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Abstract

Locationsystemshavelongbeenidenti�ed asan impor-
tant componentof emerging mobileapplications.Most
research on locationsystemshasfocusedon preciselo-
cationin indoor environments.However, manylocation
applications(for example, location-aware websearch)
becomeinterestingonly whenthe underlying location
systemis available ubiquitouslyand is not limited to
a single of�ce environment. Unfortunately, the instal-
lation and calibration overheadinvolved for most of
theexistingresearch systemsis too prohibitiveto imag-
ine deployingthemacross,say, an entire city. In this
work,weevaluatethefeasibilityof building a wide-area
802.11Wi-Fi-basedpositioningsystem.We compare a
suiteof wireless-radio-basedpositioningalgorithmsto
understandhow they can be adaptedfor such ubiqui-
tousdeploymentwith 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 13–40meters (de-
pendingupon the characteristicsof the environment).
Althoughthis accuracy is lower than existing position-
ing systems,it requiressubstantiallylower calibration
overhead and provideseasydeploymentand coverage
acrosslargemetropolitanareas.

1 Intr oduction
A low-costsystemfor userdevicesto discoverandcom-
municatetheir position in the physicalworld haslong
been identi�ed as a key primitive for emerging mo-
bile applications. To this end, a numberof research
projectsandcommercialsystemshave exploredmech-
anismsbasedonultrasonic,infraredandradiotransmis-
sions[24, 29, 2, 5]. Despitetheseefforts, building and
deploying location-awareapplicationsthatareusableby
a wide variety of peoplein everydaysituationsis ar-
guablynoeasiernow thanit wastenyearsago.

Mostcurrentlocationsystemsdonotworkwherepeo-
ple spendmuchof their time; coveragein thesesystems
is eitherconstrainedto outdoorenvironmentsor limited
to aparticularbuilding or campuswith installedlocation
infrastructure.For example,themostcommonlocation

system,GPS(GlobalPositioningSystem)worksworld-
wide, but it requiresa clear view of its orbiting satel-
lites. It doesnotwork indoorsandworkspoorly in many
cities wherethe so called “urban canyons” formed by
buildings prevent GPSunits from seeingenoughsatel-
lites to get a position lock. Ironically, that is exactly
wheremany peoplespendthemajorityof their time.

Similarly, many of theresearchlocationsystemssuch
asRADAR [2], Cricket [24], and[10] only work in lim-
ited indoorenvironmentsandrequireconsiderableeffort
to deploy on a signi�cantly largerscale.In indoorenvi-
ronments,thesesystemscanprovide accurateestimates
of users'positions(within 2–4 meters). This accuracy
comesat the costof many hoursof installationand/or
calibration(e.g.,over 10 hoursfor a 12,000m2 build-
ing [10]) and consequentlyhasresultedin limited de-
ployment. Arguably, for a largeclassof location-aware
applications(for example, location-aware instantmes-
sagingor location-basedsearch),ubiquitousavailabil-
ity of locationinformationis crucial. Theprimarychal-
lengein expandingthedeploymentof theabovesystems
across,say, anentirecity is the installationandcalibra-
tion cost.

In this paper, we explore the questionof how accu-
ratelya user's device canestimateits locationusingex-
istinghardwareandinfrastructureandwith minimalcal-
ibration overhead. This work is in the context of the
PlaceLab researchproject[18] wherewe proposea po-
sitioninginfrastructuredesignedwith two goalsin mind:
(1) maximizingcoverageacrossentiremetropolitanar-
eas, and (2) providing a low barrier to entry by uti-
lizing pre-deployed hardware. Unlike GPS,PlaceLab
worksboth indoorsandoutdoors.It relieson commod-
ity hardware suchas 802.11accesspoints and 802.11
radiosbuilt into users'devicesto provideclient-sidepo-
sitioning. Like someof the above systems,PlaceLab
worksby having a client device listenfor radiobeacons
in its environmentandusesapre-computedmapof radio
sourcesin theenvironmentto localizeitself.

An importanttradeoff while deploying sucha wide-
area location systemis the accuracy of the position-
ing infrastructureversusthecalibrationeffort involved.
PlaceLab makes an explicit choice to minimize the



calibrationoverheadwhile maximizingcoverageof the
positioningsystem. We rely on user-contributed data
collected by war driving, the processof using soft-
ware[14, 20] on Wi-Fi andGPSequippedmobilecom-
putersanddriving or walking througha neighborhood
collectingtracesof Wi-Fi beaconsin order to mapout
thelocationsof Wi-Fi accesspoints.A typicalwardrive
arounda single city neighborhoodtakes less than an
hour. Contrastthis with the typical calibrationtime for
a singlein-building positioningsystemthat canrequire
many hoursof carefulmapping.Moreover, war driving
is alreadyawell-establishedphenomenonwith websites
suchaswigle.netgatheringwar drivesof over 1.4 mil-
lion accesspointsacrosstheentireUnitedStates.

Certainly, with limited calibration,PlaceLab will es-
timate a user's location with lower accuracy. While
this precludesusingPlaceLab with someapplications,
thereis alargeclassof applicationsthatcanutilize high-
coverage,coarse-grainedlocationestimates.For exam-
ple, resource�nding applications(suchas �nding the
nearestcopy shopor Chineserestaurant)andsocialren-
dezvous applicationshave accuracy requirementsthat
canbe metby PlaceLab evenusinglimited calibration
data.1 PlaceLab makesthe tradeoff of providing local-
ization on the scaleof a city block (ratherthana cou-
ple of meters),but managesto cover entirecities with
signi�cantly lesseffort than traditional indoor location
systems.

Moving Wi-Fi locationout of controlledindoorenvi-
ronmentsinto this largermetropolitan-scaledeployment
is notassimpleasjust makingthealgorithmswork out-
side and inside. The calibrationdifferencesdemanda
careful examinationof the performanceof positioning
techniquesin this new environment. In this paper, we
evaluatetheestimationaccuracy of a numberof differ-
entalgorithms(many of whichwereoriginally proposed
in the context of preciseindoor location) [2, 15, 13]
in this wider context with substantiallylesscalibration
data. Our contribution is two-fold: First, we demon-
stratethat it is indeedfeasibleto performmetropolitan-
scalelocation with reasonableaccuracy using 802.11-
basedpositioning.Ourexperimentsshow thatPlaceLab
canachieve accuracy in therangeof 13–40meters.Al-
thoughthis is nowherenear the accuracy of somein-
doorpositioningsystems,it is suf�cient for many appli-
cations[3, 28, 7, 30]. Second,we comparea numberof
locationalgorithmsandreporton their performancein
a varietyof settings,for example,how theperformance
changesasthewar-driving dataages,whenthecalibra-
tion datais noisy, or astheamountof calibrationdatais

1Dodgeball.com,for example,hostsacellphone-basedsocialmeet-
up applicationwith thousandsof daily usersand relies on zipcodes
to representusers' locations. It is well within PlaceLab's ability to
accuratelyestimatezip code.

reduced.
Therestof thepaperis organizedasfollows. In Sec-

tion 2, we discussrelevantrelatedwork. Section3 gives
anoverview of our researchmethodology. In Section4,
we presentour experimentalresults.Finally, we discuss
theimplicationsof our resultsin Section5 andconclude
in Section6.

2 RelatedWork
Locationsensingfor ubiquitouscomputinghasbeenan
activeareaof researchsincethePARCTAB [27] of 1993.
Sincethen, many location technologieshave beenex-
plored, mostof themsummarizedin [11]. This paper
is focusedon usingWi-Fi asa locationsignal,an idea
�rst publishedby Bahl andPadmanabhanin 2000and
calledRADAR [2]. RADAR usedWi-Fi “�ngerprints”
previously collectedat known locationsinsidea build-
ing to identify the locationof a user's device down to
a medianerror of 2.94 meters. Sincethen, therehave
beenmany otherefforts aimedat usingWi-Fi for loca-
tion. While nearlyall Wi-Fi locationwork hasbeenfor
insidevenues,a few are intendedto work outdoorsas
well. UCSD's Active Campusproject[8] usesWi-Fi to
locatedevicesinsideandoutsidebasedon a simplistic
algorithmthatreliesonknown positionsof accesspoints
on a university campus. Recently, the Active Campus
project hasredesignedits systemto usePlaceLab in-
steadof their originalpositioningsystem.

The main differencebetweenPlaceLab and previ-
ousWi-Fi locationwork is thatpreviouswork hastaken
advantageof limited-extentvenueswhereeithertheac-
cesspoint locationswereknown (e.g.,ActiveCampus)
or whereextensive radio surveying wasdeemedpracti-
cal (e.g.,RADAR). PlaceLab insteaddependson war
driving collectedby a varietyof usersasthey movenat-
urally throughouta region. This meansthat the Wi-Fi
radio surveys rarely containenoughdatafrom any one
locationto computemeaningfulstatistics,thuseliminat-
ing thepossibilityof sophisticatedprobabilisticmethods
suchasusedin [10, 12, 16, 17].

As mentioned above, Place Lab is intended for
metropolitan-scaledeployment. Otherlarge-scaleloca-
tion systemsinclude satellite-basedGPS and its vari-
ants,the RussianGLONASS and the upcomingEuro-
peanGALILEO systems.PlaceLab differs from these
in thatit canwork whereverWi-Fi coverageis available,
both indoorsandoutdoors,whereassatellite-basedsys-
temsonly work outdoorsandeventhenonly whenthey
haveaclearline of sightto thesky.

In the U.S., future requirementsfor cell phonesde-
mandthatthey beableto measuretheir own locationto
within 50–100meters[4]. Otheroutdoortechnologies
includeRosum'sTV-GPS[25], which is basedonexist-
ing standardsfor digital TV synchronizationsignalsand



givesmeanpositioningerrorsrangingfrom 3.2 to 23.3
metersin tests. The useof commercialFM radio sig-
nal strengthsfor location was explored in [15], which
showedaccuraciesdown to thesuburb level.

Asmoreresearcheffort isdevotedto Wi-Fi location,it
becomesincreasinglyimportantto comparealgorithms
fairly on commondatasetstaken underknown condi-
tions. The only previous effort in this regardof which
we are aware is [26], which comparedthreedifferent
Wi-Fi locationalgorithmsin a single-�oor of�ce build-
ing. They compareda �ngerprinting methodsimilar to
RADAR againsttwo methodsbasedonestimatedsignal
strengthprobabilitydistributions:histogramsandGaus-
siankernels.Thehistogrammethodperformedslightly
betterthantheothertwo. Thepapermadelimited tests
with varying the numberof accesspoints. Our paper
undertakesmoreextensive testingusingdatafrom three
differentvenuesandtestsagainstwidevariationsin den-
sity of known accesspoints,densityof the input map-
pingdatasets,andnoisein calibrationdata.

3 Methodology
All of our Wi-Fi-basedpositioningalgorithmsdepend
on an initial training phase.This involveswar driving
aroundaneighborhoodwith aWi-Fi-enabledlaptopand
an attachedGPSdevice. The Wi-Fi card periodically
“scans” its environmentto discover wirelessnetworks
while theGPSdevice recordsthe latitude-longitudeco-
ordinatesof thewardriverwhenthescanwasperformed.
We usedactive scanningwherethe laptopperiodically
broadcastsan 802.11probe requestframe and listens
for proberesponsesfrom nearbyaccesspoints.2 Thus,
a training dataset is composedof a sequenceof mea-
surements: eachmeasurementcontainsa GPScoordi-
nateanda Wi-Fi scancomposedof a sequenceof read-
ings, oneper accesspoint heardduring the scan. Each
readingrecordstheMAC addressof theaccesspointand
thesignalstrengthwith which it washeard.

Oncethetrainingphaseis completed,thetrainingdata
is processedto build a“radio map”of theneighborhood.
The natureof this map dependson the positioningal-
gorithmused.With a pre-computedradiomap,a user's
devicecansimply performa Wi-Fi scanandpositionit-
self by comparingthesetof accesspointsheardagainst
theradiomap.We termthis thepositioningphase.

Onequestionworth askingis “if GPSis insuf�cient
asa positioningsystemin urbanenvironments,how do
we justify its usein constructingthetrainingdatasets.”
This is because,unlikeGPSwhich requiresline of sight
to thesky, 802.11radiobeaconscanbeheardindoorsas
well asoutdoors.Although our calibrationdatais col-

2Insteadof active scanning,onecouldusepassive scanningby lis-
teningon eachWi-Fi channelfor beaconframesfrom the nearbyac-
cesspoints.
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Figure1: (a) Measuredsignalstrength(scatterplotand
medianvaluesfor 10meterbuckets)asa functionof dis-
tancebetweenthe accesspoint and a receiver. Signal
strengthwith dBmvaluescloserto zero meansa stronger
signal.

lectedusingGPSentirely outdoors,we canstill useit
to position the userwhenhe or sheis indoors. More-
over, our useof a GPSdevice during thetrainingphase
doesnot imply thatall usersneedto haveaGPSdevice.
For a given neighborhood,the training phaseneedsto
bedoneonly onceby oneuser(until theAP deployment
in thatneighborhoodchanges).Oncea neighborhoodis
mapped,all userscandeterminetheir positionwithout
needingany GPSdevice.

3.1 Metrics for Positioning

Many previous radio-basedpositioning systemshave
usedthe observed signalstrengthasa indicatorof dis-
tancefrom a radio source.In practice,this works only
aswell astheradiobeacon'ssignalstrengthdecayspre-
dictably with distanceand is not overly-attenuatedby
factorssuchas the numberof walls crossed,the com-
positionof thosewalls, andmulti-patheffects. For in-
stance,buildings with brick walls attenuateradio sig-
nalsby a differentamountthanbuildingsmadeof wood
or glass. In addition to �x ed obstructionsin the envi-
ronment,people,vehiclesandothermoving objectscan
causetheattenuationto vary in a givenplaceover time.

To characterizehow observed802.11signalstrengths
variedwith distance,we collected500readingsat vary-
ing distancesfrom aaccesspointswith well known loca-
tions in anurbanarea.Figure1 illustratesthevariation
in signalstrengthfor asingleaccesspoint in a busycof-
feeshop3 asa function of thedistancebetweentheAP
andthe receiver. This graphplots the individual read-
ingsaswell asshowing how themediansignalstrength
changeswith distance.

3Weobservedsimilarbehavior from theotheraccesspointsandwe
show oneAP'sdatafor thesakeof clarity.
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Figure2: Responseratefor a singleAP asa functionof
distancefrom that AP. Responserate is de�ned as fol-
lows: thepercentageof timesthata givenAPwasheard
in all of theWi-Fi scansat a speci�c distancefromthat
AP. In theabovegraphweplot a histogramof response
rateafter groupingall distancesinto 5 meterbuckets.

Thepointsfor theindividual readingsshow consider-
ablespreadfor a given distance,andmediumto weak
readings(-70 to -90 dBm) occur at all distances.The
curve showing themediansignalstrengthdoesindicate
however thatthereis a trendtowardsseeingweakersig-
nalsasdistancefrom anaccesspoint grows. This indi-
catesthat while careneedsto be taken, signalstrength
canbeusedasaweakindicatorof distanceandcanthus
beusedto improve locationestimationover simpleob-
servation.

In additionto signalstrength,weexploreanew metric
for estimatinga user's position.We de�ne theresponse
rate metric as follows: from the training dataset, we
collectall Wi-Fi scansthatareat thesamedistancefrom
an accesspoint; we thencomputethe fractionof times
that this AP is heardin that collectionof Wi-Fi scans.
For scanscloseto the AP, we expect the responserate
to be high while for scansfurther away, with signalat-
tenuationand interference,the AP is less likely to be
heardandsotheresponseratewill below. Wemeasured
theresponserateasa functionof distance,andascanbe
seenin Figure2, thereis astrongcorrelationbetweenthe
responserateandthedistancefrom theAP. Our results
mayseemcontradictoryto theresultsfrom Roofnet[1],
which shows packet lossratehaslow correlationto dis-
tance.Roofnetmeasuredtheraw lossrateof 1500byte
broadcastpackets acrossdistantnodes(over 100 me-
ters).Ontheotherhand,wemeasureproberesponserate
of APswithin 100meters.Theproberesponsepacket is
about100 bytesanduseslink-level unicastretransmis-
sions. With shorterdistance,smallersizedpacketsand
link-level retransmissions,we noticeda strongercorre-
lationbetweenresponserateanddistance.

Theseobservationstendto reduceour con�dencein
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Figure3: Variation in signal strengthover a onehour
periodfor threedistinctaccesspointsmeasuredat a sin-
gle location.

algorithmsthat dependon signalstrengthvarying pre-
dictably as a function of distanceto the accesspoint.
Responserate appearsto vary much more predictably
vs. distance. However, even thoughthe effect of dis-
tanceis largelyunpredictable,Figure3 indicatesthatfor
a given location, signal strengthsare relatively stable.
Thusdifferent locationsmay still be reliably identi�ed
by their signalstrengthsignature.We testthesebeliefs
experimentallyin theremainderof this paper.

3.2 Positioning Algorithms

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

3.2.1 Centroid

This is the simplestpositioningalgorithm. During the
trainingphase,we combineall of thereadingsfor a sin-
gle accesspoint andestimatea geographiclocationfor
the accesspoint by computingthe arithmeticmean4 of
the positionsreportedin all of the readings.Thus, the
radio mapfor this algorithmhasonerecordper access
pointcontainingtheestimatedpositionof thatAP.

Using this map, the centroidalgorithmpositionsthe
userat thecenterof all of theAPs heardduring a scan
by computingan averageof the estimatedpositionsof
eachof the heardAPs. In additionto the simplearith-
meticmean,we alsoexperimentedwith a weightedver-
sion of this mechanism,wherethepositionof eachAP
wasweightedby thereceivedsignalstrengthduringthe
scan.

4We do not in fact computethe centroid,but we still namethis
methodassuchinsteadof usingtheterm“mean”soasto disambiguate
theheuristicfrom otherusesof arithmeticmeanduringthediscussion
of ourexperimentalresults.



3.2.2 Fingerprinting
This algorithmis basedon anindoorpositioningmech-
anismproposedin RADAR [2]. Thehypothesisbehind
RADAR is asfollows: at a givenpoint,a usermayhear
differentaccesspointswith certainsignalstrengths;this
set of APs and their associatedsignal strengthsrepre-
sentsa �ng erprint thatis uniqueto thatposition.As can
be inferredfrom Figure3, radio �ngerprints arepoten-
tially a goodindicatorof a user's position. We usedthe
samebasic�ngerprinting technique,but with the much
coarser-grainedwar driving comparedto the in-of�ce
densedatasetcollectedfor RADAR. Thus, for �nger-
printing,theradiomapis theraw war-driving dataitself,
with eachpoint in themapbeingalatitude-longitudeco-
ordinateanda �ngerprint containingascanof Wi-Fi ac-
cesspointsandthesignalstrengthwith whichthey were
heard.

In the positioningphase,a user's Wi-Fi device per-
formsa scanof its environment.We comparethis scan
with all of the �ngerprints in the radio mapto �nd the
�ngerprint that is the closestmatchto the positioning
scanin termsof APs seenandtheir correspondingsig-
nalstrengths.Themetricthatweusefor comparingvari-
ous�ngerprints is k-nearest-neighbor(s)in signalspace
asdescribedin theoriginal RADAR work. Supposethe
positioningscandiscoveredthreeAPsA, B , andC with
signalstrengths(SSA ; SSB ; SSC ). We determinethe
setof recorded�ngerprints in the radio map that have
the sameset of APs and computethe distancein sig-
nal spacebetweentheobservedsignalstrengthsandthe
recordedonesin the�ngerprints. Thus,for eachmatch-
ing �ngerprint with signalstrengths(SS0

A ; SS0
B ; SS0

C ),
we computetheEuclideandistance:
q

(SSA � SS0
A )2 + (SSB � SS0

B )2 + (SSC � SS0
C )2

To determinethe user's position,we pick the k �nger-
prints with the smallestdistanceto the observed scan
andcomputetheaverageof the latitude-longitudecoor-
dinatesassociatedwith thosek �ngerprints. Basedon
preliminary experimentswith varying valuesof k, we
discoveredthatk = 4 providesgoodaccuracy.

To accountfor APsthatmayhavebeendeployedafter
the radiomapwasgeneratedandfor lost beaconsfrom
accesspoints,we apply the following heuristics.First,
duringthepositioningphase,if wediscoverany AP that
never appearsin theradiomap,we ignorethatAP. Sec-
ond,whenmatching�ngerprints to anobservedscan,if
we cannot�nd �ngerprints with thesamesetof APsas
heardin thescan,we expandthesearchto look for �n-
gerprintsthathavesupersetsor subsetsof theAPsin the
observedscan.We match�ngerprints thathave at most
p differentAPsbetweenthe�ngerprint in theradiomap
andtheobservedscan.Theseheuristicshelpimprovethe

matchingratefor �ngerprints signi�cantly from 70%to
99%. Acrossall of our datasets,we found thatp = 2
providesthebestmatchingratewithout reducingoverall
accuracy.

Fingerprinting is basedon the assumptionthat the
Wi-Fi devices usedfor training and positioning mea-
sure signal strengthsin the sameway. If that is not
the case (due to differencescausedby manufactur-
ing variations, antennas,orientation, etc.), one can-
not directly compare the signal strengths. To ac-
count for this, we implementeda variation of �n-
gerprinting called ranking inspired by an algorithm
proposed for the RightSpot system [15]. Instead
of comparing absolutesignal strengths,this method
compares lists of access points sorted by signal
strength. For example, if the positioning scan dis-
covered(SSA ; SSB ; SSC ) = (� 20; � 90; � 40), then
we replacethis set of signal strengthsby their rela-
tive ranking, that is, (RA ; RB ; RC ) = (1; 3; 2). Like-
wise, if (SS0

A ; SS0
B ; SS0

C ) = (� 30; � 15; � 45), then
(R0

A ; R0
B ; R0

C ) = (2; 1; 3). We comparethe relative
rankingsusingtheSpearmanrank-ordercorrelationco-
ef�cient [23]:

rS =
P

i (Ri � R)(R0
i � R0)

r
P

i (Ri � R)2
q P

i (R
0
i � R0)2

whereR andR0 arethemeansof therankvectors.The
Spearmancoef�cient rangesfrom [� 1; 1], with higher
valuesindicatingmoresimilar rankings.Usingtherela-
tive orderof signalstrengthsin this way meansthat �n-
gerprintswill still matchwell in spiteof differencesin
scale,offset, or any monotonicallyincreasingfunction
of signalstrengthseparatingthe Wi-Fi devices. To use
ranking,thevalueof r S is substitutedfor theEuclidean
distancein the �ngerprint algorithm,andr S is negated
to makemoresimilar ranksgiveasmallernumber.

3.2.3 Particle Filters
Particle �lters have been used in the past, primarily
in robotics, to past fuse a streamof sensordata into
location estimates[9, 21, 13]. A particle �lter is a
probabilisticapproximationalgorithm that implements
a Bayes�lter [6]. It representsthe locationestimateof
a userat time t usinga collectionof weightedparticles
pi

t ; wi
t ; (i = 1:::n). Eachpi

t is adistincthypothesisabout
theuser'scurrentposition.Eachparticlehasaweightwi

t
thatrepresentsthelikelihoodthatthishypothesisis true,
that is, theprobability that theuser's device would hear
theobservedscanif it wereindeedat thepositionof the
particle. A detaileddescriptionof the particle�lter al-
gorithmcanbefoundin [13].

Particle-�lter basedlocation techniquesrequire two
input models:a sensormodelanda motionmodel. The



Neighborhood AP density # APs/
(APs/km2) scan

Downtown Seattle 1030 2.66
Ravenna 1000 2.56
Kirkland 130 1.41

Table 1: AP densityin the three areasmeasured per
squarekilometerandperWi-Fi scan.The# APs/scanin-
cludesonly thoseWi-Fi scansthat detectedat leastone
accesspoint.

sensormodelis responsiblefor computinghow likely an
individual particle's positionis, giventheobservedsen-
sordata.For PlaceLab,thesensormodelestimateshow
likely it is thata givensetof APswould beobservedat
a givenlocation.Themotionmodel's job is to move the
particles' locationsin a mannerthat approximatesthe
motionof theuser.

For ourexperiments,webuilt two sensormodels:one
basedon signalstrength,while the other basedon the
responserate metric de�ned earlier. During the train-
ing phase,for eachaccesspoint, we build an empiri-
cal modelof how the signalstrengthandresponserate
vary by distance. Ratherthan �t the mappingdatato
a parametricfunction, PlaceLab maintainsa small ta-
ble with an entry for each5 meter incrementin dis-
tancefrom the estimatedAP location. Responserates
arerecordedasa percentage,while the signalstrength
distributionis recordedasafractionof observationswith
low, mediumandhighstrengthfor eachdistancebucket.
The low/medium/highcut-offs are determinedempiri-
cally to split the training data for eachAP uniformly
into thethreecategories.As anexample,PlaceLab will
computeandrecordthatfor anAP x, its responserateat
60 metersis (say)55%. We alsorecordthat at 60 me-
ters, that AP will be seenwith mediumsignalstrength
much more often than low or high. Given a new Wi-
Fi scan,thesensormodeldeterminesa particle's likeli-
hoodas follows: for eachAP in the scan,we look up
the responserateor the probability of seeingthe mea-
suredsignalstrengthbasedon thedistancebetweenthe
particleandtheestimatedAP locationin theradiomap.

PlaceLabusesasimplemotionmodelthatmovespar-
ticlesrandomdistancesin randomdirections.Ourfuture
work includesincorporationof moresophisticatedmo-
tion models(suchasthoseby Pattersonet al. [22]) that
modeldirection,velocity andeven modeof transporta-
tion.

3.3 Data Collection
We collectedtracesof war-driving datain threeneigh-
borhoodsin theSeattlemetropolitanarea5:

� Downtown Seattle:a mix of commercialandresi-
dentialurbanhigh-rises

� Seattle's Ravenna neighborhood: a medium-
densityresidentialneighborhood

� Kirkland, Washington:a sparsesuburb of single-
family homes

For eachneighborhood,we collectedtracesin two
phases.First we constructedtrainingdatasetsby driv-
ing aroundeachneighborhoodfor thirty minuteswith a
Wi-Fi laptopanda GPSunit. Our datacollectionsoft-
wareperformedWi-Fi scansfour timesper secondus-
ing an Orinoco-based802.11bWi-Fi card. GPSread-
ingswereloggedapproximatelyoncepersecond.To as-
sign latitude-longitudecoordinatesto eachWi-Fi scan,
we usedlinear interpolationbetweenconsecutive GPS
readingsbasedon the timestampsassociatedwith the
Wi-Fi scansandthetwo GPSreadings.

In thesecondphase,wecollectedanothersetof traces
for eachneighborhood. Thesetracesare usedas test
datato estimatethepositioningaccuracy of thevarious
PlaceLabalgorithms.In thisphase,PlaceLabusedonly
the Wi-Fi scanscollectedin the trace,while the GPS
readingswereusedas“groundtruth” to computetheac-
curacy of the user's 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 accuracy of 5–7 meters,bound-
ing the accuracy of our measurementsto this level of
granularity.

EventhoughPlaceLabcanbeusedbothoutdoorsand
indoors,mostof ourevaluationbelow is basedon traces
thatwerecollectedentirelyoutdoors.This limitation is
dueto thefactthatweuseGPSasgroundtruthandhence
canevaluatePlaceLab'sperformanceonly whenGPSis
available. In Section4.6,we will presentresultsfrom a
simpleexperimentwhereweusedPlaceLab indoors.

4 Evaluation
In this section,we presentour resultsfrom a suite of
experimentsconductedusing the above datasets. Our
resultsdemonstratetheeffectof varyinganumberof pa-
rametersontheaccuracy of positioningusingPlaceLab.

5Although the Seattlemetropolitanareais a tech-friendlyenvi-
ronmentandconsequentlyhasa higherproliferationof Wi-Fi access
pointsthanmany otherpartsof thecountry(or theworld), we believe
that it representsthe leadingedgeof anupward growth trend. So al-
thoughresultsfrom theseareasmay not necessarilyapply today to
othercities with lower Wi-Fi coverage,we expectothermetroareas
will eventuallymatchSeattle's currentcoveragedensity.
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Figure4: Densityof accesspoints(andsatellitephotosprovidedthroughMicrosoft's Terraserver)for theneighbor-
hoodsin which weranour experiments.

4.1 Analysisof trace data

Figure4 shows thedistribution of thenumberof access
points in rangeper scanfor eachof the threeareaswe
measured.Table1 showsthedensityof APsin thethree
areas. As expected,we noticedthe highestdensityof
APs in the downtown urbansettingwith an averageof
2.66APs perscanandno scanswithout APs. Also not
surprisingly, the suburbantracessaw zeroAPs (that is,
no coverage)more than half the time and rarely saw
more than one. Interestingly, the residentialRavenna
datahad almostthe samenumberof APs per km2 as
downtown. With the exception of the approximately
10%of scanswith nocoverage,theAP densitydistribu-
tion for Ravennafairly closelymatchedthe downtown
distribution.

We also plotted the medianand maximumrangeof
eachAP basedon estimatedpositionsof the AP from
theradiomap.Figure5 showsa cumulativedistribution
function(CDF) of themedianandmaximumrangesfor
eachof the threeareas. In the relatively sparseKirk-
land area,we noticethat APs canbe heardat a longer
rangethan in Ravenna. We believe that this is due to
the fact thatRavennahasa muchdenserdistribution of
accesspoints and thus experienceshigher interference
(and consequentlyshorterrange)as the data-gathering
stationgetsfurtherawayfrom theAP. Ontheotherhand,
in downtown, which hasaboutthe sameAP densityas
Ravenna, the maximum AP rangeis higher. This is
dueto the large numberof tall buildings in downtown;
APsthatarelocatedon higher�oors oftenhave a much
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Figure5: CDF showingthemedianandmaximumrange
of APsin meters.

longerrange.

4.2 Relativeperformance
We now comparethe relative performanceof our posi-
tioningalgorithmsacrossthethreeareas.To evaluatethe
accuracy of PlaceLab'spositioning,wecomparethepo-
sition reportedby PlaceLab to thatreportedby theGPS
deviceduringthecollectionof thepositioningtrace.Ta-
ble 2 summarizesthe results. Ravenna,with its high
densityof short-rangeaccesspoints,performsthe best
andcanestimatethe user's positionwith a medianer-
ror of 13–17meters.Surprisingly, for Ravenna,thereis
little variationacrossthedifferentalgorithms.Eventhe
simplecentroidalgorithmsperformrelatively well.

On theotherhand,in Kirkland, with muchlower AP
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Figure6: Medianerror asa functionof numberof APs
heard in a scan(Kirkland).

density, we notice that the medianpositioningerror is
2–3timesworse.But, aswe move from thecentroidal-
gorithmto theparticle-�lter-basedtechniques,wenotice
a substantialimprovementin accuracy (25% decrease
in medianerror). In this case,the smarteralgorithms
werebetterableto �lter throughthesparsedataandes-
timatetheuser's position. However, onealgorithmthat
performedquite poorly in Kirkland is ranking. This is
becauseof thesigni�cant numberof timesthata Wi-Fi
scanproduceda singleAP. With just oneAP, therecan
be no relative ranking, and hencethe algorithm picks
a randomsetof k �ngerprints that containthe AP and
attemptsto position the userat the averagepositionof
thoserandomlychosen�ngerprints.

In thedowntown area,eventhoughtheAP densityis
thesameasRavenna,medianerrorishigherby5–10me-
ters.This is dueto thefactthatAPsin thetall buildings
of downtown typically have a largerrangeandthuscan
beheardmuchfurtheraway thanAPsin Ravenna.

Finally, tounderstandtheeffectof thenumbersof APs
per scanon the positioningaccuracy, we separatedthe
outputof thepositioningtracesbasedon thenumberof
APs that wereheardin eachscan. For eachgroup,we
computedthemedianerror. Figure6 shows themedian
errorasa functionof thenumberof APsthatwereseen
in a scanfor one of the areas. Variantsof algorithms
that performedsimilar to their counterpartsare left out
for clarity. As wecansee,thehigherthenumberof APs
heardduring a scan,the lower the medianpositioning
error. This graphalsoshows quitestarkly thepoorper-
formanceof rankingin the presenceof a singleknown
accesspoint.

4.3 Effect of AP Turnover
Whenbuilding a metropolitan-scalepositioningsystem,
an importantquestionto ask is how fresh the training
dataneedsto bein orderto producereasonableposition-
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Figure 7: Median error as a function of AP turnover
(thepercentageof APsthataredeployedbut arenotpart
of the training data) for Ravenna. Thecoverage plot
representsthevariation in thepercentageof timethatat
leastoneknownAPwaswithin range.

ing estimates.In particular, new accesspointsmay be
deployed while existing APs aredecommissioned.We
canexpressAP turnover asthe percentageof currently
deployedaccesspointsthatarenotpresentin thetraining
dataset.To measuretheeffect of suchobsoletetraining
data,we generatedvariationsof the threetraining sets
(onefor eacharea)by randomlydroppingaccesspoints
from theoriginal data.This simulatestheeffect of hav-
ing performedthe training war drive beforetheseAPs
weredeployed. NotethatdecommissionedAPsare,for
themostpart,lessof aproblem.They resultin deadstate
in the training dataand,exceptfor �ngerprinting, their
presencein thetrainingdatadoesnotaffecttheposition-
ing algorithm.

Figure7 shows how AP turnover affectsthe median
positioningerror for theRavennaneighborhood.6 From
the �gure, we canseethat asthe AP turnover rate in-
creases,thecoverage(thatis, thepercentageof timethat
at leastoneknown AP is within rangeof the user)de-
creases.What is important to note thoughis that for
mostalgorithms,anAP turnoverof even30% produces
minimal effect on the positioningaccuracy. The posi-
tioning error startsto increasenoticeablyonly after at
leasthalf of the accesspoints in the areahave turned
over. The exception to this is the ranking algorithm.
Sinceit relieson a fairly coarsemetric for positioning
(relative rank order of AP signal strengths),the fewer
APsavailablefor thisrelativeordering,theworseits per-
formance.

This datasuggeststhat trainingdatafor anareadoes
not needto be refreshedtoo often. Of course,the re-
freshrate (andexactly whento refresh)would depend

6Other neighborhoodsshowed similar behavior and their data is
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�lter signalstrength 18.0 14.4 29.7
responserate 21.3 12.9 28.6

Table2: Medianerrorin metersfor all of our algorithmsacrossthethreeareas.

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 as in residential
neighborhoodswherethereare many uncorrelatedde-
ploymentsof accesspoints. This is lesstrue of large-
scaledeployments,sayacrossasuburbanof�ce complex
or auniversitycampus,thatspananentireneighborhood
andaretypically upgradedin lock step.

Correlatedturnovercanbeanissueevenin seemingly
uncorrelatedneighborhoods.As an anecdotalexample,
we lookedat theAP turnover in theRavennaneighbor-
hood,whichhappensto belocatedneartheUniversityof
Washington.Someof theblocksthatwe war drove are
hometo theuniversityfraternityhouses. We compared
our Ravennadataset(which wasgatheredafterthestart
of theschoolyear)to anotherdatasetof thesameneigh-
borhoodthatwegatheredearlierduringthemiddleof the
summer. At least50%of theAPsin thelatersetof traces
did not appearin our earliertraces.This wasdueto the
factthatbetweenourtwo experiments,new studentshad
arrived for the fall quarterwhile summerstudentsleft
en masse.Hence,whendeterminingthe scheduleand
frequency of refreshfor thetrainingdata,it is important
to take into accountsuchsocial factorsthat canhave a
signi�cant effecton thedeploymentof accesspoints.

4.4 Effect of noisy GPSdata

Somegeographicregions will have higher GPSerrors
thanothers,dueto urbancanyonsor foliage. This next
experimentwasdesignedto measurehow robust theal-
gorithmsareto errorsin the measuredpositionsof the
training data, which are normally measuredvia GPS.
Oneway to assesstheeffectof poorGPSdatawould be
to singleout thoseareaswherethe GPSdatais known
to be poor. However, suchlocationsmay well exhibit
Wi-Fi anomalieslike multipathin urbancanyonsor RF
blockagein areasof thick foliage[19]. In orderto assess
theoverall effect of inaccurateGPSdataon all our test
data,we addedzeromeanGaussiannoiseto the origi-
nally measuredlatitude-longitudereadingsin the train-
ing data. To make the resultseasierto understand,we
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Figure8: Medianpositioningerror asa functionof the
standard deviationof GPSnoise(Ravenna).
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Figure9: Medianpositioningerror asa functionof the
standard deviationof GPSnoise(Downtown).

speci�ed the standarddeviation of the noisein meters
andconvertedto degreeslatitudeor longitudewith the
following:

� m = stddev in meters

� lat =
180� m

� r
= latitude stddev

� lon =
180� m

� r cos(latitude )
= longitude stddev



r = 6371� 103 = mean earth radius (meters)

We usedthesemodi�ed training datasetsto generate
new radio mapsandthencomputedthe positioninger-
ror by runningtheunmodi�ed testtracesthroughthese
maps.Figure8 shows theeffect thatGPSnoisehason
positioningaccuracy. For thecentroidalgorithms,with
suf�cient numberof observations,the GPSnoisecan-
celsout while creatingtheradiomap.Hencewe seeno
discernibleeffect on theperformanceof thecentroidal-
gorithm. Similarly, theparticle�lter techniquesrely on
empiricalmodelsbuilt usingthesameradiomap.Some
erroris introducedinto thesemodelsbecauseeachof the
readingsthat contribute to the histogramfor the model
hasnoisy positioningdata,andthuscanget misclassi-
�ed. However theeffectof this is notsubstantialasseen
in Figure 8. On the other hand,for the �ngerprinting
techniques,the raw (andnoisy)GPSpositionsareused
directly in theradiomap.Hencethesetechniquessuffer
themostin thepresenceof GPSnoise. Figure9 shows
thesameexperimentfor theDowntown dataset.Similar
trendsarevisible in this graph,aswell asfor theKirk-
landdata(notshown).

4.5 Densityof mapping data
In the next experiment,we vary the geometricdensity
of mappingpoints in the training dataset. We expect
the accuracy will go down with decreasingdensityof
training datapoints. This variation is intendedto �nd
the effect of reduceddensityin the training set(which
in turn meanslesscalibration). We measuredtraining
densityasthe meandistancefrom eachpoint (latitude-
longitudecoordinate)in the training dataset to its ge-
ometricallynearestneighbor. In order to generatethis
variation, we �rst split the training �le into a grid of
10m� 10mcells.We theneliminatedWi-Fi scansfrom
the training dataset one by one, creatinga new map-
ping �le aftereachelimination.To pick thenext point to
eliminate,werandomlypickedonepoint in thecell with
the highestpopulationof points. If two or more cells
tied for themaximumnumberof points,we pickedbe-
tweenthosetied cellsat random.By eliminatingpoints
from thecellswith thehighestpopulation,thisalgorithm
tendedto eliminatepointsaroundhigherdensities,driv-
ing the training �les toward a moreuniform densityof
datapointsfor testing.

Figure 10 shows the medianpositioning error as a
functionof theaveragedistanceto thenearestneighbor
in thetrainingdataset.Thehighertheaveragedistance,
thesparserthedataset.7 Fromthe�gure, wecanseethat
until themappingdensitydropsbelow 10meteraverage

7Notethatsomeof thehighestdensitydatapointsin thegrapharise
asa resultof the fact that we sometimeswar drove the samestreets
morethanoncethusgeneratingadensertrainingdataset.
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Figure 10: Positioning error as a function of the av-
erage distancebetweenpoints in the training data set
(Ravenna).Notethat thex-axisis a logarithmicscale.

distancebetweenpoints, thereis no appreciableeffect
on medianerror. Beyond thatpoint, however, theposi-
tioning error increasessharply. Thereis not muchdis-
tinction in this behavior acrossthe variousalgorithms.
Thissuggeststhatatrainingmapgeneratedatascanning
rateof oneWi-Fi scanpersecondandadriving speedof
20–25miles/hour8 (or fasterspeedswith repeateddrives
throughthesameneighborhood)is suf�cient to provide
reasonableaccuracy.

4.6 An Indoor UsageScenario
All of the above experimentsusedtraining and posi-
tioning datasetsthat were collectedentirely outdoors.
Since the training data requiresGPS, it must neces-
sarily be collectedoutdoors. In the positioningphase,
PlaceLabcanbeusedbothoutdoorsandindoors.How-
ever, it is dif�cult to quantifytheaccuracy while indoors
sincewe cannotcollectany groundtruth GPSdata. To
demonstratethe usability of PlaceLab indoors,we ran
a simple experimentwhere we collectedtwo-minute-
longpositioningtracesin ninedifferentindoorlocations,
alongwith longeroutdoortraining tracesaroundthose
locations. For eachlocation, we computedthe aver-
ageposition estimatedby PlaceLab. In addition, we
determinedaveragelatitude-longitudepositionsfor all
ninelocationsby plottingtheiraddressesinto amapping
tool (MapPoint).Table3 summarizestheerrorbetween
PlaceLab's averageestimateandthe latitude-longitude
positionfrom MapPoint.

Theaverageerrorfrom thissimpleexperimentranges
from 9 to 98 meters.Although at the high endthe av-
erageerror is signi�cantly higher than in our previous
experiments,it comespartially from inaccurateground

810 metersbetweenscansis equivalentto a driving speedof 10 �
3600 meters/hour, thatis, 22.5miles/hour.



Location Avg. error
(meters)

Home1 9.0
CSdepartment 9.1
Downtown mall 9.5
Of�ce 34.2
Bakery 38.9
Home2 84.3
Doctor'sof�ce 85.2
Caf́e 92.4
Home3 98.7

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

truth data: we useda single latitude-longitudepoint to
representeachlocationwhenin facteachbuilding may
beseveral tensof metersacross.We stressthat this ex-
perimentis not an attemptto draw generalconclusions
abouttheaccuracy of PlaceLabwhenusedindoorswith
training datathat was collectedoutdoors. The experi-
ment only serves to show that unlike GPS,PlaceLab
works indoors(andwhenthereis no line of sight to the
sky). Of course,oneshouldrememberthat the limited
calibrationassociatedwith PlaceLab inherentlymeans
that it cannotbe usedfor preciseindoor locationappli-
cations.

4.7 Summary of Results

To summarizethe resultsfrom the above experiments,
wenoteda few dominanteffectsthatplaya role in posi-
tioningaccuracy usingthevariouslocationtechniques.

� The densityof accesspoints as well as the aver-
agerangeof APsin a region affect thepositioning
accuracy. In our experiments,we discoveredthat
theRavennaneighborhoodwith a densecollection
of APs in low-rise buildings provided the bestac-
curacy while suburbanneighborhoodswith sparse
coverageshowedtheleastaccuracy.

� In dense urban environments, even a simple
centroid-basedpositioningalgorithmprovides the
sameaccuracy asmore complex techniques.The
complex techniquesare more valuablein sparser
environmentswith limited calibrationdata.

� Even a radio map that is old enough to have
only 50% of the deployed APs is suf�cient with-
out degradingpositioningaccuracy by more than
a few meters. Our mappingdensityexperiments
show that trainingdatacollectedat the rateof one
scan per secondwith a driving speedof 20–25
miles/houris enoughto build accurateradiomaps.

� Noise in GPSdata(which can result from either
poor GPSunits or due to urbancanyons) affects

�ngerprint-basedtechniquesmuch more than the
othertechniques.Thus,in environmentswhereit is
hardto collect accurateGPSdatafor training, we
expect the particle-�lter-basedalgorithmsto per-
form better.

� The rank �ngerprint algorithmwasusuallyamong
the worst performingalgorithms. Its poor perfor-
mancewas largely due to the fact that it throws
awayabsolutesignalstrengths.However, in return,
it alsoshedsits sensitivity to potentialsystematic
differencesin thewaydifferentWi-Fi devicesmea-
suresignalstrength.

5 Discussion
We now discusssomeof the practicalissuesthat must
be addressedwhendeploying sucha systemin the real
world. Our experimentalsetupusedactivescanningto
probefor nearbyaccesspoints.However, APscansome-
timesbe con�gured to not respondto broadcastprobe
packets. Moreover, they may never sendout broadcast
beaconpacketsannouncingtheirpresenceeither. In such
scenarios,passive scanningwherethe Wi-Fi carddoes
not sendout proberequests,and insteadsimply sniffs
traf�c oneachof theWi-Fi channels,maybeused.Pas-
sive scanningrelieson network traf�c to discover APs
andhencecandetectevencloakedAPsthatdo not nec-
essarilyadvertisetheir network IDs.

All of ourexperimentswereperformedin outdooren-
vironmentssinceweneededaccessto GPSdataevenfor
ourpositioningtracesto allow usto comparePlaceLab's
estimatedpositionsto someknown groundtruth. How-
ever, PlaceLab canwork indoorsaswell. Eventhough
we were unable to perform extensive experimentsto
measurePlaceLab's accuracy whenindoors,our regu-
lar useof PlaceLab in a varietyof indoorsituationshas
shown that it canroutinelypositiontheuserwithin less
than one city block of their true position. As long as
the user's device canhearaccesspointsthat have been
mappedout, PlaceLab canestimateits position. This
accuracy is notsuf�cient for indoorlocationapplications
thatrequireroom-level (or greater)accuracy, but is more
thanenoughfor othercoarser-grainedapplications.For
suchapplications,PlaceLab canfunction asa GPSre-
placementthatworksbothindoorsandoutdoors.

WeusedWi-Fi cardsbasedontheOrinocochipsetfor
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 linearcorrelationfor mea-
suredsignal strengthsacrosschipsets. This was �rst
shown by Haeberlenet.al. [10]. Wevalidatedthisclaim
for the following chipsets:Orinoco,Prism2, Aironet,
andAtheros.If we recordthechipsetinformationwhen



collectingdatasets,thenevenif thepositioningis done
using a chipsetthat is different from the one usedfor
collectingthe trainingdata,a simplelinear transforma-
tion will be suf�cient to mapthesignalstrengthvalues
acrossthem. Of course,this is importantonly for those
algorithmsthatactuallyrely on signalstrengthfor posi-
tioning.

As the�rst systematicstudyof metropolitan-scaleWi-
Fi localization,our accuracy comparisonssuggestwhat
to pursuein termsof new positioningalgorithms. We
foundthatdifferentalgorithmswork bestwith different
densitiesandrangesof accesspoints.Sincebothof these
quantitiescan be measuredbeforehand,the bestalgo-
rithm couldbeautomaticallyswitchedin dependingon
thecurrentsituation. Further, thesizeof theradiomap
canbea substantialissuefor smallmobiledevices.The
centroidandparticle�lter radiomapsarerelativelycom-
pactwhereas�ngerprinting algorithmsrequiretheentire
training datasetastheir radio map. If (sayfor privacy
concerns),theuserwishesto storetheradiomapfor their
region on their local device, this maybea factorin de-
terminingtheappropriatealgorithmto use.

Ourstudiesalsocomparetheeffectsof densityof cal-
ibrationdata,noisein calibration,andageof dataon the
centroid,particle�lter and�ngerprinting algorithms.An
algorithmcombiningthesetechniquesis feasible,andit
mayproveto bebothrobustandaccurate.Moreover,one
couldincorporateadditionalenvironmentaldatasuchas
(for example)constrainedGIS mapsof city streetsand
highwaysfor navigationapplicationsto improvethepo-
sitioningaccuracy. While weleavetheseideasfor future
work,ourstudygivesaconcretebasisfor choosingwhat
to donext.

6 Conclusion
PlaceLab is an attemptat providing ubiquitousWi-Fi-
basedpositioningin metropolitanareas. In this paper,
we compareda numberof Wi-Fi positioningalgorithms
in a varietyof scenarios.Our resultsshow that in dense
urbanareasPlaceLab'spositioningaccuracy is between
13–20meters.In moresuburbanneighborhoods,accu-
racy candropdown to 40 meters.Moreover, with dense
Wi-Fi coverage,thespeci�c algorithmusedfor position-
ing is notasimportantasotherfactorsincludingcompo-
sition of theneighborhood(lots of tall buildingsversus
low-rises),ageof trainingdata,densityof trainingdata
sets,and noise in the training data. In sparserneigh-
borhoods,sophisticatedalgorithmsthat can model the
environmentmorerichly win out. All of this position-
ing accuracy (althoughlower thanthatprovidedby pre-
cise indoor positioningsystems)can be achieved with
substantiallylesscalibrationeffort: half anhourto map
out anentirecity neighborhoodascomparedto over 10
hoursfor asingleof�ce building [10].

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