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ABSTRACT

We studythe problemof trackinga moving device undertwo in-
door location architectures:an active mobile architectureand a
passivemobile architecture. In the former, the infrastructurehas
receversatknown locations which estimatedistancego a mobile
device basedbn anactive transmissiorfrom the device. In thelat-
ter, theinfrastructurehasactive beaconghat periodicallytransmit
signalsto a passvely listeningmobile device, which in turn esti-
mateddistanceso thebeaconsBecaus¢heactive mobilearchitec-
ture recevessimultaneouslistanceestimatest multiple recevers
from the mobile device, it is likely to performbettertrackingthan
thepassie mobilesystemn whichthedevice obtainsonly onedis-
tanceestimateat a time andmay have moved betweensuccessie
estimates.However, an passve mobile systemscalesbetterwith
the numberof mobile devicesandputsusersin control of whether
theirwhereaboutaretracked.

We answelthefollowing question:How dothetwo architectures
comparein trackingperformance?Ve nd thatthe active mobile
architectureperformsbetterat tracking,but thatthe passie mobile
architecturehas acceptableperformance;morewer, we devise a
hybrid approachthat preseresthe bene ts of the passie mobile
architecturevhile simultaneouslyroviding the sameperformance
asan active mobile system,suggestinga viable practicalsolution
to thethreegoalsof scalability privagy, andtrackingagility.
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1. INTRODUCTION

Determiningthelocationof adevice is afundamentaproblemin
mobile computing.Theimportanceandpromiseof location-avare
applicationshasled to the designandimplementatiorof systems
for providing locationinformation,particularlyin indoorandurban
ervironmentswherethe GlobalPositioningSystem(GPS)doesnot
work well [1, 7, 13, 15]. In generalthesesystemsprovide more
accuratdocationinformationwhena mobile device is at restthan
whenit isin motion: trackingamoving deviceis hardebecaus¢he
inevitable errorsthatoccurin the distancesamplegusedto localize
thedevice areeasierto Iter outif thedevice's positionitself does
notchangeduringthe averagingprocess.

This paperaddresseghe problemof trackinga moving device
usingthe Cricket indoorlocationsystem.Our motivating applica-
tions include humannavigation wherethe goalis to directusers
to their desireddestinationson an active map, robotic navigation
wherelocation sensorgrovide positioninformationto a moving
robot,andmulti-playergameswhereplayerscanmove in thereal
world in a gamelike Doom or Quale, and have their moves ac-
curatelyrepresentedh the computergame. All of theseapplica-
tionsrequirethepositionof adevice maoving athumanspeedso be
tracked.

The architectureof a location systemin uencesits scalability
its ability to presere userlocationprivagy, its easeof deployment,
and its device-trackingperformance. We distinguishtwo differ-
entindoor location architectures.The active mobile architecture,
asillustratedin Figure 1, hasan active transmitteron eachmo-
bile device, which periodicallybroadcasta messagen awireless
channel(e.g., an RF messager an RF messageoupledwith an
ultrasonicpulse).Receversdeplg/edin theinfrastructurge.g., on
ceilingsandwalls) listenfor suchbroadcastsindestimatethe dis-
tanceto the mobile on eachbroadcasthey hear* Typically, each
recever propagateshis distanceinformationto a centraldatabase
thatthenupdateghe locationof eachmobile device. Examplesof
this architecturencludethe Active Badge[15], Active Bat[7], and
Ubisensd3] systems.

In contrastthe passivemobilearchitectureasillustratedin Fig-
ure2, invertsthe transmitterandrecever locations.Here,beacons
deploredatknown positionsn theinfrastructureperiodicallytrans-
mit their location (or identity) on a wirelesschannel,and passve

Not all active mobile schemesisedistanceestimatesfor exam-
ple, the Active Badgesystemlocalizesnodesto with roomsusing
infrared.
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Figure 1: In an active mobile architecture, an active transmit-
ter on eachmobile device periodically broadcastsa messagen
awir elesschannel.

receverson mobiledeviceslistento eachbeacon Eachmobilede-

vice estimatests distanceto every beacorit hearsandusesthe set

of distanceso estimatéts position. An exampleof thisarchitecture
is the Cricket system[13].

Qualitatively, the passie mobile architecturescalesbetterthan
the active mobile architectureasthe densityof devicesincreases,
becaus¢hewireless(RFandultrasonichanneliseis independent
of the numberof mobile devices. Unlike the passie mobile archi-
tecture,the active mobile architecturerequiresa network infras-
tructureto connectthe deployed receversto the centraldatabase.
In addition, the active mobile architecturealsoallows usersto be
tracked moreeasilyby theinfrastructureraisingprivagy concerns.
In contrastthe passie mobile architectureallows a mobile device
to estimateits locationandcontrolwhich otherentitiesgetthatin-
formation.

However, the active mobile architecturesolves the problemof
trackingmoving devicesin amorenaturalfashion.Thisis because
arecever in a passve mobile systemusually hearsonly onebea-
con at a time, and may move betweenchirpsfrom differentbea-
cons. As aresult,thereis no guaranteedsimultaneityof distance
samplesunlike in the active mobile casewheremultiple recevers
concurrentlyobtaindistancesstimate$o a moving device. Theab-
senceof guaranteedimultaneityof distanceestimatesmpliesthat
trackinga moving objectentailsmorethanjusta solutionto simul-
taneousquations.

Thenaturalquestionthen,is Howwell cana passivanobilesys-
temperformat tracking a moving device? Canwe deviseamethod
thatenableghetrackingperformancef sucha systemo approach
the performanceof an active mobile system?If the answerto this
questionis “no”, thenit would suggesthatapplicationsrequiring
fastdevice trackingarebettersenedwith anactive mobilesystem,
but thatcomesat the costof reducedscalabilityandincreasedgri-
vagy concerns.On the otherhand,if the answerwere“yes”, then
it would suggesthata passie mobile systenis atenableapproach
for awide rangeof location-avareapplications.

We shav that the underlying tracking problem requiresthree
componentshatarecombinedin differentwaysdependingon the
architectureThe rst components outlier rejection whereinegre-
giously bad distancesamplesare eliminated. The secondcompo-
nentis anextendedKalman Iter (EKF), which maintainsthe cur
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Figure 2: In a passive mobile architecture, xed nodes at
known positions periodically transmit their location (or iden-
tity) on a wir elesschannel,and passie recevers on mobile de-
viceslisten to eachbeacon.

rent and predicteddevice statesand correctsthe predictioneach
time a new distancesampleis obtained.The third components a
least-squagssolver(LSQ) thatminimizesthe mean-squaredrror
of a setof simultaneouson-linearequations.

We nd thatthe EKF is ableto trackmovementmuchbetterthan
LSQ in the passie mobile system,and that it doesjust as well
asLSQ in anactive mobile system. Speci cally, for speedf up
to about0.8 m/s, an EKF modelin a passie mobile systemhad
a medianerror of about10 cm, while an active mobile systems'
medianerrorwasabout3 cm. At a higherspeedof 1.43m/s, the
passie mobile EKF's medianerrorwas23 cm, comparedo 4 cm
for the active mobile. For mary applicationsthis error difference
is unimportant.

Although the performanceof the passie mobile systemis ac-
ceptablefor mary applications,we alsoshav how to improve it
further We improve trackingperformanceby developinga hybrid
approachthat runsthe EKF in the commoncaseandrelieson an
active mobiletransmissiowhenthe EKF stateis bad. We describe
a protocol that allows the hybrid approachto not divulge device
information, in an effort to alleviate privacy concerns.Our main
resultis thatthe hybrid systemis nearlyasaccurateasour bestac-
tive mobile systemin trackingmoving devices,while maintaining
theadwantage®of the passie mobile systemjts medianerroris 15
cmataspeeddf 1.43m/s.

We have implementedall the above schemesn the Cricket lo-
cation system,and our measuredesultsarein that systemusing
a repeatablexperimentalsetupthat hasboth straight-linemotion
andradialaccelerationWith theimplementatiorof differenttrack-
ing schemesusersof the Cricket systemcantake advantageof a
variety of predictive trackingtechniquesor applicationsnvolving
continualor unpredictablalevice motion.

2. RELATED WORK

TheActive Batlocationsystems anexampleof a systemwhich
usesan active mobile architecture[7] . The Bat systemconsists
of acollectionof x ednodesarrangednagrid. The x ednodes
receve ultrasonicchirpsfrom the mobile device andcomputedis-
tanceestimatego the mobile usingthe time-of- ight of the ultra-



sonic signal. Thesedistancesamplesare forwardedto a central
computemwhich computeghe mobile's position.

TheBatsystememplgys acentralizedarchitecturén which both
mobile transmissiongndmobile positionestimationsarehandled
by a centralcomputer The Bat system,asdescribedijs expensve
to implementin thatit requiredargeinstallationshasacentralized
structure anddoesnot presere userprivagy.

Ontheotherhand,eachof theseexpensegprovidesadirectben-
e t. Thecentralizedstructureallows for easycomputatiorandim-
plementationsinceall distanceestimateganbequickly shippedo
aplacewherecomputationapower is cheap.Moreover, the active
mobilearchitectureacilitatesthe collectionof multiple simultane-
ousdistancesamplesat the x ed nodeswhich canproducemore
accuratgositionestimateselativeto apassie mobilearchitecture.

Someapplicationssuchasvirtual reality, requirehigh precision
trackingevenin thepresencef largeanderraticaccelerationsTwo
modernsystemshave beencreatedfor theseapplications. They
provide very preciseposition estimatesat the expenseof infras-
tructureandhardware.

The HiBall headtracking system[16] usespanelsof infrared
LEDsthattaketurns ashing. Severalhead-mountedamerasnea-
surethe positionof the ashing LED andthe systemusesknowl-
edgeaboutthe geometryof the headdevice's camerago compute
thedesiredocationinformation. The LEDs ash very quickly and
thusallow very precisenformationto beobtained. Someof thedis-
adwantage®f this systemincludethedif culty of deplg/ing alarge
numberLED panelsto cover anentirebuilding, expensve camera
hardware, high computationcosts, and the possibleinterference
from the ambientlight. Neverthelessthis systemprovides very
precisepositioninformationfor specializedapplicationghatoper
atein highly controlledervironments.Thissystenmusesatechnique
called SCAAT (Single ConstraintAt A Time) to track movement,
andis similar to our approachin thatit handlesonedistancecon-
straintatatime ratherthanobtainingmultiple distanceestimateso
known positionssimultaneously

TheWhispersysteni14] usesaspread-spectrumudioapproach
to obtainprecisedistancaneasurementst encodesnformationon
anaudiostreamandusestime-of-arrival informationto obtaindis-
tanceestimates.The systemcan achieze high measurementates
becauseof the large bandwidthand the continuousnatureof the
spreadspectrumsignal. This, in turn, leadsto goodtrackingper
formance.However, human-audibléackgrounchoise,high com-
putationcosts,andlow rangearesomeof the disadwantagef this
system.

The Global Positioning System(GPS) operateswell outdoors
andachieres mary of the goalsin positioningsystemslike scal-
ability, decentralizedisage,and userprivagy [6, 8]. The expen-
sive infrastructureenablessimultaneoudlistanceestimateso be
obtainedsothatthetrackingproblembecome®asietto solve. The
Kalman lter -basedrackingmethodspresentedn this papershare
somesimilaritieswith theapproactusedin GPS.

Leonardet al. investigateundervater tracking of autonomous
undervatervehicles[9]. Theirwork usesaKalman lter , with ac-
cessto morediverseobsenationsthanours,includinginformation
from depthsensorsaccelerometergndcompasses.

Anotherareaof relatedwork is in usertrackingandusermove-
ment predictionin cellular wirelessnetworks. In cellular phone
networks, if the systemcan predictwhich cells will provide the
bestsignal strength the quality of servicecanbe improved. One
implementation presentedn [11], usesthe so-calledRolust Ex-
tendedKalman Filter (REKF), introducedin [12]. The REKF is
concernedvith maintaininggood Iter behaior in conditionswith
high uncertainty

Anothernew classof algorithmictechniquesfor usertracking
is given in [5], wherethe authorsdiscussBayesianlocation es-
timation. One major differencebetweenKalman Itering and
Bayesianestimationis that Bayesian ltering can accommodate
non-Gaussiadistributedmeasurementoise.Thisbene t comesat
somecomputationatompleity costs,however. BecauseéKalman
Itering is a simpler specialcaseof Bayesianestimation,there
might be bene ts to be gainedfrom modeling our systemmore
generallythanin our currentKalman lter -basedapproach.Simi-
larly, particle lters appeato beapromisingmethodto handlethe
trackingproblem.We leave aninvestigationof the performancef
theseapproache Cricket to future work, notingthatthe current
Cricket software and hardware infrastructureis well-equippedfor
researcherto investigatehesequestions.

3. TRACKING ALGORITHM

This sectiondiscusseshe differentcomponent®f our tracking
algorithmandhow they t together We shav how the samebasic
algorithmworksin both the passve mobile andthe active mobile
architectureswith appropriateparameteselection.

We startby formally de ning thetrackingproblem.Whenamo-
bile device hearsa beaconin the passie mobile architecture or
obtainsa distanceestimateto oneor morereceversat knowvn po-
sitionsin the active mobile architecturejt getsa triple: ,
where is the currenttime, is the known positionof the beacon
or receiver, and the distancebetweerthe mobile device andthe
known beacoror recever. Over time, the mobile device obtainsa
sequence®f suchtriples: ,
wherethesubscriptsncreaseoy onefor eachdistancesample.The
goal of thetrackingalgorithmis to comeup with  , agoodposi-
tion estimateof themobiledevice giventheentiresequencef past
triples. Of coursejndividual distancesamplesnaybeerroneous.

This problemformulationcoversboththeactive andpassive mo-
bile architectures.In particular if successie triples all have the
sametime 'sanddifferent 's, thenthe simultaneityconditionis
satis ed.

The o w chartof the Kalman lter trackingalgorithmis shavn
in Figure3. Therearethreeproceduresa least-squagsminimiza-
tion (LSQ) anextendedKalman lter (EKF), andoutlier rejection
TheKalman lter updatests estimate  of the device's position
every time a new distancesampleis acquired. It alsomaintainsa
con denceestimatein it statevector which is usedby the outlier
rejectionstageto rejectdistancesampleghatare“f ar avay” from
the expectedvalue; the precisede nition of “far avay” depends
on someheuristics,asdiscussedelon. Finally, every oncein a
while, the EKF's statewill be bad,andits con dencein its state
low. Whenthat happenspur tracking algorithm resetsthe EKF
stateby runningLSQ on somenumberof currentandrecentlyob-
seneddistancesamples.

We now explainthethreemodulesin moredetail.

3.1 LeastSquaresMinimization

If themobiledevice werestatic,astandardvayto solvetheprob-
lemof estimating  is by minimizingthesumof thesquare®f the
error termscorrespondingo eachdistancesample. This method,
calledleast-squagsminimization(LSQ) estimates by minimiz-
ing
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Figure 3: Flow chart for the tracking algorithm. The pictur e shows outlier rejection and LSQ explicitly; all the other stepsare part
of the extendedKalman Iter . The “measurements” are the distancesamplesobtained astriples. The “output” at eachstageis the

position estimate .

Here, is the Euclideandistancebetweerthe estimated
coordinateof the mobile device andthe beacoror recever at posi-
tion .

LSQ doesnot always producea good
reasonsincluding:

estimatefor several

1. If the device is moving, old tuplesneedto be discardecbe-
fore LSQis run. In theactive mobilearchitecturepnemight
discardall samplesbut the onescorrespondingo the latest
time, and hopethat thereare enoughsampleswith low dis-
tanceerrorto producea goodpositionestimatefor the mov-
ing device. In thepassie mobilecaseijt is notobviouswhich
samplesif ary, to discard.

. The simultaneityconditionmay not alwayshold for a mov-
ing device, eitherbecausehe systemis basedon a passve
mobile architecturepr becauseherearenot enoughdistinct
errorfree sampleqlessthanfour in threedimensions)n the
active mobile case(e.g., becausahe useris in anareawith

ceiling-mountedecevers, or becausesomeof the re-
ceiversdid notreportgooddistanceestimates).

. TheLSQ approactdoesnot explicitly modelnoisetermsin
thedistancesamples.

LSQ is alsocomputationallycomple. It hasbeenthe topic of
muchanalysisin the optimizationliterature,andis known to take
long to converge unlesswe imposecertain strict criteria on the
functionwe're minimizing or on the natureof the inputsto the op-
timization.

Theseshortcomingof LSQ arewell known; it is for theserea-
sonsthat GPSreceversusea Kalman lter ratherthanLSQ. (An-
otherreasonis that the useof a Kalman Iter allows a GPSre-

ceiver to predicta good currentposition basedon previous mea-
surements.)We alsoadopta Kalman lter -basedapproachmod-
eling the systemusing a statevector, for the samesetof reasons.
However, LSQis usefulin initializing andresettinghe Kalman I-
ter, a capabilitywe usewhenthe systemrst turnson or whenour
Iter getsinto abadstate.We canthink of LSQ asawayto “brute-
force” the positionof the mobileandthe Kalman Iter asawayto
intelligently tracktheuserfrom there.

In the leastsquaresnodelwe have two possibilitieswhendis-
tance measurementsre obtained: either the problemis well-
de ned or it is not. In -D spacethe location problemis usually
well-de ned if we have four or moredistances Becauseur least
squaresninimizationtools aresensitve to local minimaasa func-
tion of ourinitial guess, , it isimportantthatwe producereason-
ablestartingpoints.If our problemis well-de ned we canproduce
a good initial guessby solving a linearizedversionof the prob-
lem [10]. We thenprovide this alongwith our measurements
to aninterior trust-region leastsquareaminimizer [4, 4]. Onthe
otherhand.,if our problemis notwell-de ned we usea“line search
method”with asourlastguessat our position.

Although the detailsof the proceduregpresentedn this section
arealmostcompletelyindependentf thearchitecturén whichthey
areimplementedi.e., active mobile or passie mobile), thereis a
minor differencein our leastsquarescalculator In leastsquares
underthe passie mobile architectureve do not geta collectionof
simultaneouglistanceestimateso we maintaina buffer in which
we storethelast measurementsThe contentsof this buffer are
thenprocesseth thesamewaythattheleastsquaresiormallypro-
ceedsThatis, in the passie mobilecasewe make thesimultaneity
assumptiorand assumehat the distancesn our buffer were col-
lectedwhenthedevice wasatthesamepoint. Thatassumptiomwill



not hold in generalito reducethe chanceof theassumptiorbeing
invalid, we male the sizeof the buffer inverselyproportionalto the
expectedspeedf thedevice?

3.2 ExtendedKalman Filter

We designan EKF using a statevector with six components,

threepositioncomponents andthreevelocity components
. The basicideaof the EKF is that after ary discrete

time stepthe Iter hasanideaof its stateandanideaof haw con -
dentit isin thatstate(a covariancematrix). TheEKF usegshemost
recentdistancesampleandits internal stateto project aheadand
producean estimateof  of wherethe device mightbein the next
time-step. Whenthe next distancesamplearrives, the EKF rst
correctsits internal statebasedon the differencebetweenwhere
the device would have beenhadthe predictionbeenaccurateand
theactualdistancesample.Thesestepsareshawvn in Figure3.

Let T bethestatevectormaintainedy the
EKEF. If thepredictedstateattime-step is andthecorrected

state(the outputof the EKF) is , thenin the position-velocity
(PV) Iter model,which assumeshatthe device movesatconstant
velocity betweentime-stepsthe statepredictionat time after

time-step for eachpositioncomponenbf is

@)
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wherethe plus superscriptand subscriptson the velocity
componentgareomittedfor clarity.

Now, let bea covariancematrix for the EKF's state
vector(we assumehaterrorsarenormally distributed). Then,the

predictedcovariancefor time-step is

©)

where is a statetransitionmatrix speci ¢ to our modeland

re ects how we expectthe quality of our statevectorto de-

gradeover time (e.g., if themobileis moving fasterwe expectour
stateto degrademorequickly).

In the correctionstepthe EKF nds the differencebetweerthe
distanceit expectedto hear(basedon the projectedstate)andthe
measuredistancesample The EKF thenadjustghestatevectorto
male this differencdesssigni cant. Theideais to balancehecon-
dence in the measuremeragainstthe con dencein the statees-
timateto determinehe amountby which the stateestimateshould
change. An overview of the underlyingmathematicgs given in
AppendixA.

The prediction-correctiofoop describedabore continuallyruns
asthe systemobtainsdistancesamples.

Theposition(P) Iter modelis exactlythesameasthePV model,
exceptthatit only maintainsthe position of theuser( , , ).
Whereasn the PV modelwe assumehatacceleratiorandhigher
orderderiatives are zero, in the P modelwe assumehat veloc-
ity and higherorderderivativesarezero. A P model lter is less
computationallyexpensve and hassomedistinct accurag adwan-
tagesin certainsituations,which we will seein our experiments
(Sectionb).

Finally, we introducethe multi-modal Iter , away of combining
the outputstatesof our PV andP modelsto producea bettersolu-
tion. Theideahereis simple. Sincewe have two statesandtheir

Of coursejn mary casest maybeimpossibleto know the speed
apriori.

correspondingovariancesby continuingour normally-distrituted
assumptiorwe canquickly comeup with a way thataveragesour
two statesweightingthemby their covariancesThis ideahassig-
ni cant promise,especiallybecauseat works acrossdimensions,
suchthatif oneof the lters hasa bettercovarianceonly along,
say the -axis, the multi-modal Iter will weighits -coordinate
outputmoreheaily thanthe others.Multi-modal Iters tendto be
moreaccurateandtrack movementwell, aswe will shawv in 5.

3.3 Outlier Rejection

The third modulein our trackingalgorithmimplementsoutlier
rejection. Sincethe EKF providesan estimateof the currentposi-
tion basednits stateestimatethe systemcancomputea guesof
the value of ary distancemeasuremerfrom a beaconor to a re-
ceiver in theinfrastructure.The differencebetweerthis guessand
theactualmeasuremerte nesaresidual , of eachmeasurement.
If , anempirically-selectegharameterthenwe saythatthe
measuremerns anoutlier.

A subtlebut importantpointlurksin this de nition of anoutlier.
Sincethe residualis computedbasedon the EKF's state,if it gets
into a badstatethenwe expectthe residualsof the accuate mea-
surementso be high. At this point, the systembeginsto rejectall
of the samplesand the EKF's statebecomesrogressiely worse
becausehe systemis no longeracceptingary measurementthat
canhelp correctthe state! The traditionalsolutionto this problem
is to modify our outlier rejectionto testfor outliersbasedon the
modi ed formula , Where is a scalarcomputed
basedon our statewhich we expectre ects the con dencein our
state.This formulacomputesvhatis commonlyknowvn asthe Ma-
halanobisdistance[2]. We chosenot to implementthis scheme
becauset dependsonthecon dencein the statevector on which
we have no guaranteesf properbehaior. It alsodid not perform
well in our empiricalmeasurements.

Thesolutionto thefalsesamplerejectionproblemthatwe chose
to implementis to monitor the fraction of rejectionsmadeby the
systemover sometime window. If this fraction signi cantly ex-
ceedghefractionof outlierswe expectto receve, we thendeclare
thatthe EKF is in a badstate. At that stage,we look to our least
squaresnodelfor possiblerecourseThatis, we computetheresid-
ualof theLSQ outputwith respecto themostrecentmeasurement.
If this residual, is lessthanthe EKF's residual, , thenwe
resetthe Iter with theleastsquaregstimateasour position.If the
leastsquaresesidualis higher thenwe do nothing,in which case
we expectthis testingto continuein futuretime-steps.

4. HYBRID ARCHITECTURE

Occasionallythe Kalman Iter will getinto abadstate.This sit-
uationrarely happensn the active mobile approachf the mobile
canhearthreeor morebeaconsbut may happenwhenit doesnot.
The Kalman lter in a passie mobile systemhasa higher proba-
bility of reachinga bad statesincethe distancemeasurementare
serializedin time. Oncewe detecta bad state,the listenerusesa
mechanismo resetits Kalman lter to aknown listenerposition.

In anactive mobile approachthe listenercaneasily computea
positionestimateusing simultaneouslistancesamplego multiple
beacons. In contrast,in a passie mobile approach the listener
feedsthe non-simultaneoudistancesamplego an LSQ estimator
to computea position estimate;the LSQ estimationis computa-
tionally complex andis subjectto large errors (we shaw this in
Section5) becausehe LSQ estimationworks with distancesam-
plesthatmayhave beenobtainedvhenthedevice wasin adifferent
position.

As a solutionto this inherentdif culty in resetingthe Kalman
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Figure4: Flow chart of a mobile device using a hybrid architecture.

Iter in a passve mobile systemwe proposethe following hybrid
solution the tracking problem. During the normal operation,we
usethe passie mobile systemdueto its scalabilityandguaranteed
userprivagy. At start-uptime, andwhenwe detecta badKalman

Iter statethelistenertransitionsto active mobile operationto ob-
tain multiple simultaneouseacondistancesamplesas shawvn in
Figure4.

We develop the following methodto transitionbetweernpassve
andactive modeon themobiledevice:

1. AslongastheKalman Iter' scon denceis high, thelistener
doesnottransmitary information;only beaconslo.

2. If the listeners Kalman lter stateis deemedbad, thenit
becomesan active transmitter This transitionis usuallyre-
quiredif thedevice experiencesudderinearacceleratioror
aturn. Thelistenerthengenerates concurrentRF andUS
pulse with the RF messagéaving noinformationin it other
thanarandomlygeneratedhonce.

3. If abeacorhearsan RF messaggeneratedy a mobile and
the correspondindJS pulse,it waits for a shortrandompe-
riod of time andbroadcastshe nonce(setby the mobile) to-
getherwith the distanceestimate.During the broadcastthe
beaconsisea simple CSMA schemavith randomizedack-
off to avoid RF collisions. After receving this information
from nearbybeaconsthe listenercan computeits position
accuratelysince the simultaneitycondition holds for these
distancesamples.Next, the listenerusesthis position esti-
mateto resetits Kalman Iter .

We canuseeitherof thefollowing approacheto enableapassie
listenerto transitionto anactive mode.Oneapproachs to setaside
auniquetime slot for the active listenerto transmit. This approach
requiregime synchronizatiommongthebeaconsandthelisteners,
sothatall the participantshave a uni ed view of thetime slot al-
location. The otherapproachs to usea simple CSMA schemeén
which the mobile competeswith the beacondor transmittingthe
messageequestinganginginformation. Onedisadwantageof this
schemas thatbeaconseedto continuoushlistento the RF chan-
nelfor possiblemobiletransmissionswWe implementedhesecond

approachdueto its simplicity.

In implementingthis hybrid approachthe designercanchoose
how frequentlythe mobile devicesarelikely to chirp by selecting
anappropriatebadstatedetectiornthreshold.Thatis, sincethe hy-
brid systemwould typically containa mixture of both active and
passie listenersatary giventime, anappropriatdalancebetween
thetwo modescanbe achiezed with sometuning.

We now look at threeimportantarchitecturapropertiesanddis-
cusshow well the hybrid approactperformsin eachcase.

4.1 Scalability

Thetransitionto an active transmissiorstateby the mobile de-
vice happensonly when the Kalman lter' s stateis bad, which
meansthat the systemasa whole is likely to remainscalableun-
lessa large numberof mobile devicesin the sameneighborhood
simultaneoushhave abad lter state.Evenif suchanunfortunate
situationwereto arisein practice,it is possibleto designa scheme
to throttlethemobile's badstatethreshold-eportingbasecon chan-
neloccupang.

It would evenbe possibleto pick betweerthe active mobileand
hybrid architectureén real-timebasedn the numberof othermo-
biles nearby In this scenariowe assumeprivacy isn't important,
sothatif thereis only onemobilein the spacehenthis mobileac-
tively chirps.If therearetwo mobilesthenthesemobilestake turns
chirping. Whenthe numberof mobilesexceedghe numberof bea-
cons,the mobilesstartto actively chirp only if they getinto avery
badstate. Eventhen,the de nition of “very badstate”couldbea
function of overall demand.If necessarya priority schemecould
beimplementedhatgivescertainmobilespreferentiabccesso the
RF andultrasonicchannels.

4.2 Privacy

Theuseof arandomnonceevery timethemobiletransmitshelps
to hide the mobile's identity. When the mobile device actively
transmits,an eavesdroppemould be able to determinethat there
is somemobile unit at the given position. This doesnot revealthe
positionof a given userprovided thereare mary usersin a given



region. However if thereis only oneuserin a singlespaceandthe
systemknows thatthereis only oneuser thenshemight be easily
tracked.

The following conditionsappearto be sufcient in practicefor
maintaininga reasonablelegreeof locationprivagy.

1. Thespacds denselypopulatedr hashigh levelsof traf c.

2. Evenwhenthereis only asingleuser a promiscuoudistener
musthave knowledgeaboutthenumberof usersn thespace,
sinceit would have to know thatall of the positionestimates
correlateto asingledevice.

3. In the hybrid architecture the percentageof active mobile
transmissionds relatively low (as explained later in Sec-
tion 5, especiallyin Figure13), makingit dif cult to track
themobile continuously

Theseconditionsmake therandomnonceapproachveryreliable
for preservingmobile privagy. Our resultsin the next sectionshav
thatthe fraction of timesthata mobile mustactiely chirp is very
small (about1.5%) to achiere a performancecloseto the active
mobile scheme.

Finally, notethatif the mobile device is very concernedabout
privagy it canoptnotto fall backon the active transmissiommech-
anism,andalwaysuseLSQ instead.

4.3 Decentralization

Our protocol preseres the decentralizechatureof the passie
mobile architecturesowe don't have to run a cumbersomevired
or wirelessnetwork infrastructureconnectinghe ceiling-mounted
receversto acentrallocationto computenobiledevice positiones-
timates.Whene&er a mobile actively chirpseachbeacorthathears
this chirp sendsthe measuredlistancebackto the mobile device
over the RF channel(no ultrasoundransmissionis required). All
positioncalculationsare doneon the mobile node. Not only does
this signi cantly reducenfrastructurecosts;it alsosolvestheprob-
lem of correlatingandaggr@ating distanceestimatedrom differ-
entbeacons.

5. EVALUATION

In this sectionwe presentthe resultsof several experimentsto
evaluatethe performanceof different location architecturesand
trackingtechniquesTheseexperimentsshedlight on the strengths
andweaknessesf the differentmethods.During our discussions
in this section,unlessstatedotherwise whenwe referto a Kalman

Iter we are talking aboutthe multi-modal extendedKalman |-
ter thatimplementsboth the PV and P modelsand averagegheir
outputsweightedby their covariances.

We rst describeour experimentalsetup,followed by a discus-
sion of the tracking performanceof the three architecturesdis-
cusseckarlier: passve mobile, active mobile,andhybrid. We then
comparethe PV andP modelsin the EKF, shaving how theirrela-
tive performancalifferswhenthe device acceleratege.g., turnson
the tracks). We thendiscusshow to scalethe performancesvalu-
ationto determinewhatwould happenrat higherdevice movement
speeddy down samplingtheobsereddistanceneasurementdVe
concludethis sectionwith a discussiorof the computationatom-
plexity of thevariousschemes.

5.1 Metrics and Setup

We begantestinganddeveloping our trackingtechniquesising
asimulator This approachworked well while trying variousideas
becausewve could directly measuresvery causeandeffect in that
ervironment. However, becausehe performanceof the different
schemeslependstronglyon the natureof the erroneoudlistances
obseredin practice we neededa real-world experimentatestbed.

Figure 5: Picture of the experimental setup. The beaconsare

shown on the ceiling; the cablesemanating from the beacons
are usedin a subsetof the active mobile experimentsto report

distancesamplesobsewed by infrastructur e nodes.

We developedone using Cricket's hardware and software infras-
tructure.

Developingatestbedo facilitateaccurateandrepeatablérack-
ing experimentgproved moredif cult thanwe expected.Theprob-
lemwasthatwe wantedanapparatushatwould capturereal-world
noise,signalloss,andre ections,but atthesametime permitsome
degreeof experimentalconsisteng so thatwe could run multiple
runscomparingdifferentapproachesWe alsoneededo selectan
apparatusvhichwouldallow usto simulate‘typical” humammove-
ment,includingturns,starts,andstops.all atdifferentspeeds.

We decidedo useacomputercontrolledLegotrain setplacedin
alargeroom,with Cricket attachedo the moving train. A picture
of this setupis shawvn in Figure5, andthetrajectoryof thetrainin
schematidorm with distancess shavn in Figure6. Theschematic

gure wasobtainedby placinga listenerat a numberof positions
on the track and calibratingits positionwhile at restover a long
periodof time ateachposition.

To conductour mobile tracking experiments,we attacheda
Cricket listenerto the train and Cricket beacongo the ceiling?
We calculatedhe beaconspositionsoff-line usinga combination
of manualandmobile-assistetheasurement$ie reportonthere-
sults of experimentsconductedat six differentspeeds:0.34 m/s,
0.56m/s,0.78m/s,0.98m/s,1.21m/s,and1.43m/s. Thesespeeds
model a rangeof realistic pedestriarspeeds. This experimental

As explainedlater, this setupallows usto investigateall threelo-
cationarchitecturesnot justthe passie mobileone.
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Figure7: True positioning error, comparing distancemeasured
to distanceexpectedbasedon track counter.

setupincludeda numberof real-world effects, including multiple
beacong ve or six in all experiments)interactingwith one an-
other varying distancedrom the differentbeacongo the listener
andultrasonicnoiseandre ections. For eacharchitectureandeach
speedwe gathereddatasamplesover a ve-minuteintenal. We
gatheredabout15,000individual distanceestimatesn the active
mobile architectureandabout3,000distanceestimatesn the pas-
sive mobilearchitecture.

All of the error valuespresentedn this sectionare relative to
thetrain's real position,which we recordedusingan optical track
countermountedat the bottom of the train. The track counter
countedthe numberof trackstraversedduring its motion. We ex-
pectthis counterto beaccuratedo 1 cm, thedistancebetweertrack
edges.However, becausef inaccuraciesn the beacorcoordinate
assignmentandin the mappingof the optical countervaluesto
coordinateswe expect our true position error to be larger than
one centimetersomeof the time. The true positioningerror dur
ing movementis shawn in Figure7, wherewe shav the difference
betweendistanceaneasuredy the Cricket system,and the dis-
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Figure 8: Err or CDF of the differ ent architectureswith the de-
vice moving on the tracks at 0.78m/s.
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Figure 9: Err or CDF of the differ ent architectureswith the de-
vice moving on the tracks at 1.43m/s.

tancewe expectedbasedon the track counter Note thatthe error
numbershavn onthis curve aredifferentfrom theraw Cricketdis-
tanceerror (i.e., relative to alaserrange nder measuremenwhen
the listeneris not moving); the Cricket hardware's “raw” erroris
usuallyl cm andalmostnever morethan3 cm. The gure shavn
embodieghreesourcef error: theraw Cricket distanceerror, the
errorinherentin our pre-programmetheaconcoordinatesandthe
errorin ourtablematchingtrack countervaluesto coordinates.

5.2 Tracking Performance
We now investigatethe tracking performancef the threearchi-
tecturesandcomparethem.

5.2.1 PassiveMobile Architecture

In the passie mobile architecture,every beaconin the room
chirpsperiodically suchthatwe endup with a time-seriesof non-
simultaneouslistanceestimatesat the mobile device. The bottom
two curvesin Figure 8 shawv the error CDF for our multi-modal
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EKF andleastsquareslgorithmsataspeedf 0.78m/swhile trav-
eling on the path shawn in Figure 6. Here,the multi-modal I-

ter performswell; the th-percentileerroris anacceptabl®.3m
(notethat the tracksare 2.5 m long and 1.2 m wide, with turns),
whereagheleastsquare®nly achievesthis level of precisiononly
30%of thetime. Thepoorleastsquareperformances theresultof
the simultaneityassumptiomot holding,asdiscussedh Section3.
The bottom two curwves in Figure 9 shav the results of the
samepassive mobileexperimentconductedtthehighermovement
speedof 1.43m/s. Here,the multi-modal lter maintainsreason-
able performancewhile leastsquareperformsmuchworsesince
the simultaneityassumptiorbecomesncreasinglyinvalid with in-
creasingmobile speed.The top curve in Figure 10 shaws the in-
creasen mediarerrorof amulti-modal Iter with increasingpeed.
The simultaneityassumptiorholds, however, whenthe train is
static. In this casethe leastsquareserroris small, but still not as
goodasthe Kalman lter. The reasonfor this (slight) difference
in quality is that the leastsquaresprocedurehasa x ed window
sizeandcanthusbethoughtof asa“ nite impulseresponse(FIR)
Iter . Thus,evenif we give leastsquaresnin nite numberof nor
mally distributedsamplest may never corverge to the exactloca-
tion because¢hatapproachdiscardsexpired samples.The Kalman
Iter , ontheotherhand,is an“In nite ImpulseResponse(lIR), so
aslargernumbersof samplesomein, theerrorcorvergesto zero.

5.2.2 ActiveMobile Architecture

In the active mobile architecture,the mobile device actively
chirps,andthe x edinfrastructurenodesthenreply eitherover a
radio channelor a cabledinfrastructure,reporting the measured
distancedo themobile device or somecentralprocessor

An importantobsenation to make beforelooking at resultsis
that throughoutour experimentswith this architecturethere was
only onelistener, andthusno contentionfor the ultrasoundchan-
nel. In ary implementatiorwith multiple mobiledeviceswe expect
the errorof atrackingtechniquenvolving active mobile transmis-
sionsto increaseasthe numberof mobilesincreasesin this sense,
theresultspresentedor the active mobile approaclharequite opti-
mistic.

The CDF of the numberof distinct ceiling-mountedrecevers
whosedistancereportswere heardby the mobile device per ac-
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Figure 11: CDF of the number of repliesfrom infrastructur e
recevers per active mobile chirp, using an RF channelfor re-
porting distances.Therewereatotal of sixinfrastructur enodes
in the experiment.
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Figure 12: CDF of the number of repliesfrom infrastructur e
recevers per active mobile chirp, using cabled channelsfor re-
porting distances.Noticethe scale;all veinfrastructur enodes
in the experimentreply to more than 96% of the active mobile
chirps.

tive chirp, in a systemusingaradiochanneto communicatehese
distancegrom theinfrastructureto the mobile device, is shavn in
Figure11. The total numberof ceiling-mountedreceversin this
systemwassix. The numberof responsesloesnot dependon the
device's speed. The primary limiting factorwasthe radio, which
operatedat 38.4 Kbits/s; becauseof the large aggregyate number
of messagethathadto be sentfrom theinfrastructurenodes the
preambleoverheadf every radiomessagg@rovedto bethe bottle-
neck. We expectthis limitation to subsidein the comingyearsas
radiosfor embeddedlevicesbecomeaster

The samemetric, for a systemin which a cabledinfrastructure
is usedto reportdistancesis shavn in Figure12. Herewe seethe
expectedresult: if the radiobottleneckis removed, a muchhigher
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Figure 13: Frequencyof mobile chirps at differ ent speedsin
the hybrid architecture, given aspercentiles.

percentagef distancesrerecorded All resultspresentedrefrom
the more optimistic cabledsystemwhich may be moreexpensve
or cumbersomeo deploy in practiceonalargescale.

The top-mostcunesin Figures8 and9 shav the error CDF of
our EKF schemeén this architectureata speedf 0.78m/sand1.43
m/srespectiely. In both casesthe medianerroris lessthan5 cm,
comparabldo the baseerrorof our experimentaketup.We do not
shaw the resultsfor the leastsquaresandthe multi-modalmodels
underthe active mobile architecturesincethe curvesareindistin-
guishablepecausehe simultaneityconditionis satis ed underthe
active mobile architecture)eastsquaress a viable playereven at
higherspeeds.

5.2.3 Hybrid Architectue

Wenow look attheerrorpro le of oursystemin anernvironment
thatallows the Kalman Iter to obtainsimultaneouslistanceesti-
mateswvhenthey arethemostuseful(i.e., whenthe lter isin abad
state).

Leastsquarehereis notmeaningfulbecauseve expectit to be-
have the sameasit did underthe passve mobile architecture ex-
ceptfor the (small) fraction of the time thatit hasa little more
information. The pointis thatleastsquareslreadyuseshe simul-
taneityassumptionso lling its buffer half-way with simultaneous
informationa smallfraction of thetime doesnot have a signi cant
impacton the outputerror

Figures8 and9 shav the error CDF graphsfor the multi-modal
Kalman lter undertwo differentspeedgthe relevant curves are
the secondfrom the top in both gures). This architectureshaws
goodbehaior; even at the highestmavementspeedof 1.43 m/s,
themedianerroris atolerablel5cm.

Theimprovementin error (both medianandtail behaior) over
the passie mobile schemecomeswith little cost. Figure13illus-
tratesthefrequeny of active mobilechirpsasafunctionof thetrain
speedA linearrelationshipbetweertrain speedcandthefrequeny
of active mobile chirpsis highly desirable sinceit meansthatwe
are getting this helpful (but costly) datamore as error increases.
Ideally this could male the error constantas our speedncreases,
whichis aneffectwe comecloseto (consideringhescale) asseen
in Figure10. Themainconclusionfrom this graphis thatthenum-
ber of active chirpsfrom a mobile device is a smallfraction of the
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Figure 14: Apparatus B: Schematic representation of the
train' strajectory.

numberof beacontransmissions—its never more than 3% and
at mediumspeedss only 10in 1000, while achiezing a tracking
error closeto that of the active mobile system. Quantitatvely, at
the highestspeedwve geta 59%increasen accurag over the pas-
sive mobile system,relative to the active mobile system. This is
achiaedwith a2.2%increasén the numberof distanceestimates
used.

We arrived at the abore numbersusing the following calcula-
tion. At the highestspeedwe werein a bad stateduring 62 out
of the 3,506 periods. We averaged3.7 distancemeasurementger
active mobile chirp, andthusconsumed total of 296 extra mea-
surements.In the active mobile case,at this speed we averaged
4.9 measurementger period,for a total of 17,178measurements.
The passie mobile architectureconsumecone measuremenper
period;3,506distancesn total. Sothetotal percenincreasen dis-
tancemeasurementssedby the hybrid architectureover the pas-
sive mobile architecturerelative to the active mobile architecture,
is , or 2.2%. The medianerrorof the passve
architectureEKF at this speedvas22 cm. In the active mobilear
chitectureit was4.7 cm, andin the hybrid architecturdt was14.9.
Thus,ourincreasen precisionis , or 59%.

5.2.4 Tradcking PerformanceSummary

Thehybrid architecturegurnsout to performwell, incurringlow
overheadpecauseave only take onthecostof theactive mobilesys-
temwhenthe payof will belarge. As seenin Figure9, we come
signi cantly closerto active mobile performancéy only usingac-
tive mobileinformationonly 2% percentof thetime.

In Figure8 we examineasimilargraphbut atlowerspeedsEven
thoughthemobilechirpshalf asoftenthehybrid Iter shavs better
accurag. Overall errorimprovesasexpected put the hybrid archi-
tectureapproachethe performancef theactive mobilefasterthan
thepassie mobiledoes.

5.3 Comparing the P and PV EKF Models

In this sectionwe will referto a secondexperimentalsetupto
illustrate someconcepts.We will call the experimentalsetupwe
have seenthusfar “apparatusA,” andthe newv experimentalsetup
“apparatusB.” The track layout for apparatus is shavn in Fig-
urel4.
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A generaltrend from our experimentsis that the P-modelhas
betterlarge-eror behaior thana PV-model does,evenwhenthe
useris moving. This is shavn in the extremetop-right cornerof
Figure 15, but is more apparentunderapparatusB, as shavn in
Figure16. This effect is bestexplainedby the turnsin our track.
BecausegheP-modebssumethattheuserSvelocityis zeroandwe
know thisisn't true,we tuneour P-modelEKF to degradethequal-
ity of its statevector quickly (i.e.weigh incoming measurements
moreheaily thanits projectedstate).Thereforethe P-modelEKF
performsjust aswell duringturnsasduring straightsegments.On
theotherhand wetunethePV modelto have ahighercon dencein
its statevectorsinceit hasfewerassumptions(l.e. only thataccel-
erationandhigherorderderivativesarezero,asopposedo veloc-
ity, accelerationetc. in the P-model.)Becausehe projectedstate
vectorin the PV-modelperformspoorly whenacceleratiorlevels
arehigh, the PV modelperformsslightly worsethanthe P-model
during the extremepoints of turns. This explanationalsotells us
why the effect is more pronouncedinderapparatud3, sincehere

N
=
T

Relative Error (%)
5 S
T T

1 15 2 25 3 35 4 45
Speed Scaling Factor

Figure 17: Percentageof differ encebetweenscaledsimulations
and real data at the samespeed.
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Figure 18: The positioning error of various data setsscaledto
differ ent speeds.

theturnsaresharperandthusacceleratiorievelsarehigherthanin
apparatug\.

5.4 ScalingTo Higher Speeds

We begin this sectionwith a hypothesis. We proposethat we
canprocesslovn-sampledxperimentabatato effectively emulate
highertrain speedsFor example,if we have datacollectedwhile a
mobilewasmoving at1 m/s,we canmake agoodapproximatiorto
theerrorswe couldexpectat 2 m/sby only giving our lters every
otherdistancemeasurement.

As illustratedin Figure 17, it seemghatthis hypothesiss rea-
sonable.The shapeandhighly sporadicnatureof this plot suggest
thatwe cannotmalke ary meaningfulmathematicagjeneralizations
aboutits nature but the factthatthe largestrelative error obsered
is lessthan 20% suggestghat for ary scalingfactor of lessthan
four in speedthis approactwill bereasonablyccurate.

Now, we take eachsetof datacollectedat the six speedgiven
in Section5.1, and scaleit up by factorsof one, two, three,and
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one time step of different tracking algorithms. From left to
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four. We thenrun this new data(twenty-foursetsin all) through
our lters, which produceghetrendshavn in Figure18. Thisdata
wasfrom a passve mobilearchitectureanda multi-modalEKF.

In Figure18, thepointscorrespondingo thedifferentspeedsre
roughly alonga line, which suggestghat the emulationof higher
speedss correct. We arrive at this conclusionby noticingthatthe
medianerrorlinearlyincreasesvith speedn Figure10. Moreover,
asFigure 17 shaws, for the speedsvherewe have measurediata
available,the emulationof scalingperformanceloesnotgrow dra-
maticallywith speed.

It is importantto notethatthe EKF lters during all of our ex-
perimentaveretunedwith thesameparameters;e., theparameters
thatgovernhow covariancesreprojectedacrossterationswereall
the same. The optimal parametesettingdependwon the device's
speedbecausasthe speedncreasesheassumptionsf our lters
becomeprogressiely worse. However, we choseto make thema
constantfor two reasons.First, determininghow the parameters
shouldchangewith speeds notclear Secondit is notdesirableo
incorporatesuchafeedbacKoop into thesystemjf the parameters
aretunedbasedn the stateof the EKF, badthingscould happerif
the statedegrades.

Therefore asthe speedncreasesn the passve mobilearchitec-
ture, all of the incomingdistancesegin to look like outliers,and
we saturateherateof invocationsof the LSQ method.We canex-
pectthatasthe speedncreasespur EKF behaesmoreandmore
likeanLSQ lter, whoseperformancealsoseverely degradeswith
speedasshavn in Figure9.

In contrast,recallthatin the hybrid architecturewheneer the

Iter reachesa bad state,the device performsan active mobile
chirp. In this case,asthe speedincreaseghe systemwould sat-
uratethe rate of fallbacksontothis active mobile chirp. Thatis, it
would behae just asan active mobile architecture.This behaior
setsanupperboundonthepositioningerrorof asystemmplement-
ing ahybrid architectureathigh speedsthehybrid architecturecan
alwaysperformquitewell.

5.5 Computational Complexity

A graphshaving the numberof multiplication andexponentia-
tion operationdor a large subsebf our algorithmsis givenin Fig-
ure 19. Theleastsquaredarcanbe generalizedor all implemen-

tationssinceit alwaysminimizesfrom somesetof distancesafter
beingbufferedin the caseof the passie mobile architecture.We
alsodo not evaluatethe computationaperformanceof our multi-

modal lter sinceit will becloseto thesumof its PV andP models.

We male afew importantobsenationsfromthisdata.The rst is
thatour P modelis aboutfour timesfasterthanthe PV model,even
thoughit only hashalf of thenumberof elementsn its statevector
Most of the computationatesourcexonsumedy Kalman lters
areusedin the covariancepredictionphasesinceif the statevector
has elementsthenthis calculationinvolves two matrix
multiplications. So we seethat the numberof operationsneeded
in anave Kalman Iter grows as . However, becausef the
sparsenatureof someof the computationsnvolved, we wereable
to pull theincreasdn computationatompleity of the PV model
down to about

Secondwe seethateventhoughthe active mobile modelshave
about ve to six timesthe amountof datato processtherewere
either ve or six beacongduring theseexperiments)their compu-
tationalcompleity is only aboutdoublethatof the passie mobile
models. This relatively low increasein computationtime is be-
causethesedistancearemeasureagimultaneouslyandthuscanbe
incorporatedinto a single lter time-step. Thereforecovariance
predictiononly hasto occuronce.

It is obvious from the datashawvn thatthe leastsquaresnodule
is computationallycomplex. Thereis not muchthatcanbe done
aboutthis unlesswe sacri ce someaccurag. Finally, we notethat
we optimizedour Kalman Iter proceduredo take adwantageof
thesparsenatureof the covariancematrix sothatmultiplicationsin
which one of the factorsis zeroarenot performed.This provided
abouta two-fold increasen ef ciency, sothe numberdrom araw
EKF implementatiorwould beworse.

6. CONCLUSION

This paperinvestigatedhe problemof trackinga moving device
in the context of two locationarchitectures.In the active mobile
architecture, x ed recevers at well-knovn positionsperiodically
receve wirelesssignals(e.g., radio andultrasoundfrom a mobile
device, allowing the infrastructureto track the device (or for the
moving device to trackitself). In the passie mobile architecture,
x edbeaconsn theinfrastructureperiodicallybroadcasinforma-
tion thatallows a moving device to trackitself.

The passie mobile architecturescaleswell with anincreasing
numberof mobile devices, but doesnot allow simultaneouslis-
tanceestimatego be obtained;as a result, its tracking hasto be
doneonedistanceconstraintat a time, which is lessaccuratehan
in the active mobile case.This paperinvestigatedherelative per
formanceof thesetwo approaches areal-world testbecbasedn
the Cricket system.

We investigatedhe performanceof an approachthatusesthree
componentsa leastsquare®ptimizer an extendedkalman lter,
andanoutlierrejectionmethod.We usedourresultsfrom theactive
mobile andpassie mobile approacheto designa hybrid approach
thatpreseredthe scalabilityandprivacy advantage®f thepassie
mobile approachwhile greatlyimproving trackingprecision.
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APPENDIX
A. EKF CORRECTION STEP

This sectiongivesmoredetailsof the EKF correctionstep.After
we computeour predictedstatevector and covariancematrix for
sometime later, we procesghenewly measuredlistancesam-
ple. Theideahereis thatwe have an estimateof the varianceof
the distancemeasurement, (we assumehatit is normally dis-
tributedaswell), andwe weigh the outputbetweenthe predicted
stateandthenewv measuremertasedntheirrelative covariances.
Thefactorthatdoesthis weightingis calledthe Kalmangain,
Wede ne , afunctionthat, givena statevector , computes
the expecteddistanceto the appropriatebeacon.We de ne  as
the Jacobiarof . Denotethe nev measurementty . We then
arrive atthefollowing threeequations:

XBeacon = 5 Xk(-) = 10
4 .
N 2 ( )—}
—— « ) = 8.66
Z. =1

Figure 20: lllustration of our -D, point model, correction step
example.

We will usea very simpleexampleto illustratethe useof these
equations.We implementa Kalman lIter to track an objectin a
-D spaceusingaP (“point”) model,shavn in Figure20. Suppose
we have thefollowing predictedvariables:

Supposéhemeasuremergndits variancefrom abeacorocated
at are,respectiely,

Then,

Here, the varianceof the predictedstateis one-halfof the new
measurementso while the nev measuremenivould suggesthat
the listeneris at , the correctedstateis only pulled toward
thatpoint.

Now we will obsere the end-pointbehaior. If , then

, andour projectedstateandthe statedictatedby thenew
measurement, , would be averagedo producethe corrected
state.Furthermoreas  goestoin nity (i.e., asourmeasurement
becomedessreliable), goesto zero, and the correctedstate
andcovariancematricesarenot changed.Converselyas  goes
tozero, goesto one,andthecorrectedstateapproaches

The simplicity of this example doesnot highlight the dimen-
sionsof thetermsinvolved. If our Iter has statesandour mea-
suremenvectorfor thecurrentiterationcontains measurements,

then isan vector isan matrix, isan
vector isan matrix, isan matrix, and
isan matrix.



