms.In this phasePlaceLabusedonly
the Wi-Fi scanscollectedin the trace,while the GPS
readingsvereusedas“groundtruth” to computetheac-
curag of the users estimatedposition. To ensurethat
we gatheredcleangroundtruth data, we tried to nav-
igate within areaswherethe GPSdevice continuously
reporteda GPSlock and eliminated(and re-gathered)
traceswhere the GPS data was obviously erroneous.
Note that GPShasan accuray of 5-7 meters,bound-
ing the accurag of our measurementto this level of
granularity

EventhoughPlacel.ab canbeusedbothoutdoorsand
indoors,mostof our evaluationbelow is basentraces
thatwerecollectedentirely outdoors.This limitation is
duetothefactthatwe useGPSasgroundtruthandhence
canevaluatePlacel ab's performancenly whenGPSis
available. In Section4.6, we will presentesultsfrom a
simpleexperimentwherewe usedPlacel.abindoors.

4 Evaluation

In this section,we presentour resultsfrom a suite of
experimentsconductedusing the above datasets. Our
resultsdemonstrat¢éheeffectof varyinganumberof pa-
rameterontheaccurag of positioningusingPlacelab.

5Although the Seattlemetropolitanareais a tech-friendly ervi-
ronmentand consequenthhasa higher proliferation of Wi-Fi access
pointsthanmary otherpartsof the country(or theworld), we beliese
thatit representshe leadingedgeof an upward growth trend. So al-
thoughresultsfrom theseareasmay not necessarilyapply today to
othercities with lower Wi-Fi coverage,we expectothermetroareas
will eventuallymatchSeattles currentcoveragedensity
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Figure4: Densityof accesgoints(and satellite photosprovidedthroughMicrosoft's Terraserver)for the neighbor

hoodsin which weran our experiments.

4.1 Analysisof trace data

Figure4 shows the distribution of the numberof access
pointsin rangeper scanfor eachof the threeareaswe
measuredTablel shavs the densityof APsin thethree
areas. As expected,we noticedthe highestdensity of
APsin the downtown urbansettingwith an averageof
2.66 APs per scanandno scanswithout APs. Also not
surprisingly the suburbantracessav zero APs (thatis,
no coverage)more than half the time and rarely sav
more than one. Interestingly the residentialRavenna
datahad almostthe samenumberof APs per km? as
downtown. With the exception of the approximately
10%of scanawith no coveragethe AP densitydistribu-
tion for Ravennafairly closely matchedthe dowvntown
distribution.

We also plotted the medianand maximumrangeof
eachAP basedon estimatedpositionsof the AP from
theradiomap. Figure5 shavs a cumulative distribution
function (CDF) of the medianandmaximumrangedor
eachof the threeareas. In the relatively sparseKirk-
land area,we notice that APs canbe heardat a longer
rangethanin Ravenna. We believe that this is dueto
the factthat Ravennahasa muchdenserdistribution of
accesgoints and thus experienceshigher interference
(and consequentlyshorterrange)as the data-gathering
stationgetsfurtherawayfrom the AP. Ontheotherhand,
in downtown, which hasaboutthe sameAP densityas
Ravenna,the maximum AP rangeis higher This is
dueto the large numberof tall buildingsin downtown;
APsthatarelocatedon higher oors oftenhave a much
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Figure5: CDF showingthemedianandmaximunrange
of APsin metes.

longerrange.

4.2 Relative performance

We now comparethe relative performanceof our posi-
tioningalgorithmsacrosghethreeareasTo evaluatethe
accurag of PlaceLab's positioning,we comparehepo-
sition reportedby Placelabto thatreportedby the GPS
device duringthe collectionof the positioningtrace.Ta-
ble 2 summarizeghe results. Ravenna,with its high
densityof short-rangeaccessoints, performsthe best
and can estimatethe users positionwith a medianer
ror of 13—-17meters.Surprisingly for Ravennathereis
little variationacrosgshe differentalgorithms.Eventhe
simplecentroidalgorithmsperformrelatively well.
Onthe otherhand,in Kirkland, with muchlower AP
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density we notice that the medianpositioningerror is
2-3timesworse.But, aswe move from the centroidal-
gorithmto theparticle- Iter-basedechniquesywe notice
a substantialimprovementin accurag (25% decrease
in medianerror). In this case,the smarteralgorithms
werebetterableto Iter throughthe sparsedataandes-
timatethe users position. However, onealgorithmthat
performedquite poorly in Kirkland is ranking. This is
becausef the signi cant numberof timesthata Wi-Fi
scanproduceda single AP. With just one AP, therecan
be no relative ranking, and hencethe algorithm picks
arandomsetof k ngerprints that containthe AP and
attemptsto positionthe userat the averageposition of
thoserandomlychosenngerprints.

In the downtown area,eventhoughthe AP densityis
thesameasRavennamediarerroris higherby 5-10me-
ters. Thisis dueto thefactthat APsin thetall buildings
of downtown typically have a largerrangeandthuscan
beheardmuchfurtheraway thanAPsin Ravenna.

Finally, to understantheeffectof thenumberof APs
per scanon the positioningaccurag, we separatedhe
outputof the positioningtracesbasedon the numberof
APsthatwereheardin eachscan. For eachgroup,we
computedthe medianerror. Figure6 shavs the median
errorasa function of the numberof APsthatwereseen
in a scanfor one of the areas. Variantsof algorithms
that performedsimilar to their counterpartsare left out
for clarity. As we cansee the higherthenumberof APs
heardduring a scan,the lower the medianpositioning
error. This graphalsoshows quite starkly the poor per
formanceof rankingin the presencef a singleknown
accesgpoint.

4.3 Effect of AP Turnover

Whenbuilding a metropolitan-scal@ositioningsystem,
an importantquestionto askis how freshthe training
dataneeddo bein orderto producereasonabl@osition-
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Figure 7: Medianerror as a function of AP turnover
(thepercentaye of APsthatare deployedut are notpart
of the training data) for Ravenna. The coverage plot
representghevariation in the percentage of timethat at
leastoneknownAP waswithin rance.

ing estimates.In particular new accesgoints may be
deployed while existing APs are decommissionedWe
canexpressAP turnover asthe percentagef currently
deployedaccespointsthatarenotpresentn thetraining
dataset. To measurehe effect of suchobsoleteraining
data,we generatedvariationsof the threetraining sets
(onefor eacharea)by randomlydroppingaccesgoints
from the original data. This simulateshe effect of hav-

ing performedthe training war drive beforetheseAPs
weredeployed. Note thatdecommissionedPs are,for

themostpart,lessof aproblem.They resultin deadstate
in the training dataand, exceptfor ngerprinting, their
presencén thetrainingdatadoesnot affecttheposition-
ing algorithm.

Figure 7 shavs how AP turnover affectsthe median
positioningerrorfor the Ravennaneighborhood. From
the gure, we canseethatasthe AP turnoverratein-
creaseshecoveraggthatis, thepercentagef timethat
at leastoneknown AP is within rangeof the user)de-
creases.What is importantto note thoughis that for
mostalgorithms,an AP turnover of even30% produces
minimal effect on the positioningaccurag. The posi-
tioning error startsto increasenoticeablyonly after at
leasthalf of the accessointsin the areahave turned
over. The exceptionto this is the ranking algorithm.
Sinceit relieson a fairly coarsemetric for positioning
(relative rank order of AP signal strengths) the fewer
APsavailablefor thisrelative ordering theworseits per
formance.

This datasuggestshattraining datafor anareadoes
not needto be refreshedtoo often. Of course,the re-
freshrate (and exactly whento refresh)would depend

60ther neighborhoodshaved similar behaior and their datais
left out for clarity



Algorithm Downtown | Ravenna| Kirkland
(meters) | (meters)| (meters)
centroid basic 24.4 14.8 37.0
weighted 23.4 14.5 37.0
ngerprint radar 18.5 15.3 30.0
(k=4) rank 20.3 16.7 59.5
particle Iter | signalstrength 18.0 14.4 29.7
responseate 21.3 12.9 28.6

Table2: Medianerrorin metersfor all of our algorithmsacrosshethreeareas.

on the turnover rate of APs in that area. Our exper

iments used variations that randomly droppedaccess
points acrossthe original training data. This is rea-
sonablein denseurbanareasas well asin residential
neighborhoodsvherethere are mary uncorrelatedde-

ploymentsof accesgoints. This is lesstrue of large-

scaledeployments sayacrossasuturbanof ce comple

or auniversitycampusthatspananentireneighborhood
andaretypically upgradedn lock step.

Correlatedurnovercanbeanissueevenin seemingly
uncorrelatecheighborhoodsAs an anecdotakxample,
we looked at the AP turnover in the Ravennaneighbor
hood,whichhappenso belocatedneartheUniversityof
Washington.Someof the blocksthatwe war drove are
hometo the universityfraternity houses. We compared
our Ravennadataset(which wasgatheredafterthe start
of theschoolyear)to anotheratasetof thesameneigh-
borhoodthatwe gathereckarlierduringthemiddleof the
summer At least50%o0f theAPsin thelatersetof traces
did not appeaiin our earliertraces.This wasdueto the
factthatbetweerourtwo experimentsnew studentdiad
arrived for the fall quarterwhile summerstudentdeft
en masse. Hence,when determiningthe scheduleand
frequeng of refreshfor thetrainingdata,it is important
to take into accountsuchsocialfactorsthat canhave a
signi cant effect on the deploymentof accesgoints.

4.4 Effect of noisy GPSdata

Somegeographicregions will have higher GPSerrors
thanothers,dueto urbancaryonsor foliage. This next
experimentwasdesignedo measurénow robustthe al-
gorithmsareto errorsin the measuregpositionsof the
training data, which are normally measuredvia GPS.
Oneway to assesshe effect of poor GPSdatawould be
to single out thoseareaswherethe GPSdatais known
to be poor. However, suchlocationsmay well exhibit
Wi-Fi anomaliedik e multipathin urbancaryonsor RF
blockagen areaf thick foliage[19]. In orderto assess
the overall effect of inaccurateGPSdataon all our test
data,we addedzeromeanGaussiamoiseto the origi-
nally measuredatitude-longitudereadingsn the train-
ing data. To make the resultseasierto understandwe
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Figure8: Medianpositioningerror asa functionof the
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speci ed the standarddeviation of the noisein meters
andcorvertedto degreeslatitude or longitudewith the
following:

m stddevin meters
180rm = latitude stddev

lat =

180 1, )
= — = tude stdd
r coqlatitude) ongitude stadev

lon



r = 6371 10° = mean earth radius (meters)
We usedthesemodi ed training datasetsto generate
new radio mapsandthen computedthe positioninger
ror by runningthe unmodi ed testtracesthroughthese
maps. Figure 8 shaws the effect that GPSnoisehason
positioningaccurayg. For the centroidalgorithms,with
sufcient numberof obsenations,the GPS noisecan-
celsoutwhile creatingthe radiomap. Hencewe seeno
discernibleeffect on the performancef the centroidal-
gorithm. Similarly, the particle Iter techniquesely on
empiricalmodelsbuilt usingthe sameradiomap. Some
erroris introducednto thesemodelsbecauseachof the
readingsthat contribute to the histogramfor the model
hasnoisy positioningdata,andthus can get misclassi-
ed. Howevertheeffectof thisis notsubstantiahsseen
in Figure 8. On the other hand,for the ngerprinting
techniquestheraw (andnoisy) GPSpositionsareused
directly in theradiomap.Hencethesetechniquesufer
the mostin the presencef GPSnoise. Figure9 shavs
thesameexperimentfor the Downtown dataset. Similar
trendsarevisible in this graph,aswell asfor the Kirk-
landdata(notshown).

4.5 Density of mapping data

In the next experiment,we vary the geometricdensity
of mappingpointsin the training dataset. We expect
the accurag will go down with decreasinglensity of
training datapoints. This variationis intendedto nd
the effect of reduceddensityin the training set(which
in turn meanslesscalibration). We measuredraining
densityasthe meandistancefrom eachpoint (latitude-
longitude coordinate)in the training datasetto its ge-
ometrically nearesieighbor In orderto generatehis
variation, we rst split the training le into a grid of
10m 10mcells. We theneliminatedWi-Fi scandrom
the training dataset one by one, creatinga new map-
ping le aftereachelimination.To pick thenext pointto
eliminate we randomlypickedonepointin thecell with
the highestpopulationof points. If two or more cells
tied for the maximumnumberof points, we picked be-
tweenthosetied cells at random.By eliminatingpoints
fromthecellswith thehighestpopulation thisalgorithm
tendedto eliminatepointsaroundhigherdensitiesdriv-
ing the training les toward a more uniform densityof
datapointsfor testing.

Figure 10 shavs the medianpositioning error as a
function of the averagedistanceto the nearesheighbor
in thetrainingdataset. The higherthe averagedistance,
thesparsethedataset! Fromthe gure, we canseethat
until the mappingdensitydropsbelonr 10 meteraverage

"Notethatsomeof thehighestdensitydatapointsin thegrapharise
asaresultof the factthat we sometimeswar drove the samestreets
morethanoncethusgeneratinga densetraining dataset.
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Figure 10: Positioning error as a function of the av-
erage distancebetweenpointsin the training data set
(Ravenna)Notethatthe x-axisis a logarithmicscale

distancebetweenpoints, thereis no appreciableeffect
on medianerror. Beyond that point, however, the posi-
tioning error increasesharply Thereis not muchdis-

tinction in this behaior acrossthe variousalgorithms.
Thissuggestshatatrainingmapgeneratedtascanning
rateof oneWi-Fi scanperseconcandadriving speedf

20-25miles/houf (or fasterspeedsvith repeatedirives
throughthe sameneighborhood)s sufcient to provide

reasonablaccurag.

4.6 An Indoor UsageScenario

All of the abore experimentsusedtraining and posi-
tioning datasetsthat were collectedentirely outdoors.
Since the training data requiresGPS, it must neces-
sarily be collectedoutdoors. In the positioningphase,
PlaceLab canbeusedbothoutdoorsandindoors.How-
ever, it is dif cult to quantifytheaccurag while indoors
sincewe cannotcollectary groundtruth GPSdata. To
demonstrateéhe usability of PlaceLab indoors,we ran
a simple experimentwhere we collectedtwo-minute-
longpositioningtracesn ninedifferentindoorlocations,
alongwith longer outdoortraining tracesaroundthose
locations. For eachlocation, we computedthe aver
age position estimatedby PlacelLab. In addition, we
determinedaveragelatitude-longitudepositionsfor all
ninelocationsby plotting theiraddressemto amapping
tool (MapPoint). Table3 summarizeshe error between
PlacelLab's averageestimateandthe latitude-longitude
positionfrom MapPoint.

Theaverageerrorfrom this simpleexperimentranges
from 9 to 98 meters. Although at the high endthe av-
erageerror is signi cantly higherthanin our previous
experimentsjt comespartially from inaccurateground

810 metershetweerscands equialentto a driving speedf 10
3600 meters/hourthatis, 22.5miles/hour



Location Avg. error
(meters)
Homel 9.0
CSdepartment 9.1
Downtown mall 9.5
Of ce 34.2
Bakery 38.9
Home?2 84.3
Doctor'sof ce 85.2
Café 92.4
Home3 98.7

Table3: Average error with PlacelLab whenusedin in-
door settings.

truth data: we useda single latitude-longitudepoint to
represeneachlocationwhenin facteachbuilding may
be severaltensof metersacross.We stresgthatthis ex-
perimentis not an attemptto draw generalconclusions
abouttheaccuray of PlaceLabwhenusedindoorswith
training datathat was collectedoutdoors. The experi-
mentonly senesto showv that unlike GPS, PlacelLab
worksindoors(andwhenthereis no line of sightto the
sky). Of course,oneshouldremembethatthe limited
calibrationassociatedvith PlaceLab inherentlymeans
thatit cannotbe usedfor preciseindoorlocationappli-
cations.

4.7 Summary of Results

To summarizethe resultsfrom the above experiments,
we noteda few dominanteffectsthatplay arolein posi-
tioning accurag usingthevariouslocationtechniques.

The density of accessoints as well asthe aver-

agerangeof APsin aregion affect the positioning
accurag. In our experimentswe discoveredthat

the Ravennaneighborhoodvith a densecollection
of APsin low-rise buildings provided the bestac-

curag while suburbanneighborhoodsvith sparse
coverageshovedtheleastaccurag.

In dense urban ervironments, even a simple
centroid-basegbositioning algorithm provides the

sameaccurag asmore comple techniques.The

comple techniguesare more valuablein sparser
ernvironmentswith limited calibrationdata.

Even a radio map that is old enoughto have

only 50% of the deployed APs is sufcient with-

out degrading positioningaccurag by more than

a few meters. Our mappingdensity experiments
shaw thattraining datacollectedat the rate of one
scan per secondwith a driving speedof 20-25
miles/houris enoughto build accurateadiomaps.

Noise in GPSdata (which canresultfrom either
poor GPS units or due to urban caryons) affects

ngerprint-basedtechniquesmuch more than the

othertechniquesThus,in ervironmentswvhereit is

hardto collect accurateGPSdatafor training, we

expect the particle- Iter-basedalgorithmsto per

form better

Therank ngerprint algorithmwasusuallyamong
the worst performingalgorithms. Its poor perfor

mancewas largely due to the fact that it throws

away absolutesignalstrengthsHowever, in return,

it alsoshedsits sensitvity to potentialsystematic
differencesn theway differentWi-Fi devicesmea-
suresignalstrength.

5 Discussion

We now discusssomeof the practicalissuesthat must
be addressedvhendeploying sucha systemin the real
world. Our experimentalsetupusedactive scanningto
probefor nearbyaccesgoints.However, APscansome-
times be con gured to not respondto broadcasprobe
paclets. Moreover, they may never sendout broadcast
beacorpacletsannouncingheirpresenceither In such
scenariospassve scanningwherethe Wi-Fi card does
not sendout proberequestsandinsteadsimply sniffs
traf ¢ oneachof the Wi-Fi channelsmaybeused.Pas-
sive scanningrelieson network trafc to discover APs
andhencecandetectevencloaked APsthatdo not nec-
essarilyadwertisetheir network IDs.

All of ourexperimentsvereperformedn outdooren-
vironmentssincewe neededccesso GPSdataevenfor
our positioningtracego allow usto comparePlacelab's
estimatedpositionsto someknown groundtruth. How-
ever, PlaceLab canwork indoorsaswell. Eventhough
we were unableto perform extensve experimentsto
measurePlacelab's accurag whenindoors,our regu-
lar useof PlacelLab in a variety of indoorsituationshas
shawvn thatit canroutinely positionthe userwithin less
than one city block of their true position. As long as
the users device canhearaccesgointsthat have been
mappedout, PlaceLab can estimateits position. This
accurag is notsufcient for indoorlocationapplications
thatrequireroom-level (or greaterlaccurag, butis more
thanenoughfor othercoarsergrainedapplications.For
suchapplicationsPlaceLab canfunctionasa GPSre-
placementhatworksbothindoorsandoutdoors.

We usedWi-Fi cardsbasednthe Orinocochipsetfor
all of our experiments. As pointedout in [10], differ-
ent chipsetscan report different signal strengthvalues
for the sameAP at the samelocation. This is because
eachchipsetinterpretstheraw signalstrengthvaluedif-
ferently. However, thereis a linear correlationfor mea-
suredsignal strengthsacrosschipsets. This was rst
shavn by Haeberleret. al. [10]. We validatedthis claim
for the following chipsets: Orinoco, Prism 2, Aironet,
andAtheros.If we recordthe chipsetinformationwhen



collectingdatasets thenevenif the positioningis done
using a chipsetthatis differentfrom the one usedfor

collectingthe training data,a simplelinear transforma-
tion will be sufcient to mapthe signalstrengthvalues
acrosghem. Of course this is importantonly for those
algorithmsthatactuallyrely on signalstrengthfor posi-
tioning.

Asthe rst systematistudyof metropolitan-scalgVi-
Fi localization,our accurag comparisonsuggestvhat
to pursuein termsof new positioningalgorithms. We
foundthatdifferentalgorithmswork bestwith different
densitiesandrangeof accespoints. Sincebothof these
guantitiescan be measuredeforehandthe bestalgo-
rithm could be automaticallyswitchedin dependingon
the currentsituation. Further the sizeof theradiomap
canbea substantialssuefor smallmobile devices. The
centroidandparticle Iter radiomapsarerelatively com-
pactwhereasngerprinting algorithmsrequiretheentire
training datasetastheir radiomap. If (sayfor privacy
concerns)theusemwisheso storetheradiomapfor their
region on their local device, this may be a factorin de-
terminingthe appropriatelgorithmto use.

Our studiesalsocompareheeffectsof densityof cal-
ibrationdata,noisein calibration,andageof dataonthe
centroid particle lter and ngerprinting algorithms.An
algorithmcombiningthesetechniquess feasible,andit
mayproveto bebothrobustandaccurate Moreover, one
couldincorporateadditionalervironmentaldatasuchas
(for example)constraineds1S mapsof city streetsand
highwaysfor navigationapplicationgo improve the po-
sitioningaccurag. While we leave thesddeasfor future
work, our studygivesa concretebasisfor choosingwvhat
to do next.

6 Conclusion

PlacelLab is an attemptat providing ubiquitousWi-Fi-
basedpositioningin metropolitanareas. In this paper
we compareda numberof Wi-Fi positioningalgorithms
in avariety of scenariosOur resultsshawv thatin dense
urbanareasPlacelab's positioningaccurag is between
13-20meters.In more sukurbanneighborhoodsaccu-
racy candropdown to 40 meters.Moreover, with dense
Wi-Fi coveragethespeci c algorithmusedfor position-
ing is notasimportantasotherfactorsincludingcompo-
sition of the neighborhoodlots of tall buildings versus
low-rises),ageof training data,densityof training data
sets,and noisein the training data. In sparsemeigh-
borhoods,sophisticatedalgorithmsthat can model the
ervironmentmorerichly win out. All of this position-
ing accurag (althoughlower thanthatprovidedby pre-
ciseindoor positioning systems)can be achievzed with
substantiallylesscalibrationeffort: half anhourto map
out anentirecity neighborhoodascomparedo over 10
hoursfor asingleof ce building [10].

Interestedeadersnaydownloadthedatasetsusedor
theseexperimentsandthe PlaceLab sourcecodefrom
http://www.placelab.org/.
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