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Abstract

IEEE802.11bwirelessEthernetis rapidlybecomingthestan-
dard for in-building and short-range wirelesscommunica-
tion. Manymobiledevicessuch asmobilerobots,laptopsand
PDAs alreadyusethis protocol for wirelesscommunication.
ManywirelessEthernetcardsmeasure thesignalstrengthof
incomingpackets. This paper investigatesthe feasibility of
implementinga localization systemusing this sensor. Us-
ing a Bayesianlocalizationframework,weshowexperiments
demonstrating that off-the-shelfwirelesshardware canaccu-
rately be usedfor location sensingand tracking with about
onemeterprecisionin a wireless-enabledof�ce building.

1 Intr oduction

Recentadvancesin wirelessnetworking has madeit inex-
pensive andfast. The IEEE 802.11bwirelessEthernetstan-
dard hasbeendeployed in of�ce buildings, museums,hos-
pitals, shoppingcentersandotherindoor environments[19].
Many mobilerobotsalreadymakeuseof wirelessnetworking
for communication.WirelessEthernetdevicesmeasuresig-
nal strengthaspartof their normaloperation.Signalstrength
tendsto vary signi�cantly with positionandobstaclesin the
environment[12]. We believe thatoff-the-shelfwirelessEth-
ernetadapterson a mobile robot or other device suchas a
laptopor PDA couldbeusedfor globalposeestimation.

Determiningtheposeof the robot from physicalsensorshas
beenreferredto as“the mostfundamentalproblemto provid-
ing a mobile robot with autonomouscapabilities”[4]. Lo-
calizationin anoutdoorsettingcanreadilybeachievedusing
GPS[18]. However, indoors,wheretherearemany interest-
ing mobileroboticsapplications,positionis determinedusing
a varietyof sensorssuchasvision,sonar, IR andlaserrange-
�nding. Choosingthe appropriatesensorsto infer position
dependson variousdesignconsiderationssuchascost,ease
of deploymentandavailability of computationalresources.

Mobile robotsalreadyemploying wirelessEthernetfor com-
municationpurposescouldberetro�tted in softwareto make
useof theiradapterasalocationsensor. Locationsensingwith
wirelessEthernetmightbeveryusefulfor a low-costrobotor
teamof robotswishing to executeglobal localization,navi-

gationandexplorationtasks.This is of particularinterestfor
somemulti-robot con�gurations; while communicating,the
robotscould measuresignalstrengthsto eachotheranden-
gagein collaborative localization.

In the �eld of mobile computing,thereare other important
usesfor localizationwith wirelessEthernet.Systemadminis-
tratorsmight want to track laptopusersfor securitypurposes
or userscould executetaskssuchas printing to the nearest
printer or gettinghelp �nding a particularof�ce. Thereare
many examplesin themobilecomputingliteraturethatwould
bene�t from reliablelocalizationprimitives[10, 3, 25].

The chief dif�culty in localizationwith wirelessEthernetis
predictingsignal strength. As a sensor, RF signal strength
measuredindoors is non-linearwith distanceand hasnon-
Gaussiannoiseresultingfor multi-patheffectsandenviron-
mentaleffects suchas building geometry, traf�c and atmo-
sphericconditions.

This paperdescribesa setof experimentswherebylocaliza-
tion with IEEE 802.11bwirelessEthernetis shown to befea-
sible. The focusof this work wasto determinethe usability
of wirelessEthernetasa sensor. To this end,we carriedout
our experimentswith a laptopcarriedby a humanoperator.
This is aminimalistapproachwhichisolatesthesensorweare
testingandgeneratesresultsapplicableto mobileroboticsand
mobilecomputing.To computeposition,we applya scheme
in thespirit of otherBayesiantechniquesthathave beensuc-
cessfullyemployedin thecontext of robotics[22].

2 Relatedwork

Thesimplesttechniqueusedfor mobilerobotlocalizationhas
beendeadreckoning. With deadreckoning errorsareadded
to the absoluteposeestimateand accumulated.Triangula-
tion techniqueswerealsoused,wherevarioussensorswere
usedto extractlandmarksfrom theenvironmentandtheland-
marks triangulatedthe robot's positions. This works when
the sensorsare reliable and relatively noise-freebut leaves
several problemsunaddressed[6]. Kalman �lters werealso
introducedto the problemof determiningposition [21, 17],
wherevarioussensordataarefusedto obtaina new position
estimate.This methodrelieson a linearity assumptionor on
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Figure 1: Two examplesof signalstrengthdistributions,measuredover timeat a constantlocation.

theexistenceof agoodlinearization.Arguablythemostpow-
erful algorithmsto datearebasedon Bayesianinference,in
particularMarkov models[15, 8] andMonte Carlo localiza-
tion [7, 23]. Variousdiscretizationschemescanbeemployed
but oftenoccupancy gridsandpoint setsareemployed. If no
usabletheoreticalmodel is available,conditionalprobability
distributionscanbe sampleddirectly. Alternately, the envi-
ronmentcan be modeledwith a topologicalmap, e.g., as a
generalizedVoronoi graph[2]; localizationin this paradigm
is basedon identifyingnodesin thegraphfrom geometricen-
vironmentalinformation [16]. The literaturein this �eld is
vastbut otherworksoffer an overview of currenttechniques
[14, 22]. The currentpaperis an exampleof a Bayesianap-
proach.We samplethespace,we measurethesignalstrength
at regularlyspacedlocationsandexplicitly integratetheprob-
ability distribution.

Localizationis a problemthat hasbeenalsoexploredin the
wirelesscommunityfor a wirelessdevice like a laptopcom-
puter, usuallycarriedby ahumanoperator, is localized.Many
systemshavebeenimplementedthatusespecializedhardware
[24, 20]. The RADAR system[1], however, usesonly the
802.11bwirelessnetworking for localization. The algorith-
mic approachin RADAR is mainlybasedin nearestneighbor
heuristicsandtriangulationtechniques,similar to earlywork
in theroboticscommunityfor robotlocalization.Theauthors
reportlocalizationaccuracy of within 3 metersof their actual
positionwith about�fty percentprobability. While our work
hassimilar designgoalsto RADAR, we have taken a very
differentapproach.

3 RF SignalPropagationin Wir elessEthernet

The IEEE 802.11bstandardusesradio frequenciesin the
2.4GHzband,which is license-freearoundthe world. The
availableadaptersarebasedonspreadspectrumradiotechnol-
ogy sothat interferenceon a singlefrequency doesnot block
thesignal[5]. Accuratepredictionof signalstrengthis acom-
plex anddif�cult tasksincethe signalpropagatesby unpre-
dictablemeans[19]. Due to re�ection, refraction,scattering
andabsorptionof radiowavesby structuresinsideabuilding,
thetransmittedsignalmostoftenreachesthereceiverby more
than one path, resulting in a phenomenonknown as multi-

pathfading[12]. In the2.4GHzfrequency band,microwave
ovens,BlueToothdevices,2.4GHzcordlessphonesandweld-
ing equipmentcanbesourcesof interference.Finally, 2.4GHz
is a resonatingfrequency of waterandconsequentlypeople
absorbsignal. Noise is introducedvia sensitivity to atmo-
sphericparametersandinterference.The signalcomponents
arriving from indirectpathsandthedirectpath,if this exists,
combineand producea distortedversionof the transmitted
signal. The received signalvariesaccordingto time andthe
relative positionof the transmitterandreceiver. Fortunately,
signal pro�les tend to remainapproximatelythe sameover
shortdistances[12].

Althougheffortshavebeenmadeto modelradiosignaldistri-
butionin anindoorenvironment[9, 19], differentexperiments
have arrivedat differentdistributionsanda generalmodelre-
mainsunavailable. Experimentsheld in severalof�ce build-
ingshave shown goodlog-normal�t [11, 9]. Theparameters
for themodeltendsto bedif�cult to learnin practice,limiting
thevalueof thesemodels[19]. Ourexperimentsveri�ed this;
we concludedthat log-normal �ts were only feasiblewhen
line-of-sightbetweentransmitterandreceiverexisted.

In our experiments,thenoisedistributionsof signalstrength
measuredat a �x ed locationvariedgreatly. In Figure1, we
show two typical examplesof the signal. Although thereis
a dominantmode,we observed thedistributionswereasym-
metricandmulti-modal,in otherwordsnon-Gaussian.

4 Methodology

Hardware Our experimentswere conductedby a human
operatorcarryinga HP OmniBook6000laptopwith a PCM-
CIA LinkSyswirelessEthernetcard.Thisparticularcarduses
the Intersil Prism2chipset. We modi�ed thestandardLinux
kerneldriver for this cardto supporta numberof new func-
tionalities: thescanningandrecordingof hardwareMAC ad-
dressesand signal strengthsof packets, using promiscuous
mode,andtheautomaticscanningof basestations.

We neededa constantsourceof signalfrom all basestations
for optimumresults.Unfortunately, this meantwe couldnot
simply bea passive observer. While we couldsimply put the
network interfaceadapterinto promiscuousmodeandlisten



Figure 2: Mapof DuncanHall.

to all packetsbeingtransmittedby basestations,thiscanonly
guaranteea streamof packetsfrom onebasestation:theone
thatthecardis currentlyassociatedwith. While basestations
do sendout beaconpacketsseveral timesa second,thehard-
warewewereusingdid notgiveusaccessto thissignal.

Instead,we wereforcedto usethebasestationprobefacility
of 802.11b[13]. Client nodescanbroadcasta proberequest
packet on a wirelessnetwork. Basestationsthatreceive such
a requestrespondwith a proberesponsepacket. The client
then collectsthesepacketsand, judging by the strengthsof
the incomingsignals,candeterminethe closestbasestation
to connectto. We analyzethesesignalstrengthsto determine
our locationrelative to thebasestations.

Our initial experimentsconsistedof logging signalstrengths
at variouspositionsin the building, wherethe experiments
took place,to characterizethe behavior of the hardwarewe
were using. A given basestationcan appearanywherebe-
tweenzeroandfour timesin thepacketsthe�rmw arereturned
to us. For eachpacket, we aregivenan � -bit signalstrength.
It is interestingto notethatunlessthesenderis very closeto
thereceiver, signalsin thetop half of this rangerarelyoccur.
Certainothersignalstrengthssimplyneveroccur. Thelowest
orderbit tendsto beverynoisy. Whencomparedto othersen-
sors,suchassonar, this signalis very thin: at most5 usable
bits of signalperpacket.

Building Geometry We operatedon thethird �oor of Dun-
can Hall at Rice University, in the four hallways shown in
Figure2. The two longerhallways(hallways1 and2) mea-
sure105feet,andthetwo shorterhallways(hallways3 and4)
measure56 feet. Hallway 1 hasa basestationnearoneend,
andhallway 2 hasa basestationreally closeto the middle.
Hallways3 and4 arenotablein that they areopenaboveand
eitherpartially(in thecaseof hallway4) or totally (in thecase
of hallway3) openon thesides.

Therewereninebasestationson this �oor . Thebasestations

wereApple AirPort basestationsandweremountedbetween
two and threemetersoff the ground. We had a fairly pre-
cisemapof the building that we hadprocessedto mark off
freespaceandobstacles.Thepixel resolutionwasroughlysix
centimetersin this map.

Our Model The localizer that we implementedoperates
in the generalframework of Bayesianinferencelocalization
[22, 8, 15]. We chosea statespaceandobservationspace,es-
timatedtherequiredconditionalprobabilitydistributionsand
explicitly integrated.

We chosevarioussetsof pointsin themapfor thestatespace.
A point for our experimentswaschosenasa tuple ����������	�


on the �oor of the building our experimentstook place in.
There is no indication that doing this in ��
 would be any
harderalthoughwe neverdid thisexperiment.To summarize,
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Our observationspaceconsistedof the observationsthat oc-
curredin asinglemeasurementfrom ourbasestationscanner.
A packetconsistsof  pairsof basestationMAC addressand
signalstrength.A singlemeasurementconsistsof acount  of
thenumberof basestation/ signalpairs,asummaryof thefre-
quency counts(thenumberof timeseachknown basestation
wasseenin thismeasurement)andthenthe  pairs.Wedenote
this asa vector !"�$#% ��'&
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thefrequency countfor the 9 th basestation, +.: is basestation
index of the ; th measurementand -<: is thesignalstrengthat
thatpoint.
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8 , we take a sampleof the observables. For
each basestation we build two histogramsat that point.
The �rst is a distribution of the frequency countsover the
sampledobservations. The secondis a distribution of sig-
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By explicitly integratinga probabilitydistribution of position
basedon a receivedmeasurementandselectinga representa-
tive point we obtaina positionestimate.After trying several
possibleschemes,we decidedto solve a global localization
problemfor eachmeasurementratherthankeeparunninges-
timatebecauseeachmeasurementusuallycontainsenoughin-
formationto geta goodguessof our position. We useduni-
form distributionsasour prior distribution beforeeachmea-
surementandselectedthe point of maximumprobability as-
sumingthat thepoint exceedsa certainthresholdprobability.
Theresultingstreamcanbefurtherprocessedto improvepre-
cisionasdiscussedin following section.



SensorFusion with a Hidden Mark ov Model Thesecond
�lter that we implementedtakes the outputof the inference
engineas a streamof timed observationsand tries to stabi-
lize thedistribution by notingthata personcarryinga laptop
typically doesnotmoveveryquickly. This sortof calculation
couldbeachievedwith a muchhigherdegreeof 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 positionout of the streamof measure-
mentscomingfrom this �lter . Thisdesigndecisionwasmade
after noticing that naive averagingof the �lter producedre-
sultswith twice theprecisionwe expectedfor pointswe had
not takenany trainingsamplesat.

For ourpurposes,anHMM is a setof states� �
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����������!�� � , a conditionalproba-
bility -��<���
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�� , anda transitionprobabilitymatrix
�

. As in theBayesianinferenceengine,eachstateis a point
��� ������	�
 .

The transitionprobabilitymatrix semanticsdescribehow the
systembeingmodeledevolveswith time. In this case,it de-
scribeshow a persontravelsthroughthestatespace.If � is a
probabilitydistributionover � , then ���3�

�

� is theprobabil-
ity distribution aftersomediscretetime step.Theideais that
therandomstatechangeoccurs“hidden” from theobserver.

Theobservationfunction - hassemanticsidenticalto observa-
tion in theBayesianinferenceof position. - �
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the probability of observing! while at

�

. As eachobserva-
tion arrives, - is usedto updatetheprobabilityof beingin a
givenstatein � , andthen

�

is usedto transitionstates.If -

accuratelymodelsthebehavior of theinferenceengineand
�

accuratelymodelsthebehavior of apersontransitioningfrom
stateto state,the sensorfusion will have superiorresultsto
Bayesianinferencealone.

In our case
�

waschosento heuristicallymodelhumanmo-
tion. The schemewe describedcould be implementedfar
morepreciselyby makinguseof adeadreckoningsensorand
modelingthe systemasa partially observableMarkov deci-
sionprocess(POMDP).By employing oneof severalvariant
algorithmsin the literature[22], signi�cantly moreaccurate
positiontrackingcouldbeachievedfor a mobilerobot.

5 Results

In this sectionwe describeseveral experimentswhich try
to objectively measurethe precisionand reliability of using
wirelessEthernetfor localization.

Training Process Our systemwas trainedby taking sam-
ples at variouspoints in the world by threedifferentopera-
tor. Eachoperator, hadto hold a laptop,to standstill for sev-
eralsecondsat eachsamplepoint to do this. We assumethat
sampleddatawasoperatorindependent,that is to saythatwe
believed that measureddistributionswould be relatively un-

affectedby who took the data. The amountof datataken at
eachpoint is variedadaptively accordingto asimpleheuristic
which measuresthe rateof convergenceto a stabledistribu-
tion. Oncethe sampleddistribution at eachvisible basesta-
tion hadconvergedbeyond a threshold,we halt the process.
This allowedusto adaptively determinehow muchsampling
is necessaryasa function of variation in the signal. In our
case,usualsamplingtimesrangedfrom tensecondsto about
a minute.

Static Localization in a Hallway Wedescribeexperiments
executedin hallway1 onthemapin Figure2, whichwassam-
pledin two differentorientationsat every5 feet.Thepurpose
of this is to testtheprecisionof theBayesianinferencelocal-
izer. Timed testsoccurat variouspositionsand facingboth
orientationsin thehallway andbulk statisticsarecalculated.
The training datawastaken by two differentoperators,with
eachoperatortrainingthelocalizerin oneof thetwo orienta-
tions.All experimentswereexecutedby a third operator.

We measureda totalof 1307packetson11differentpositions
andfor bothorientations.Thepositionswerespreadevery10
feet to be exhaustive. Thealgorithmreportedbackpositions
discretizedto 5 feet. In Figure 3, we show the cumulative
probabilityof obtainingerror lessthana givendistance.We
have observedthaterroris within 
���� meterswith probability

�

����� .

Experiments with HMM Approach We attemptedto im-
provetheseresultsby implementingamoresophisticatedsen-
sor fusion basedon a hiddenMarkov model (HMM). The
HMM ran at a higherdiscretizationthanthe Bayesianinfer-
enceengine. The statetransitionswereheuristicallychosen
to bea reasonablemodelof humanmotion. We thenwalked
round-tripsof thefour hallwaysin our testarea,asshown on
themapin Figure2. Thequality of theresultsvarieddepend-
ing on thegeometryof the building. For example,areasad-
jacentto largeopenspacestendedto benoisier. Figure4 and
Figure5 show trackingexperimentsthat took placein two of
thehallways.Theoperatorwalkedthehallwayvaryingspeed
andperiodicallyrecordingthetimecertainprede�nedmarkers
werepassed.Theoperatorattemptedto keepconstantspeed
betweenmarkers. In the�gures, we reportboththeBayesian
inferencestatic localizationresultsand the HMM fusedre-
sults. In thetop �gure, a signi�cant improvementis obtained
and,overall, the resultsareexcellent. In the bottom�gure,
thesignalwasmuchnoisierdueto a largeopenareaadjacent
to the hall andrelatively poor basestationplacement.Note
that in bothcases,errorsof 
�� � m arestill roughlywithin one
standarddeviation.

6 Conclusions

In our experiments,we can measureand track position ro-
bustly with 1.5 metersof error distributedwithin a standard
deviation. WeusedtheIntersilPrism2chipsetfor ourwireless
EthernetcardsandAppleAirPortsasbasestations,bothread-
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Figure 3: Bulk cumulativeerror distribution for 1307 packets over 22 posesin a hallway localizedusing the position of
maximumprobabilityascalculatedbydirectapplicationof Bayes'rule.
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Figure 4: Tracking a round-trip walk of hallway 1 in our testarea(seeFigure 2 thebuilding map). Measured error for the
track, shownontheright graph,is within onemeterwith probability

�

� ��� , animprovementof � ��� overstaticlocalization.This
improvementis illustratedin theactualtrackingperformance, shownin theleft graph.
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Figure 5: Trackinga round-tripwalkof hallway4 in our testarea(seeFigure2 thebuilding map).Whilesensorfusionprovided
someimprovement,it wasnot signi�cant duemorepathological behaviorof staticlocalizationin certainregions.



ily availableandinexpensivehardware.Thebuildingweoper-
atedin hadfairly complicatedgeometryandthebasestations
werelaid outmorethanayearbeforewebeganourwork. The
basestationlayoutwaschosenfor communicationreliability
reasons.The experimentswereconductedby humanopera-
torswhich introducederrordueto signalabsorptionandlack
of odometry. Nevertheless,the resultsarevalid for localiza-
tion carriedwith differenthardwareor with amobilerobot. In
fact,similarexperimentscarriedoutwith arobotwould likely
be signi�cantly more preciseas we avoid absorptionerrors
inducedby the operatorandhave odometryasan additional
sensor. In this paper, we providestrongevidencethatreliable
localizationwith wirelessEthernetcanbeachieved.
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