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Abstract

IEEE 802.11bwirelessEthernets rapidly becominghestan-
dard for in-building and short-range wirelesscommunica-
tion. Manymobiledevicessud asmobilerobots,laptopsand

PDAs alreadyusethis protocol for wirelesscommunication.

Many wirelessEthernetcards measue the signal strengthof

incoming padets. This paperinvestigateshe feasibility of

implementinga localization systemusing this sensar Us-

ing a Bayesianocalizationframevork, we showexperiments
demonstating that off-the-shelfwirelesshardware can accu-

rately be usedfor location sensingand tracking with about
onemeterprecisionin a wireless-enabledf ce building.

1 Intr oduction

Recentadwancesin wirelessnetworking has madeit inex-

pensve andfast. The IEEE 802.11bwirelessEthernetstan-
dard hasbeendeployed in of ce buildings, museumshos-
pitals, shoppingcentersand otherindoor ervironments[19].

Many mobilerobotsalreadymake useof wirelessnetworking

for communication.WirelessEthernetdevices measuresig-

nal strengthaspartof their normaloperation.Signalstrength
tendsto vary signi cantly with positionandobstaclesn the
ervironment[12]. We believe that off-the-shelfwirelessEth-
ernetadapterson a mobile robot or other device suchasa
laptopor PDA couldbeusedfor globalposeestimation.

Determiningthe poseof the robot from physicalsensorsas
beenreferredto as“the mostfundamentaproblemto provid-
ing a mobile robot with autonomousapabilities”[4]. Lo-
calizationin anoutdoorsettingcanreadilybe achiezedusing
GPS[18]. However, indoors,wherethereare mary interest-
ing mobileroboticsapplicationspositionis determinedising
avariety of sensorsuchasvision, sonar IR andlaserrange-
nding. Choosingthe appropriatesensorgo infer position
dependson variousdesignconsiderationsuchas cost, ease
of deploymentandavailability of computationatesources.

Mobile robotsalreadyemploying wirelessEthernetfor com-
municationpurposegouldberetro tted in softwareto make
useof theiradapteasalocationsensorLocationsensingvith
wirelessEtherneimight bevery usefulfor alow-costrobotor
teamof robotswishing to executeglobal localization, navi-

gationandexplorationtasks.This is of particularinterestfor
somemulti-robot con gurations; while communicating the
robotscould measuresignal strengthso eachotheranden-
gagein collaboratve localization.

In the eld of mobile computing,there are otherimportant
usesfor localizationwith wirelessEthernet.Systemadminis-
tratorsmight wantto track laptopusersfor securitypurposes
or userscould executetaskssuchas printing to the nearest
printer or gettinghelp nding a particularof ce. Thereare
mary examplesn the mobile computingliteraturethatwould
bene t from reliablelocalizationprimitives[10, 3, 25].

The chief dif culty in localizationwith wirelessEthernetis
predicting signal strength. As a sensor RF signal strength
measuredndoorsis non-linearwith distanceand hasnon-
Gaussiamoiseresultingfor multi-path effects and environ-
mental effects such as building geometry trafc and atmo-
sphericconditions.

This paperdescribesa setof experimentswherebylocaliza-

tion with IEEE 802.11bwirelessEthernets shavn to befea-

sible. The focusof this work wasto determinethe usability

of wirelessEthernetasa sensar To this end,we carriedout

our experimentswith a laptop carriedby a humanoperator

Thisis aminimalistapproactwhichisolateghesensome are

testingandgeneratesesultsapplicableo mobileroboticsand

mobile computing. To computeposition,we apply a scheme
in the spirit of otherBayesiarntechniqueghathave beensuc-

cessfullyemployedin the context of robotics[22].

2 Relatedwork

Thesimplesttechniquausedfor mobilerobotlocalizationhas
beendeadreckoning. With deadrecloning errorsare added
to the absoluteposeestimateand accumulated. Triangula-
tion techniquesvere also used,wherevarioussensorsvere
usedto extractlandmarkgrom the environmentandtheland-
markstriangulatedthe robot's positions. This works when
the sensorsare reliable and relatively noise-freebut leaves
several problemsunaddressefb]. Kalman Iters werealso
introducedto the problemof determiningposition[21, 17],

wherevarioussensomataarefusedto obtaina new position
estimate.This methodrelieson a linearity assumptioror on
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Figure 1: Two examplesof signalstrengthdistributions,measued overtime at a constantocation.

theexistenceof agoodlinearization.Arguablythe mostpow-
erful algorithmsto dateare basedon Bayesianinference,in
particularMarkov models[15, 8] and Monte Carlo localiza-
tion [7, 23]. Variousdiscretizatiorschemeganbe employed
but often occupanyg gridsandpoint setsareemployed. If no
usabletheoreticalmodelis available, conditionalprobability
distributions can be sampleddirectly. Alternately the ervi-
ronmentcan be modeledwith a topologicalmap, e.g.,asa
generalized/oronoi graph[2]; localizationin this paradigm
is basednidentifying nodesin thegraphfrom geometricen-
vironmentalinformation[16]. The literaturein this eld is
vastbut otherworks offer an overview of currenttechniques
[14, 22]. The currentpaperis an exampleof a Bayesianap-
proach.We samplethe spacewe measurehe signalstrength
atregularly spacedocationsandexplicitly integratethe prob-
ability distribution.

Localizationis a problemthat hasbeenalsoexploredin the
wirelesscommunityfor a wirelessdevice like a laptopcom-
puter, usuallycarriedby ahumanoperatoris localized.Many
systemdrave beenmplementedhatusespecializedhardware
[24, 20]. The RADAR system[1], however, usesonly the
802.11bwirelessnetworking for localization. The algorith-
mic approachn RADAR is mainly basedn nearesheighbor
heuristicsandtriangulationtechniquessimilar to early work
in theroboticscommunityfor robotlocalization. Theauthors
reportlocalizationaccurag of within 3 metersof their actual
positionwith about fty percentprobability. While our work
hassimilar designgoalsto RADAR, we have taken a very
differentapproach.

3 RF Signal Propagationin Wir elessEthernet

The IEEE 802.11bstandardusesradio frequenciesin the
2.4GHzband, which is license-freearoundthe world. The
availableadaptersrebasedn spreadspectrunradiotechnol-
ogy sothatinterferenceon a singlefrequeng doesnot block
thesignal[5]. Accuratepredictionof signalstrengthis acom-
plex anddif cult tasksincethe signalpropagatedy unpre-
dictablemeang19]. Dueto re ection, refraction,scattering
andabsorptiorof radiowavesby structuresnsidea building,

thetransmittedsignalmostoftenreacheshereceverby more
than one path, resultingin a phenomenorknown as multi-

pathfading[12]. In the 2.4GHzfrequeng band,microwave
ovens BlueToothdevices,2.4GHz cordlesphonesandweld-
ing equipmentanbesource®f interferenceFinally, 2.4GHz
is a resonatingfrequeng of waterand consequentlypeople
absorbsignal. Noise s introducedvia sensitvity to atmo-
sphericparameteraindinterference.The signalcomponents
arriving from indirect pathsandthe directpath,if this exists,
combineand producea distortedversionof the transmitted
signal. The received signalvariesaccordingto time andthe
relative positionof the transmitterandrecever. Fortunately
signal pro les tendto remainapproximatelythe sameover
shortdistance$12].

Although efforts have beenmadeto modelradiosignaldistri-
butionin anindoorervironment9, 19], differentexperiments
have arrived at differentdistributionsanda generaimodelre-
mainsunavailable. Experimentsheldin several of ce build-
ings have shavn goodlog-normal t [11, 9]. The parameters
for themodeltendsto bedif cult to learnin practice limiting
thevalueof thesemodels[19]. Our experimentsveri ed this;
we concludedthat log-normal ts were only feasiblewhen
line-of-sightbetweertransmitterandrecever existed.

In our experimentsthe noisedistributionsof signalstrength
measuredat a x edlocationvariedgreatly In Figurel, we
shav two typical examplesof the signal. Althoughthereis
a dominantmode,we obsened the distributionswereasym-
metricandmulti-modal,in otherwordsnon-Gaussian.

4 Methodology

Hardware Our experimentswere conductedby a human
operatorcarryinga HP OmniBook6000laptopwith a PCM-
CIA LinkSyswirelessEthernetard. This particularcarduses
the Intersil Prism2chipset. We modi ed the standard_inux
kerneldriver for this cardto supporta numberof new func-
tionalities: the scanningandrecordingof hardwareMAC ad-
dressesand signal strengthsof paclets, using promiscuous
mode,andthe automaticscanningof basestations.

We neededa constantsourceof signalfrom all basestations
for optimumresults. Unfortunately this meantwe could not
simply be a passive obsener. While we could simply putthe
network interfaceadapterinto promiscuousnodeandlisten



Figure 2: Map of DuncanHall.

to all pacletsbeingtransmittedby basestationsthis canonly

guarantee streamof paclketsfrom onebasestation:the one
thatthecardis currentlyassociatedvith. While basestations
do sendout beacorpacletsseveraltimesa secondthe hard-
warewe wereusingdid not give usaccesso this signal.

Instead we wereforcedto usethe basestationprobefacility
of 802.11b[13]. Client nodescanbroadcast proberequest
paclet on awirelessnetwork. Basestationsthatreceie such
a requestrespondwith a proberesponsepaclet. The client
then collectsthesepaclkets and, judging by the strengthsof
the incomingsignals,can determinethe closestbasestation
to connecto. We analyzethesesignalstrengthgo determine
ourlocationrelative to the basestations.

Our initial experimentsconsistedof logging signalstrengths
at various positionsin the building, wherethe experiments
took place,to characterizehe behaior of the hardware we
wereusing. A given basestationcan appeararywherebe-
tweenzeroandfour timesin thepacletsthe rmw arereturned
to us. For eachpaclet, we aregivenan -bit signalstrength.
It is interestingto notethatunlessthe sendelis very closeto
therecever, signalsin thetop half of this rangerarely occur
Certainothersignalstrengthsimply never occur The lowest
orderbit tendsto bevery noisy. Whencomparedo othersen-
sors,suchassonar this signalis very thin: at most5 usable
bits of signalperpaclet.

Building Geometry We operatednthethird oor of Dun-

can Hall at Rice University, in the four hallways shaovn in

Figure2. Thetwo longerhallways (hallways1 and2) mea-
surel05feet,andthetwo shorterhallways(hallways3 and4)

measures6 feet. Hallway 1 hasa basestationnearoneend,
and hallway 2 hasa basestationreally closeto the middle.
Hallways3 and4 arenotablein thatthey areopenabove and
eitherpartially (in thecaseof hallway 4) or totally (in thecase
of hallway 3) openonthesides.

Therewerenine basestationson this oor. Thebasestations

wereApple AirPort basestationsandweremountedbetween
two and three metersoff the ground. We had a fairly pre-

cise map of the building that we had processedo mark off

free spaceandobstaclesThepixel resolutionwasroughlysix

centimetersn this map.

Our Model The localizer that we implementedoperates
in the generalframavork of Bayesianinferencelocalization
[22, 8, 15]. We chosea statespaceandobsenationspacegs-
timatedthe requiredconditionalprobability distributionsand
explicitly integrated.

We chosevarioussetsof pointsin themapfor the statespace.
A point for our experimentswas chosenas a tuple

on the oor of the building our experimentstook placein.
Thereis no indication that doing this in would be ary
harderalthoughwe neverdid this experiment.To summarize,
our statespaceconsistedof a setof  points

Our obsenation spaceconsistedf the obsenationsthat oc-

curredin asinglemeasuremerftom our basestationscanner
A pacletconsistof pairsof basestationMAC addressand
signalstrength A singlemeasuremergonsistof acount of

thenumberof basestatior/ signalpairs,asummaryof thefre-

queng counts(the numberof timeseachknown basestation
wasseerin thismeasuremengndthenthe pairs.Wedenote
this asa vector ,

where isthecount, istotalnumberof basestations, is

thefrequeng countfor the th basestation, is basestation
index of the th measuremerdand s thesignalstrengthat
thatpoint.

At eachpoint , we take a sampleof the obsenables. For
each base station we build two histogramsat that point.
The rst is a distribution of the frequeng countsover the
sampledobsenations. The secondis a distribution of sig-
nal strengths. Basedon this sample,we can calculatetwo
kinds of conditional probability , the prob-
ability that the frequeng countsfor the th basestationis

whenwe areat state and , the probability
thatthebasestation hassignalstrength atstate . For

, We compute

By explicitly integratinga probability distribution of position
basedon areceved measuremerdndselectinga representa-
tive point we obtaina positionestimate.After trying several
possibleschemeswe decidedto solve a global localization
problemfor eachmeasurementtherthankeeparunninges-
timatebecauseachmeasurementsuallycontainsenoughin-
formationto geta goodguessof our position. We useduni-
form distributionsasour prior distribution beforeeachmea-
surementand selectedhe point of maximumprobability as-
sumingthatthe point exceedsa certainthresholdprobability.
Theresultingstreamcanbe furtherprocessedb improve pre-
cisionasdiscussedn following section.



SensorFusionwith a Hidden Mark ov Model Thesecond
lter that we implementedakesthe outputof the inference
engineas a streamof timed obsenationsandtries to stabi-
lize the distribution by noting thata personcarryinga laptop
typically doesnot move very quickly. This sortof calculation
couldbeachievedwith amuchhigherdegreeof precisionus-
ing odometryfrom a mobilerobot.

We modela moving operatortrying to track her positionas
a hiddenMarkov model (HMM). We usea more nely dis-
cretizedstatespacethan the Bayesianinferenceengineand
try to interpolateour position out of the streamof measure-
mentscomingfrom this Iter . This designdecisionwasmade
after noticing that naive averagingof the lter producedre-
sultswith twice the precisionwe expectedfor pointswe had
nottakenary trainingsamplesat.

For our purposesanHMM is a setof states ,
a setof obsenations , aconditionalproba-
bility , anda transitionprobability matrix

. As in the Bayesianinferenceengine,eachstateis a point

The transitionprobability matrix semanticglescribehow the
systembeingmodeledevolveswith time. In this case,it de-
scribeshow a persontravelsthroughthe statespace lf isa
probability distribution over , then is the probabil-
ity distribution aftersomediscretetime step. Theideais that
therandomstatechangeoccurs*hidden” from the obsener.

Theobsenationfunction hassemanticédenticalto obsena-
tion in the Bayesiarinferenceof position. ,
the probability of observing while at . As eachobsena-
tion arrives, is usedto updatethe probability of beingin a
givenstatein , andthen is usedto transitionstates.If
accuratelymodelsthe behaior of theinferenceengineand
accuratelynodelsthebehaior of apersontransitioningfrom
stateto state,the sensorfusion will have superiorresultsto
Bayesiannferencealone.

In our case waschoseno heuristicallymodelhumanmo-

tion. The schemewe describedcould be implementedfar

morepreciselyby makinguseof adeadreckoningsensoiland

modelingthe systemas a partially obsenable Markov deci-

sionprocesgPOMDP).By employing oneof severalvariant
algorithmsin the literature[22], signi cantly more accurate
positiontrackingcould beachievedfor a mobilerobot.

5 Results

In this sectionwe describesereral experimentswhich try
to objectively measurethe precisionand reliability of using
wirelessEtherneffor localization.

Training Process Our systemwas trainedby taking sam-
plesat variouspointsin the world by threedifferentopera-
tor. Eachoperatorhadto hold a laptop,to standstill for sev-

eralsecondsat eachsamplepoint to do this. We assumehat
sampleddatawasoperatorindependenthatis to saythatwe
believed that measuredlistributions would be relatively un-

affectedby who took the data. The amountof datataken at
eachpointis variedadaptvely accordingto a simpleheuristic
which measureshe rate of corvergenceto a stabledistribu-
tion. Oncethe sampleddistribution at eachvisible basesta-
tion had cornvergedbeyond a threshold we halt the process.
This allowedusto adaptvely determinehow muchsampling
is necessanas a function of variationin the signal. In our
case,usualsamplingtimesrangedfrom ten secondgo about
aminute.

Static Localization in a Hallway We describeaxperiments
executedn hallway 1 onthemapin Figure2, whichwassam-
pledin two differentorientationsat every 5 feet. The purpose
of thisiis to testthe precisionof the Bayesiarninferencelocal-
izer. Timed testsoccurat variouspositionsand facing both
orientationsin the hallway andbulk statisticsare calculated.
The training datawastaken by two differentoperatorswith
eachoperatortrainingthelocalizerin oneof the two orienta-
tions. All experimentswvereexecutedby athird operator

We measuredtotal of 1307paclketson 11 differentpositions
andfor bothorientationsThe positionswerespreadevery 10
feetto be exhaustve. The algorithmreportedbackpositions
discretizedto 5 feet. In Figure 3, we shov the cumulative
probability of obtainingerror lessthana givendistance.We
have obsenedthaterroris within meterswith probability

Experiments with HMM Approach We attemptedo im-
provetheseresultsby implementingamoresophisticatedgen-
sor fusion basedon a hidden Markov model (HMM). The
HMM ran at a higherdiscretizationthanthe Bayesianinfer-
enceengine. The statetransitionswere heuristicallychosen
to be areasonablenodelof humanmotion. We thenwalked
round-tripsof the four hallwaysin our testarea,asshavn on
themapin Figure2. Thequality of theresultsvarieddepend-
ing on the geometryof the building. For example,areasad-
jacentto large openspacesendedo benoisier Figure4 and
Figure5 show trackingexperimentghattook placein two of
the hallways. The operatomwalkedthe hallway varyingspeed
andperiodicallyrecordingthetime certainprede nedmarkers
were passed.The operatorattemptedo keepconstantspeed
betweermmarlers. In the gures, we reportboththe Bayesian
inferencestatic localizationresultsand the HMM fusedre-
sults.In thetop gure, asigni cant improvements obtained
and, overall, the resultsare excellent. In the bottom gure,
the signalwasmuchnoisierdueto alarge openareaadjacent
to the hall andrelatively poor basestationplacement.Note
thatin bothcaseserrorsof ~ m arestill roughlywithin one
standardeviation.

6 Conclusions

In our experiments,we can measureand track position ro-

bustly with 1.5 metersof error distributedwithin a standard
deviation. We usedtheIntersil Prism2chipsetfor ourwireless
EthernetardsandApple AirPortsasbasestationspothread-
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ily availableandinexpensvehardware.Thebuilding we oper

atedin hadfairly complicatedgeometryandthe basestations
werelaid outmorethanayearbeforewe beganourwork. The
basestationlayoutwaschoserfor communicatiorreliability

reasons.The experimentswere conductecby humanopera-
torswhich introducederrordueto signalabsorptiorandlack
of odometry Neverthelessthe resultsarevalid for localiza-
tion carriedwith differenthardwareor with amobilerobot. In

fact,similar experimentscarriedout with arobotwouldlik ely

be signi cantly more preciseas we avoid absorptionerrors
inducedby the operatorand have odometryas an additional
sensorln this paperwe provide strongevidencethatreliable
localizationwith wirelessEthernettanbeachieved.
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