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ABSTRACT
We studythe problemof trackinga moving device undertwo in-
door location architectures:an active mobile architectureand a
passivemobilearchitecture.In the former, the infrastructurehas
receiversat known locations,which estimatedistancesto a mobile
device basedon anactive transmissionfrom thedevice. In thelat-
ter, the infrastructurehasactive beaconsthatperiodicallytransmit
signalsto a passively listeningmobile device, which in turn esti-
matesdistancesto thebeacons.Becausetheactivemobilearchitec-
ture receivessimultaneousdistanceestimatesat multiple receivers
from themobiledevice, it is likely to performbettertrackingthan
thepassivemobilesystemin whichthedeviceobtainsonly onedis-
tanceestimateat a time andmayhave moved betweensuccessive
estimates.However, an passive mobile systemscalesbetterwith
thenumberof mobiledevicesandputsusersin controlof whether
their whereaboutsaretracked.

Weanswerthefollowing question:How dothetwo architectures
comparein trackingperformance?We �nd that the active mobile
architectureperformsbetterat tracking,but thatthepassive mobile
architecturehasacceptableperformance;moreover, we devise a
hybrid approachthat preserves the bene�ts of the passive mobile
architecturewhile simultaneouslyproviding thesameperformance
asan active mobile system,suggestinga viable practicalsolution
to thethreegoalsof scalability, privacy, andtrackingagility.

Categoriesand SubjectDescriptors
C.3[Special-purposeand application-basedsystems]: Real-time
andembeddedsystems
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1. INTRODUCTION
Determiningthelocationof adeviceis afundamentalproblemin

mobilecomputing.Theimportanceandpromiseof location-aware
applicationshasled to the designandimplementationof systems
for providing locationinformation,particularlyin indoorandurban
environmentswheretheGlobalPositioningSystem(GPS)doesnot
work well [1, 7, 13, 15]. In general,thesesystemsprovide more
accuratelocationinformationwhena mobiledevice is at restthan
whenit is in motion: trackingamoving deviceis harderbecausethe
inevitableerrorsthatoccurin thedistancesamplesusedto localize
thedevice areeasierto �lter out if thedevice's positionitself does
notchangeduringtheaveragingprocess.

This paperaddressesthe problemof trackinga moving device
usingtheCricket indoor locationsystem.Our motivatingapplica-
tions includehumannavigation, wherethe goal is to direct users
to their desireddestinationson an active map,roboticnavigation,
wherelocationsensorsprovide position information to a moving
robot,andmulti-playergames, whereplayerscanmove in thereal
world in a gamelike Doom or Quake, andhave their movesac-
curatelyrepresentedin the computergame. All of theseapplica-
tionsrequirethepositionof adevicemoving athumanspeedsto be
tracked.

The architectureof a locationsystemin�uences its scalability,
its ability to preserve userlocationprivacy, its easeof deployment,
and its device-trackingperformance. We distinguishtwo differ-
ent indoor locationarchitectures.The activemobilearchitecture,
as illustratedin Figure 1, hasan active transmitteron eachmo-
bile device,which periodicallybroadcastsa messageon a wireless
channel(e.g., an RF messageor an RF messagecoupledwith an
ultrasonicpulse).Receiversdeployedin theinfrastructure(e.g., on
ceilingsandwalls) listenfor suchbroadcastsandestimatethedis-
tanceto themobile on eachbroadcastthey hear.1 Typically, each
receiver propagatesthis distanceinformationto a centraldatabase
that thenupdatesthelocationof eachmobiledevice. Examplesof
thisarchitectureincludetheActiveBadge[15], ActiveBat [7], and
Ubisense[3] systems.

In contrast,thepassivemobilearchitecture,asillustratedin Fig-
ure2, invertsthetransmitterandreceiver locations.Here,beacons
deployedatknown positionsin theinfrastructureperiodicallytrans-
mit their location(or identity) on a wirelesschannel,andpassive
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Not all active mobile schemesusedistanceestimates;for exam-
ple, theActive Badgesystemlocalizesnodesto with roomsusing
infrared.



Figure 1: In an active mobile architecture, an active transmit-
ter on eachmobile deviceperiodically broadcastsa messageon
a wir elesschannel.

receiversonmobiledeviceslistento eachbeacon.Eachmobilede-
vice estimatesits distanceto every beaconit hearsandusestheset
of distancestoestimateitsposition.An exampleof thisarchitecture
is theCricket system[13].

Qualitatively, the passive mobile architecturescalesbetterthan
the active mobile architectureasthe densityof devicesincreases,
becausethewireless(RFandultrasonic)channeluseis independent
of thenumberof mobiledevices.Unlike thepassive mobilearchi-
tecture,the active mobile architecturerequiresa network infras-
tructureto connectthe deployed receiversto thecentraldatabase.
In addition,the active mobile architecturealsoallows usersto be
trackedmoreeasilyby theinfrastructure,raisingprivacy concerns.
In contrast,thepassive mobilearchitectureallows a mobiledevice
to estimateits locationandcontrolwhich otherentitiesgetthat in-
formation.

However, the active mobile architecturesolves the problemof
trackingmoving devicesin a morenaturalfashion.This is because
a receiver in a passive mobilesystemusuallyhearsonly onebea-
con at a time, andmay move betweenchirps from differentbea-
cons. As a result,thereis no guaranteedsimultaneityof distance
samples, unlike in theactive mobilecasewheremultiple receivers
concurrentlyobtaindistanceestimatesto amoving device. Theab-
senceof guaranteedsimultaneityof distanceestimatesimpliesthat
trackingamoving objectentailsmorethanjustasolutionto simul-
taneousequations.

Thenaturalquestion,then,is Howwell cana passivemobilesys-
temperformat trackinga movingdevice?Canwedeviseamethod
thatenablesthetrackingperformanceof suchasystemto approach
theperformanceof anactive mobilesystem?If theanswerto this
questionis “no”, thenit would suggestthatapplicationsrequiring
fastdevice trackingarebetterservedwith anactivemobilesystem,
but thatcomesat thecostof reducedscalabilityandincreasedpri-
vacy concerns.On theotherhand,if theanswerwere“yes”, then
it wouldsuggestthatapassivemobilesystemis a tenableapproach
for a wide rangeof location-awareapplications.

We show that the underlying tracking problem requiresthree
componentsthatarecombinedin differentwaysdependingon the
architecture.The�rst componentis outlier rejection, whereinegre-
giously baddistancesamplesareeliminated. The secondcompo-
nentis anextendedKalman�lter (EKF), which maintainsthecur-

Figure 2: In a passive mobile architecture, �xed nodes at
known positions periodically transmit their location (or iden-
tity) on a wir elesschannel,and passive receivers on mobile de-
viceslisten to eachbeacon.

rent and predicteddevice statesand correctsthe predictioneach
time a new distancesampleis obtained.Thethird componentis a
least-squaressolver(LSQ) thatminimizesthemean-squarederror
of a setof simultaneousnon-linearequations.

We�nd thattheEKF is ableto trackmovementmuchbetterthan
LSQ in the passive mobile system,and that it doesjust as well
asLSQ in anactive mobilesystem.Speci�cally, for speedsof up
to about0.8 m/s, an EKF model in a passive mobile systemhad
a medianerror of about10 cm, while an active mobile systems'
medianerror wasabout3 cm. At a higherspeedof 1.43m/s, the
passive mobileEKF's medianerrorwas23 cm, comparedto 4 cm
for theactive mobile. For many applications,this errordifference
is unimportant.

Although the performanceof the passive mobile systemis ac-
ceptablefor many applications,we alsoshow how to improve it
further. We improve trackingperformanceby developinga hybrid
approachthat runsthe EKF in the commoncaseandrelieson an
activemobiletransmissionwhentheEKF stateis bad.Wedescribe
a protocol that allows the hybrid approachto not divulge device
information, in an effort to alleviate privacy concerns.Our main
resultis thatthehybrid systemis nearlyasaccurateasour bestac-
tive mobilesystemin trackingmoving devices,while maintaining
theadvantagesof thepassive mobilesystem;its medianerroris 15
cmat a speedof 1.43m/s.

We have implementedall the above schemesin the Cricket lo-
cationsystem,andour measuredresultsare in that systemusing
a repeatableexperimentalsetupthat hasboth straight-linemotion
andradialacceleration.With theimplementationof differenttrack-
ing schemes,usersof the Cricket systemcantake advantageof a
varietyof predictive trackingtechniquesfor applicationsinvolving
continualor unpredictabledevice motion.

2. RELATED WORK
TheActiveBat locationsystemis anexampleof asystemwhich

usesan active mobile architecture[7] . The Bat systemconsists
of a collectionof �x ednodesarrangedon a grid. The �x ednodes
receive ultrasonicchirpsfrom themobiledevice andcomputedis-
tanceestimatesto themobileusingthe time-of-�ight of theultra-



sonic signal. Thesedistancesamplesare forwardedto a central
computerwhich computesthemobile's position.

TheBatsystememploysacentralizedarchitecturein whichboth
mobile transmissionsandmobilepositionestimationsarehandled
by a centralcomputer. TheBat system,asdescribed,is expensive
to implementin thatit requireslargeinstallations,hasacentralized
structure,anddoesnot preserve userprivacy.

On theotherhand,eachof theseexpensesprovidesadirectben-
e�t. Thecentralizedstructureallows for easycomputationandim-
plementation,sinceall distanceestimatescanbequickly shippedto
a placewherecomputationalpower is cheap.Moreover, theactive
mobilearchitecturefacilitatesthecollectionof multiplesimultane-
ousdistancesamplesat the �x ed nodes,which canproducemore
accuratepositionestimatesrelativeto apassivemobilearchitecture.

Someapplications,suchasvirtual reality, requirehigh precision
trackingevenin thepresenceof largeanderraticaccelerations.Two
modernsystemshave beencreatedfor theseapplications. They
provide very preciseposition estimatesat the expenseof infras-
tructureandhardware.

The HiBall headtracking system[16] usespanelsof infrared
LEDsthattaketurns�ashing. Severalhead-mountedcamerasmea-
surethe positionof the �ashing LED andthesystemusesknowl-
edgeaboutthegeometryof theheaddevice's camerasto compute
thedesiredlocationinformation.TheLEDs �ash very quickly and
thusallow verypreciseinformationto beobtained.Someof thedis-
advantagesof thissystemincludethedif�culty of deploying alarge
numberLED panelsto cover anentirebuilding, expensive camera
hardware, high computationcosts,and the possibleinterference
from the ambientlight. Nevertheless,this systemprovides very
precisepositioninformationfor specializedapplicationsthatoper-
atein highlycontrolledenvironments.Thissystemusesatechnique
calledSCAAT (SingleConstraintAt A Time) to trackmovement,
andis similar to our approachin that it handlesonedistancecon-
straintata timeratherthanobtainingmultipledistanceestimatesto
known positionssimultaneously.

TheWhispersystem[14] usesaspread-spectrumaudioapproach
to obtainprecisedistancemeasurements.It encodesinformationon
anaudiostreamandusestime-of-arrival informationto obtaindis-
tanceestimates.The systemcanachieve high measurementrates
becauseof the large bandwidthand the continuousnatureof the
spreadspectrumsignal. This, in turn, leadsto goodtrackingper-
formance.However, human-audiblebackgroundnoise,high com-
putationcosts,andlow rangearesomeof thedisadvantagesof this
system.

The Global PositioningSystem(GPS)operateswell outdoors
andachievesmany of the goalsin positioningsystems,like scal-
ability, decentralizedusage,anduserprivacy [6, 8]. The expen-
sive infrastructureenablessimultaneousdistanceestimatesto be
obtained,sothatthetrackingproblembecomeseasierto solve. The
Kalman�lter -basedtrackingmethodspresentedin this papershare
somesimilaritieswith theapproachusedin GPS.

Leonardet al. investigateunderwater trackingof autonomous
underwatervehicles[9]. Their work usesa Kalman�lter , with ac-
cessto morediverseobservationsthanours,includinginformation
from depthsensors,accelerometers,andcompasses.

Anotherareaof relatedwork is in usertrackingandusermove-
ment predictionin cellular wirelessnetworks. In cellular phone
networks, if the systemcan predict which cells will provide the
bestsignalstrength,the quality of servicecanbe improved. One
implementation,presentedin [11], usesthe so-calledRobust Ex-
tendedKalmanFilter (REKF), introducedin [12]. The REKF is
concernedwith maintaininggood�lter behavior in conditionswith
high uncertainty.

Anothernew classof algorithmic techniquesfor usertracking
is given in [5], where the authorsdiscussBayesianlocation es-
timation. One major differencebetweenKalman �ltering and
Bayesianestimationis that Bayesian�ltering can accommodate
non-Gaussiandistributedmeasurementnoise.Thisbene�t comesat
somecomputationalcomplexity costs,however. BecauseKalman
�ltering is a simpler specialcaseof Bayesianestimation,there
might be bene�ts to be gainedfrom modelingour systemmore
generallythanin our currentKalman�lter -basedapproach.Simi-
larly, particle�lters appearto bea promisingmethodto handlethe
trackingproblem.We leave aninvestigationof theperformanceof
theseapproachesin Cricket to futurework, notingthat thecurrent
Cricket softwareandhardwareinfrastructureis well-equippedfor
researchersto investigatethesequestions.

3. TRACKING ALGORITHM
This sectiondiscussesthedifferentcomponentsof our tracking

algorithmandhow they �t together. We show how thesamebasic
algorithmworks in both thepassive mobile andthe active mobile
architectures,with appropriateparameterselection.

Westartby formally de�ning thetrackingproblem.Whenamo-
bile device hearsa beaconin the passive mobile architecture,or
obtainsa distanceestimateto oneor morereceiversat known po-
sitions in the active mobile architecture,it getsa triple:

� �������
	��

,
where

�

is thecurrenttime,
�

is theknown positionof thebeacon
or receiver, and

	

thedistancebetweenthemobiledevice andthe
known beaconor receiver. Over time, themobiledevice obtainsa
sequenceof suchtriples:
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,
wherethesubscriptsincreaseby onefor eachdistancesample.The
goalof thetrackingalgorithmis to comeup with �

�

�

, a goodposi-
tion estimateof themobiledevicegiventheentiresequenceof past
triples.Of course,individualdistancesamplesmaybeerroneous.

Thisproblemformulationcoversboththeactiveandpassivemo-
bile architectures.In particular, if successive triples all have the
sametime

�

's anddifferent
�

's , thenthesimultaneityconditionis
satis�ed.

The�o w chartof theKalman�lter trackingalgorithmis shown
in Figure3. Therearethreeprocedures:a least-squaresminimiza-
tion (LSQ), anextendedKalman�lter (EKF), andoutlier rejection.
TheKalman�lter updatesits estimate �

�

�

of thedevice's position
every time a new distancesampleis acquired.It alsomaintainsa
con�denceestimatein it statevector, which is usedby the outlier
rejectionstageto rejectdistancesamplesthatare“f ar away” from
the expectedvalue; the precisede�nition of “f ar away” depends
on someheuristics,asdiscussedbelow. Finally, every oncein a
while, the EKF's statewill be bad,andits con�dencein its state
low. When that happens,our tracking algorithm resetsthe EKF
stateby runningLSQ on somenumberof currentandrecentlyob-
serveddistancesamples.

Wenow explain thethreemodulesin moredetail.

3.1 Least SquaresMinimization
If themobiledevicewerestatic,astandardwayto solvetheprob-

lemof estimating �

�

�

is by minimizingthesumof thesquaresof the
error termscorrespondingto eachdistancesample.This method,
calledleast-squaresminimization(LSQ), estimates�

�

�

by minimiz-
ing
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Figure 3: Flow chart for the tracking algorithm. The pictur eshows outlier rejection and LSQ explicitly; all the other stepsare part
of the extendedKalman �lter . The “measurements” are the distancesamplesobtained astriples. The “output” at eachstageis the
position estimate )

*
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Here, +�)

*�,.-0/�,

+ is theEuclideandistancebetweentheestimated
coordinateof themobiledevice andthebeaconor receiver at posi-
tion

/�,

.
LSQ doesnot always producea good )

*�1

estimatefor several
reasons,including:

1. If thedevice is moving, old tuplesneedto bediscardedbe-
foreLSQis run. In theactivemobilearchitecture,onemight
discardall samplesbut the onescorrespondingto the latest
time, andhopethat thereareenoughsampleswith low dis-
tanceerrorto producea goodpositionestimatefor themov-
ingdevice. In thepassivemobilecase,it isnotobviouswhich
samples,if any, to discard.

2. Thesimultaneityconditionmaynot alwayshold for a mov-
ing device, eitherbecausethe systemis basedon a passive
mobilearchitecture,or becausetherearenot enoughdistinct
error-freesamples(lessthanfour in threedimensions)in the
active mobile case(e.g., becausetheuseris in anareawith
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ceiling-mountedreceivers,or becausesomeof the re-
ceiversdid not reportgooddistanceestimates).

3. TheLSQ approachdoesnot explicitly modelnoisetermsin
thedistancesamples.

LSQ is alsocomputationallycomplex. It hasbeenthe topic of
muchanalysisin theoptimizationliterature,andis known to take
long to converge unlesswe imposecertain strict criteria on the
functionwe're minimizing or on thenatureof theinputsto theop-
timization.

Theseshortcomingsof LSQ arewell known; it is for theserea-
sonsthatGPSreceiversusea Kalman�lter ratherthanLSQ. (An-
other reasonis that the useof a Kalman �lter allows a GPSre-

ceiver to predicta goodcurrentpositionbasedon previous mea-
surements.)We alsoadopta Kalman�lter -basedapproach,mod-
eling the systemusinga statevector, for the samesetof reasons.
However, LSQis usefulin initializing andresettingtheKalman�l-
ter, a capabilitywe usewhenthesystem�rst turnson or whenour
�lter getsinto abadstate.Wecanthink of LSQasawayto “brute-
force” thepositionof themobileandtheKalman�lter asa way to
intelligently tracktheuserfrom there.

In the leastsquaresmodelwe have two possibilitieswhendis-
tance measurementsare obtained: either the problem is well-
de�ned or it is not. In

3

-D spacethe locationproblemis usually
well-de�ned if we have four or moredistances.Becauseour least
squaresminimizationtoolsaresensitive to localminimaasa func-
tion of our initial guess,5�6 , it is importantthatweproducereason-
ablestartingpoints.If ourproblemis well-de�ned we canproduce
a good initial guessby solving a linearizedversionof the prob-
lem [10]. We thenprovide this 7

6
alongwith our measurements

to an interior trust-region leastsquaresminimizer [4, 4]. On the
otherhand,if ourproblemis notwell-de�ned weusea“line search
method”with 7

6 asour lastguessat ourposition.
Although thedetailsof theprocedurespresentedin this section

arealmostcompletelyindependentof thearchitecturein whichthey
areimplemented(i.e., active mobileor passive mobile), thereis a
minor differencein our leastsquarescalculator. In leastsquares
underthepassive mobilearchitecturewe do not geta collectionof
simultaneousdistanceestimatesso we maintaina buffer in which
we storethe last 8 measurements.Thecontentsof this buffer are
thenprocessedin thesamewaythattheleastsquaresnormallypro-
ceeds.Thatis, in thepassivemobilecase,wemakethesimultaneity
assumptionandassumethat the distancesin our buffer werecol-
lectedwhenthedevicewasatthesamepoint. Thatassumptionwill



not hold in general;to reducethechancesof theassumptionbeing
invalid, wemake thesizeof thebuffer inverselyproportionalto the
expectedspeedof thedevice.2

3.2 ExtendedKalman Filter
We designan EKF using a statevector with six components,

threepositioncomponents9�:<;�=�;�>@? andthreevelocity components
9�A�BC;�A�D�;
AFE�? . The basicideaof the EKF is that after any discrete
time stepthe�lter hasanideaof its stateandanideaof how con�-
dentit is in thatstate(acovariancematrix). TheEKF usesthemost
recentdistancesampleandits internalstateto project aheadand
produceanestimateof G

H

of wherethedevice might be in thenext
time-step. When the next distancesamplearrives, the EKF �rst
corrects its internal statebasedon the differencebetweenwhere
thedevice would have beenhadthepredictionbeenaccurate,and
theactualdistancesample.Thesestepsareshown in Figure3.

Let IKJML :N=O>PAFBQA�DRAFE�S

T bethestatevectormaintainedby the
EKF. If thepredictedstateat time-stepT is IVUXW�Y

Z andthecorrected
state(theoutputof theEKF) is I U\[<Y

Z , thenin theposition-velocity
(PV) �lter model,whichassumesthatthedevicemovesatconstant
velocity betweentime-steps,thestatepredictionat time ]N^ after
time-stepT for eachpositioncomponentof IVUXW�Y

Z is

:
U_W�Y

Z

J`:
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Z
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Je=
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>
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Z
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c

A
E
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wherethe plus superscriptsand Tjilk subscriptson the velocity
componentsareomittedfor clarity.

Now, let m be a npoqn covariancematrix for the EKF's state
vector(we assumethaterrorsarenormallydistributed). Then,the
predictedcovariancefor time-stepT is

m
UXW�Y

Z

Jsrtm
Ua[&Y

Z

W<b

r

cvu

Z

W<b

; (5)

where r is a statetransitionmatrix speci�c to our model and

u

Z

W<b

re�ects how we expectthequality of our statevectorto de-
gradeover time (e.g., if themobile is moving fasterwe expectour
stateto degrademorequickly).

In the correctionstepthe EKF �nds thedifferencebetweenthe
distanceit expectedto hear(basedon theprojectedstate)andthe
measureddistancesample.TheEKF thenadjuststhestatevectorto
makethisdifferencelesssigni�cant. Theideais to balancethecon-
�dence in themeasurementagainstthecon�dencein thestatees-
timateto determinetheamountby which thestateestimateshould
change. An overview of the underlyingmathematicsis given in
AppendixA.

Theprediction-correctionloopdescribedabove continuallyruns
asthesystemobtainsdistancesamples.

Theposition(P) �lter modelisexactlythesameasthePVmodel,
except that it only maintainsthe position of the user ( : , = , > ).
Whereasin thePV modelwe assumethataccelerationandhigher
orderderivatives arezero, in the P modelwe assumethat veloc-
ity andhigher-orderderivativesarezero. A P model �lter is less
computationallyexpensive andhassomedistinctaccuracy advan-
tagesin certainsituations,which we will seein our experiments
(Section5).

Finally, we introducethemulti-modal�lter , a wayof combining
theoutputstatesof our PV andP modelsto producea bettersolu-
tion. The ideahereis simple. Sincewe have two statesandtheir

w

Of course,in many casesit maybeimpossibleto know thespeed
a priori .

correspondingcovariances,by continuingournormally-distributed
assumptionwe canquickly comeup with a way thataveragesour
two states,weightingthemby their covariances.This ideahassig-
ni�cant promise,especiallybecauseit works acrossdimensions,
suchthat if oneof the �lters hasa bettercovarianceonly along,
say, the > -axis, the multi-modal �lter will weigh its > -coordinate
outputmoreheavily thantheothers.Multi-modal �lters tendto be
moreaccurateandtrackmovementwell, aswe will show in 5.

3.3 Outlier Rejection
The third modulein our trackingalgorithmimplementsoutlier

rejection.SincetheEKF providesanestimateof thecurrentposi-
tion basedon its stateestimate,thesystemcancomputea guessof
the valueof any distancemeasurementfrom a beaconor to a re-
ceiver in theinfrastructure.Thedifferencebetweenthis guessand
theactualmeasurementde�nesaresidual, x , of eachmeasurement.
If x

wty`z

, anempirically-selectedparameter, thenwe saythat the
measurementis anoutlier.

A subtlebut importantpoint lurks in thisde�nition of anoutlier.
Sincetheresidualis computedbasedon theEKF's state,if it gets
into a badstatethenwe expecttheresidualsof theaccuratemea-
surementsto behigh. At this point, thesystembegins to rejectall
of the samplesand the EKF's statebecomesprogressively worse
becausethesystemis no longeracceptingany measurementsthat
canhelpcorrectthestate!Thetraditionalsolutionto this problem
is to modify our outlier rejectionto test for outliersbasedon the
modi�ed formula x

w�{

W<b

y|z

, where
{

W<b

is a scalarcomputed
basedon our statewhich we expectre�ects the con�dencein our
state.This formulacomputeswhatis commonlyknown astheMa-
halanobisdistance[2]. We chosenot to implementthis scheme
becauseit dependson thecon�dencein thestatevector, on which
we have no guaranteesof properbehavior. It alsodid not perform
well in our empiricalmeasurements.

Thesolutionto thefalsesamplerejectionproblemthatwechose
to implementis to monitor the fraction of rejectionsmadeby the
systemover sometime window. If this fraction signi�cantly ex-
ceedsthefractionof outlierswe expectto receive,we thendeclare
that the EKF is in a badstate.At that stage,we look to our least
squaresmodelfor possiblerecourse.Thatis,wecomputetheresid-
ualof theLSQoutputwith respectto themostrecentmeasurement.
If this residual,x�}•~•€ is lessthantheEKF's residual,xƒ‚

Z�„ , thenwe
resetthe�lter with theleastsquaresestimateasourposition.If the
leastsquaresresidualis higher, thenwe do nothing,in which case
we expectthis testingto continuein futuretime-steps.

4. HYBRID ARCHITECTURE
OccasionallytheKalman�lter will getinto a badstate.Thissit-

uationrarely happensin the active mobile approachif the mobile
canhearthreeor morebeacons,but mayhappenwhenit doesnot.
The Kalman�lter in a passive mobile systemhasa higherproba-
bility of reachinga badstatesincethedistancemeasurementsare
serializedin time. Oncewe detecta badstate,the listenerusesa
mechanismto resetits Kalman�lter to a known listenerposition.

In anactive mobileapproach,the listenercaneasilycomputea
positionestimateusingsimultaneousdistancesamplesto multiple
beacons. In contrast,in a passive mobile approach,the listener
feedsthenon-simultaneousdistancesamplesto anLSQ estimator
to computea position estimate;the LSQ estimationis computa-
tionally complex and is subjectto large errors(we show this in
Section5) becausethe LSQ estimationworks with distancesam-
plesthatmayhavebeenobtainedwhenthedevicewasin adifferent
position.

As a solutionto this inherentdif�culty in resetingthe Kalman



Figure4: Flow chart of a mobile deviceusinga hybrid architecture.

�lter in a passive mobilesystem,we proposethefollowing hybrid
solution the trackingproblem. During the normal operation,we
usethepassive mobilesystemdueto its scalabilityandguaranteed
user-privacy. At start-uptime, andwhenwe detecta badKalman
�lter state,thelistenertransitionsto active mobileoperationto ob-
tain multiple simultaneousbeacondistancesamplesas shown in
Figure4.

We develop the following methodto transitionbetweenpassive
andactive modeon themobiledevice:

1. As longastheKalman�lter' scon�denceis high,thelistener
doesnot transmitany information;only beaconsdo.

2. If the listener's Kalman �lter stateis deemedbad, then it
becomesan active transmitter. This transitionis usuallyre-
quiredif thedeviceexperiencessuddenlinearaccelerationor
a turn. The listenerthengeneratesa concurrentRF andUS
pulse,with theRFmessagehaving no informationin it other
thana randomlygeneratednonce.

3. If a beaconhearsanRF messagegeneratedby a mobileand
thecorrespondingUS pulse,it waits for a shortrandompe-
riod of timeandbroadcaststhenonce(setby themobile)to-
getherwith thedistanceestimate.During thebroadcast,the
beaconsuseasimpleCSMA schemewith randomizedback-
off to avoid RF collisions. After receiving this information
from nearbybeacons,the listenercancomputeits position
accuratelysincethe simultaneitycondition holds for these
distancesamples.Next, the listenerusesthis positionesti-
mateto resetits Kalman�lter .

Wecanuseeitherof thefollowingapproachesto enableapassive
listenerto transitionto anactivemode.Oneapproachis to setaside
a uniquetimeslot for theactive listenerto transmit.This approach
requirestimesynchronizationamongthebeaconsandthelisteners,
so that all theparticipantshave a uni�ed view of the time slot al-
location. Theotherapproachis to usea simpleCSMA schemein
which the mobile competeswith the beaconsfor transmittingthe
messagerequestingranginginformation.Onedisadvantageof this
schemeis thatbeaconsneedto continuouslylistento theRF chan-
nel for possiblemobiletransmissions.We implementedthesecond

approachdueto its simplicity.
In implementingthis hybrid approach,the designercanchoose

how frequentlythemobiledevicesarelikely to chirp by selecting
anappropriatebadstatedetectionthreshold.That is, sincethehy-
brid systemwould typically containa mixture of both active and
passive listenersatany giventime,anappropriatebalancebetween
thetwo modescanbeachievedwith sometuning.

We now look at threeimportantarchitecturalpropertiesanddis-
cusshow well thehybrid approachperformsin eachcase.

4.1 Scalability
The transitionto an active transmissionstateby themobile de-

vice happensonly when the Kalman �lter' s stateis bad, which
meansthat the systemasa whole is likely to remainscalableun-
lessa large numberof mobile devices in the sameneighborhood
simultaneouslyhave a bad�lter state.Evenif suchanunfortunate
situationwereto arisein practice,it is possibleto designa scheme
to throttlethemobile'sbadstatethresholdreportingbasedonchan-
neloccupancy.

It would evenbepossibleto pick betweentheactive mobileand
hybrid architecturesin real-timebasedon thenumberof othermo-
biles nearby. In this scenariowe assumeprivacy isn't important,
sothatif thereis only onemobilein thespacethenthis mobileac-
tively chirps.If therearetwo mobilesthenthesemobilestake turns
chirping.Whenthenumberof mobilesexceedsthenumberof bea-
cons,themobilesstartto actively chirp only if they getinto a very
badstate.Eventhen,thede�nition of “very badstate”couldbea
functionof overall demand.If necessary, a priority schemecould
beimplementedthatgivescertainmobilespreferentialaccessto the
RFandultrasonicchannels.

4.2 Privacy
Theuseof arandomnonceeverytimethemobiletransmitshelps

to hide the mobile's identity. When the mobile device actively
transmits,an eavesdropperwould be able to determinethat there
is somemobileunit at thegivenposition. This doesnot reveal the
positionof a given userprovided therearemany usersin a given



region. However if thereis only oneuserin a singlespaceandthe
systemknows that thereis only oneuser, thenshemight beeasily
tracked.

The following conditionsappearto be suf�cient in practicefor
maintaininga reasonabledegreeof locationprivacy.

1. Thespaceis denselypopulatedor hashigh levelsof traf�c.
2. Evenwhenthereis only asingleuser, apromiscuouslistener

musthaveknowledgeaboutthenumberof usersin thespace,
sinceit would have to know thatall of thepositionestimates
correlateto a singledevice.

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

Theseconditionsmake therandomnonceapproachvery reliable
for preservingmobileprivacy. Our resultsin thenext sectionshow
that the fractionof timesthata mobilemustactively chirp is very
small (about1.5%) to achieve a performancecloseto the active
mobilescheme.

Finally, note that if the mobile device is very concernedabout
privacy it canopt not to fall backon theactive transmissionmech-
anism,andalwaysuseLSQ instead.

4.3 Decentralization
Our protocol preserves the decentralizednatureof the passive

mobilearchitecture,sowe don't have to run a cumbersomewired
or wirelessnetwork infrastructureconnectingtheceiling-mounted
receiverstoacentrallocationtocomputemobiledevicepositiones-
timates.Whenever a mobileactively chirpseachbeaconthathears
this chirp sendsthe measureddistancebackto the mobile device
over theRF channel(no ultrasoundtransmissionis required).All
positioncalculationsaredoneon themobile node. Not only does
thissigni�cantly reduceinfrastructurecosts,it alsosolvestheprob-
lem of correlatingandaggregatingdistanceestimatesfrom differ-
entbeacons.

5. EVALUATION
In this sectionwe presentthe resultsof several experimentsto

evaluatethe performanceof different location architecturesand
trackingtechniques.Theseexperimentsshedlight on thestrengths
andweaknessesof the differentmethods.During our discussions
in this section,unlessstatedotherwise,whenwe referto a Kalman
�lter we are talking aboutthe multi-modal extendedKalman �l-
ter that implementsboth the PV andP modelsandaveragestheir
outputsweightedby their covariances.

We �rst describeour experimentalsetup,followed by a discus-
sion of the tracking performanceof the three architecturesdis-
cussedearlier:passive mobile,active mobile,andhybrid. We then
comparethePV andP modelsin theEKF, showing how their rela-
tive performancedifferswhenthedevice accelerates(e.g., turnson
the tracks). We thendiscusshow to scalethe performanceevalu-
ation to determinewhatwould happenat higherdevice movement
speedsby down samplingtheobserveddistancemeasurements.We
concludethis sectionwith a discussionof thecomputationalcom-
plexity of thevariousschemes.

5.1 Metrics and Setup
We begantestinganddevelopingour trackingtechniquesusing

a simulator. This approachworkedwell while trying variousideas
becausewe could directly measureevery causeandeffect in that
environment. However, becausethe performanceof the different
schemesdependsstronglyon thenatureof theerroneousdistances
observedin practice,we neededa real-world experimentaltestbed.

Figure 5: Picture of the experimental setup. The beaconsare
shown on the ceiling; the cablesemanating fr om the beacons
are usedin a subsetof the active mobile experimentsto report
distancesamplesobserved by infrastructur enodes.

We developedoneusingCricket's hardware andsoftware infras-
tructure.

Developinga testbedto facilitateaccurateandrepeatabletrack-
ing experimentsprovedmoredif�cult thanweexpected.Theprob-
lemwasthatwewantedanapparatusthatwouldcapturereal-world
noise,signalloss,andre�ections,but at thesametimepermitsome
degreeof experimentalconsistency so that we could run multiple
runscomparingdifferentapproaches.We alsoneededto selectan
apparatuswhichwouldallow usto simulate“typical” humanmove-
ment,includingturns,starts,andstops,all atdifferentspeeds.

Wedecidedto useacomputer-controlledLegotrainsetplacedin
a largeroom,with Cricket attachedto themoving train. A picture
of this setupis shown in Figure5, andthetrajectoryof thetrain in
schematicform with distancesis shown in Figure6. Theschematic
�gure wasobtainedby placinga listenerat a numberof positions
on the track andcalibratingits positionwhile at restover a long
periodof timeat eachposition.

To conduct our mobile tracking experiments,we attacheda
Cricket listener to the train and Cricket beaconsto the ceiling.3

We calculatedthebeacons'positionsoff-line usinga combination
of manualandmobile-assistedmeasurements.Wereporton there-
sultsof 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 pedestrianspeeds. This experimental

…

As explainedlater, this setupallows usto investigateall threelo-
cationarchitectures,not just thepassive mobileone.
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Figure6: Schematicrepresentationof the train' s trajectory.

0 1 2 3 4 5 6
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Error (cm)

O
cc

ur
re

nc
es

Figure7: True positioning error, comparing distancemeasured
to distanceexpectedbasedon track counter.

setupincludeda numberof real-world effects, including multiple
beacons(� ve or six in all experiments)interactingwith one an-
other, varying distancesfrom thedifferentbeaconsto the listener,
andultrasonicnoiseandre�ections.For eacharchitectureandeach
speed,we gathereddatasamplesover a � ve-minuteinterval. We
gatheredabout15,000individual distanceestimatesin the active
mobilearchitectureandabout3,000distanceestimatesin thepas-
sive mobilearchitecture.

All of the error valuespresentedin this sectionare relative to
the train's realposition,which we recordedusingan optical track
countermountedat the bottom of the train. The track counter
countedthenumberof trackstraversedduring its motion. We ex-
pectthiscounterto beaccurateto 1 cm, thedistancebetweentrack
edges.However, becauseof inaccuraciesin thebeaconcoordinate
assignmentsand in the mappingof the optical countervaluesto
coordinates,we expect our true position error to be larger than
onecentimetersomeof the time. The true positioningerror dur-
ing movementis shown in Figure7, wherewe show thedifference
betweendistancesmeasuredby the Cricket system,and the dis-
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Figure8: Err or CDF of the differ ent architectureswith the de-
vicemoving on the tracks at 0.78m/s.
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Figure9: Err or CDF of the differ ent architectureswith the de-
vicemoving on the tracks at 1.43m/s.

tancewe expectedbasedon the trackcounter. Note that theerror
numbersshown onthiscurvearedifferentfrom theraw Cricketdis-
tanceerror(i.e., relative to a laserrange�nder measurementwhen
the listeneris not moving); the Cricket hardware's “raw” error is
usually1 cm andalmostnever morethan3 cm. The �gure shown
embodiesthreesourcesof error: theraw Cricketdistanceerror, the
error inherentin our pre-programmedbeaconcoordinates,andthe
errorin our tablematchingtrackcountervaluesto coordinates.

5.2 Tracking Performance
We now investigatethetrackingperformanceof thethreearchi-

tecturesandcomparethem.

5.2.1 PassiveMobileArchitecture
In the passive mobile architecture,every beaconin the room

chirpsperiodically, suchthatwe endup with a time-seriesof non-
simultaneousdistanceestimatesat themobiledevice. Thebottom
two curves in Figure 8 show the error CDF for our multi-modal
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Figure 10: Median error in the passive mobile, active mobile,
and hybrid architecturesversusthe device's speed.

EKF andleastsquaresalgorithmsataspeedof 0.78m/swhile trav-
eling on the path shown in Figure 6. Here, the multi-modal �l-
ter performswell; the †F‡

th-percentileerror is anacceptable0.3 m
(note that the tracksare2.5 m long and1.2 m wide, with turns),
whereastheleastsquaresonly achievesthis level of precisiononly
30%of thetime. Thepoorleastsquaresperformanceis theresultof
thesimultaneityassumptionnotholding,asdiscussedin Section3.

The bottom two curves in Figure 9 show the results of the
samepassivemobileexperimentconductedatthehighermovement
speedof 1.43m/s. Here,themulti-modal�lter maintainsreason-
ableperformance,while leastsquaresperformsmuchworsesince
thesimultaneityassumptionbecomesincreasinglyinvalid with in-
creasingmobile speed.The top curve in Figure10 shows the in-
creasein medianerrorof amulti-modal�lter with increasingspeed.

The simultaneityassumptionholds,however, whenthe train is
static. In this casethe leastsquareserror is small, but still not as
goodas the Kalman�lter . The reasonfor this (slight) difference
in quality is that the leastsquaresprocedurehasa �x ed window
sizeandcanthusbethoughtof asa“�nite impulseresponse”(FIR)
�lter . Thus,evenif wegive leastsquaresanin�nite numberof nor-
mally distributedsamplesit maynever convergeto theexact loca-
tion becausethatapproachdiscardsexpiredsamples.TheKalman
�lter , ontheotherhand,is an“In�nite ImpulseResponse”(IIR), so
aslargernumbersof samplescomein, theerrorconvergesto zero.

5.2.2 ActiveMobileArchitecture
In the active mobile architecture,the mobile device actively

chirps,andthe �x ed infrastructurenodesthenreply eitherover a
radio channelor a cabledinfrastructure,reporting the measured
distancesto themobiledevice or somecentralprocessor.

An importantobservation to make beforelooking at resultsis
that throughoutour experimentswith this architecturethere was
only onelistener, andthusno contentionfor theultrasoundchan-
nel. In any implementationwith multiplemobiledevicesweexpect
theerrorof a trackingtechniqueinvolving active mobiletransmis-
sionsto increaseasthenumberof mobilesincreases.In thissense,
theresultspresentedfor theactive mobileapproacharequiteopti-
mistic.

The CDF of the numberof distinct ceiling-mountedreceivers
whosedistancereportswere heardby the mobile device per ac-
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Figure 11: CDF of the number of repliesfr om infrastructur e
receivers per active mobile chirp, using an RF channel for re-
porting distances.Therewerea total of six infrastructur enodes
in the experiment.
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Figure 12: CDF of the number of repliesfr om infrastructur e
receivers per active mobile chirp, usingcabledchannelsfor re-
porting distances.Noticethe scale;all � ve infrastructur enodes
in the experiment reply to more than 96% of the active mobile
chirps.

tive chirp, in a systemusinga radiochannelto communicatethese
distancesfrom theinfrastructureto themobiledevice, is shown in
Figure11. The total numberof ceiling-mountedreceivers in this
systemwassix. Thenumberof responsesdoesnot dependon the
device's speed.The primary limiting factorwasthe radio, which
operatedat 38.4 Kbits/s; becauseof the large aggregatenumber
of messagesthathadto be sentfrom the infrastructurenodes,the
preambleoverheadof every radiomessageprovedto bethebottle-
neck. We expectthis limitation to subsidein thecomingyearsas
radiosfor embeddeddevicesbecomefaster.

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

percentageof distancesarerecorded.All resultspresentedarefrom
themoreoptimisticcabledsystem,which maybemoreexpensive
or cumbersometo deploy in practiceona largescale.

The top-mostcurvesin Figures8 and9 show the errorCDF of
ourEKF schemein thisarchitectureataspeedof 0.78m/sand1.43
m/srespectively. In bothcases,themedianerror is lessthan5 cm,
comparableto thebaseerrorof our experimentalsetup.We do not
show the resultsfor the leastsquaresandthemulti-modalmodels
underthe active mobile architecturesincethe curvesareindistin-
guishable;becausethesimultaneityconditionis satis�edunderthe
active mobile architecture,leastsquaresis a viable playereven at
higherspeeds.

5.2.3 Hybrid Architecture
Wenow look at theerrorpro�le of oursystemin anenvironment

thatallows theKalman�lter to obtainsimultaneousdistanceesti-
mateswhenthey arethemostuseful(i.e., whenthe�lter is in abad
state).

Leastsquareshereis notmeaningfulbecausewe expectit to be-
have the sameasit did underthepassive mobile architecture,ex-
cept for the (small) fraction of the time that it hasa little more
information.Thepoint is thatleastsquaresalreadyusesthesimul-
taneityassumption,so�lling its buffer half-waywith simultaneous
informationa smallfractionof thetime doesnot have a signi�cant
impacton theoutputerror.

Figures8 and9 show theerrorCDF graphsfor themulti-modal
Kalman �lter undertwo different speeds(the relevant curves are
the secondfrom the top in both �gures). This architectureshows
goodbehavior; even at the highestmovementspeedof 1.43 m/s,
themedianerroris a tolerable15 cm.

The improvementin error (both medianandtail behavior) over
thepassive mobileschemecomeswith little cost. Figure13 illus-
tratesthefrequency of activemobilechirpsasafunctionof thetrain
speed.A linearrelationshipbetweentrainspeedandthefrequency
of active mobile chirpsis highly desirable,sinceit meansthatwe
are getting this helpful (but costly) datamore as error increases.
Ideally this could make the error constantasour speedincreases,
which is aneffectwecomecloseto (consideringthescale),asseen
in Figure10. Themainconclusionfrom thisgraphis thatthenum-
berof active chirpsfrom a mobiledevice is a small fractionof the
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Figure 14: Apparatus B: Schematic representation of the
train' s trajectory.

numberof beacontransmissions—itis never more than 3% and
at mediumspeedsis only 10 in 1000,while achieving a tracking
error closeto that of the active mobile system. Quantitatively, at
thehighestspeedwe geta 59%increasein accuracy over thepas-
sive mobile system,relative to the active mobile system. This is
achievedwith a 2.2%increasein thenumberof distanceestimates
used.

We arrived at the above numbersusing the following calcula-
tion. At the highestspeed,we werein a badstateduring 62 out
of the3,506periods.We averaged3.7 distancemeasurementsper
active mobile chirp, andthusconsumeda total of 296 extra mea-
surements.In the active mobile case,at this speed,we averaged
4.9 measurementsperperiod,for a total of 17,178measurements.
The passive mobile architectureconsumedone measurementper
period;3,506distancesin total. Sothetotalpercentincreasein dis-
tancemeasurementsusedby thehybrid architectureover the pas-
sive mobilearchitecture,relative to theactive mobilearchitecture,
is ˆ�‰FŠ�‹�Œ
•ƒŽ@•ƒŽ�•0•’‘�“�”FŠF• , or 2.2%.Themedianerrorof thepassive
architectureEKF at this speedwas22 cm. In theactive mobilear-
chitectureit was4.7cm,andin thehybrid architectureit was14.9.
Thus,our increasein precisionis Œ
•�–C— ‰˜•™–C— ŽF•�‹�Œ�ˆFˆ˜•™–�— ŽF• , or 59%.

5.2.4 TrackingPerformanceSummary
Thehybrid architectureturnsout to performwell, incurringlow

overhead,becauseweonly takeonthecostof theactivemobilesys-
temwhenthepayoff will be large. As seenin Figure9, we come
signi�cantly closerto active mobileperformanceby only usingac-
tive mobileinformationonly 2%percentof thetime.

In Figure8 weexamineasimilargraphbut atlowerspeeds.Even
thoughthemobilechirpshalf asoftenthehybrid �lter showsbetter
accuracy. Overall errorimprovesasexpected,but thehybridarchi-
tectureapproachestheperformanceof theactivemobilefasterthan
thepassive mobiledoes.

5.3 Comparing the P and PV EKF Models
In this sectionwe will refer to a secondexperimentalsetupto

illustratesomeconcepts.We will call the experimentalsetupwe
have seenthusfar “apparatusA,” andthenew experimentalsetup
“apparatusB.” The track layout for apparatusB is shown in Fig-
ure14.
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Figure 15: Apparatus A: Lar ge-error behavior of P-model as
compared to PV-model.
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Figure 16: Apparatus B: Lar ge-error behavior of P-model as
compared to PV-model.

A generaltrend from our experimentsis that the P-modelhas
betterlarge-error behavior thana PV-modeldoes,even whenthe
useris moving. This is shown in the extremetop-right cornerof
Figure 15, but is more apparentunderapparatusB, as shown in
Figure16. This effect is bestexplainedby the turnsin our track.
BecausetheP-modelassumesthattheuser'svelocityiszeroandwe
know this isn't true,wetuneourP-modelEKF to degradethequal-
ity of its statevector quickly (i.e.weigh incoming measurements
moreheavily thanits projectedstate).ThereforetheP-modelEKF
performsjust aswell duringturnsasduringstraightsegments.On
theotherhand,wetunethePVmodelto haveahighercon�dencein
its statevectorsinceit hasfewerassumptions.(I.e. only thataccel-
erationandhigherorderderivativesarezero,asopposedto veloc-
ity, acceleration,etc. in theP-model.)Becausetheprojectedstate
vector in the PV-modelperformspoorly whenaccelerationlevels
arehigh, the PV modelperformsslightly worsethanthe P-model
during the extremepointsof turns. This explanationalsotells us
why the effect is morepronouncedunderapparatusB, sincehere
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Figure17: Percentageof differ encebetweenscaledsimulations
and realdata at the samespeed.
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Figure 18: The positioning error of various data setsscaledto
differ ent speeds.

theturnsaresharper, andthusaccelerationlevelsarehigherthanin
apparatusA.

5.4 ScalingTo Higher Speeds
We begin this sectionwith a hypothesis.We proposethat we

canprocessdown-sampledexperimentaldatato effectively emulate
highertrainspeeds.For example,if we have datacollectedwhile a
mobilewasmoving at1 m/s,wecanmakeagoodapproximationto
theerrorswe couldexpectat 2 m/sby only giving our �lters every
otherdistancemeasurement.

As illustratedin Figure17, it seemsthat this hypothesisis rea-
sonable.Theshapeandhighly sporadicnatureof this plot suggest
thatwe cannotmake any meaningfulmathematicalgeneralizations
aboutits nature,but thefactthatthelargestrelative errorobserved
is lessthan20% suggeststhat for any scalingfactorof lessthan
four in speed,thisapproachwill bereasonablyaccurate.

Now, we take eachsetof datacollectedat the six speedsgiven
in Section5.1, andscaleit up by factorsof one, two, three,and
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four. We thenrun this new data(twenty-foursetsin all) through
our �lters, whichproducesthetrendshown in Figure18. Thisdata
wasfrom a passive mobilearchitectureanda multi-modalEKF.

In Figure18,thepointscorrespondingto thedifferentspeedsare
roughly alonga line, which suggeststhat the emulationof higher
speedsis correct.We arrive at this conclusionby noticingthat the
medianerrorlinearly increaseswith speedin Figure10. Moreover,
asFigure17 shows, for the speedswherewe have measureddata
available,theemulationof scalingperformancedoesnotgrow dra-
maticallywith speed.

It is importantto notethat the EKF �lters during all of our ex-
perimentsweretunedwith thesameparameters;i.e., theparameters
thatgovernhow covariancesareprojectedacrossiterationswereall
the same.The optimal parametersettingdependson the device's
speedbecauseasthespeedincreases,theassumptionsof our �lters
becomeprogressively worse. However, we choseto make thema
constantfor two reasons.First, determininghow the parameters
shouldchangewith speedis notclear. Second,it is notdesirableto
incorporatesucha feedbackloop into thesystem;if theparameters
aretunedbasedon thestateof theEKF, badthingscouldhappenif
thestatedegrades.

Therefore,asthespeedincreasesin thepassive mobilearchitec-
ture,all of the incomingdistancesbegin to look like outliers,and
we saturatetherateof invocationsof theLSQmethod.We canex-
pectthatasthespeedincreases,our EKF behavesmoreandmore
like anLSQ �lter , whoseperformancealsoseverelydegradeswith
speedasshown in Figure9.

In contrast,recall that in the hybrid architecture,whenever the
�lter reachesa bad state, the device performsan active mobile
chirp. In this case,as the speedincreasesthe systemwould sat-
uratetherateof fallbacksonto this active mobilechirp. That is, it
would behave just asanactive mobilearchitecture.This behavior
setsanupperboundonthepositioningerrorof asystemimplement-
ing ahybridarchitectureathighspeeds:thehybridarchitecturecan
alwaysperformquitewell.

5.5 Computational Complexity
A graphshowing thenumberof multiplicationandexponentia-

tion operationsfor a largesubsetof our algorithmsis givenin Fig-
ure19. Theleastsquaresbarcanbegeneralizedfor all implemen-

tationssinceit alwaysminimizesfrom somesetof distances,after
beingbufferedin the caseof the passive mobile architecture.We
alsodo not evaluatethe computationalperformanceof our multi-
modal�lter sinceit will becloseto thesumof its PV andPmodels.

Wemakeafew importantobservationsfrom thisdata.The�rst is
thatourPmodelis aboutfour timesfasterthanthePV model,even
thoughit only hashalf of thenumberof elementsin its statevector.
Most of the computationalresourcesconsumedby Kalman�lters
areusedin thecovariancepredictionphase,sinceif thestatevector
has š elementsthen this calculationinvolves two šh›œš matrix
multiplications. So we seethat the numberof operationsneeded
in a naive Kalman�lter grows as •Ÿž�š< ƒ¡ . However, becauseof the
sparsenatureof someof thecomputationsinvolved,we wereable
to pull the increasein computationalcomplexity of thePV model
down to about•Ÿž�š<¢ƒ¡ .

Second,we seethateventhoughtheactive mobilemodelshave
about� ve to six timesthe amountof datato process(therewere
either � ve or six beaconsduring theseexperiments)their compu-
tationalcomplexity is only aboutdoublethatof thepassive mobile
models. This relatively low increasein computationtime is be-
causethesedistancearemeasuredsimultaneously, andthuscanbe
incorporatedinto a single �lter time-step. Thereforecovariance
predictiononly hasto occuronce.

It is obvious from thedatashown that the leastsquaresmodule
is computationallycomplex. Thereis not muchthat canbe done
aboutthis unlesswe sacri�ce someaccuracy. Finally, we notethat
we optimizedour Kalman �lter proceduresto take advantageof
thesparsenatureof thecovariancematrixsothatmultiplicationsin
which oneof the factorsis zeroarenot performed.This provided
abouta two-fold increasein ef�ciency, sothenumbersfrom a raw
EKF implementationwouldbeworse.

6. CONCLUSION
Thispaperinvestigatedtheproblemof trackingamoving device

in the context of two locationarchitectures.In the active mobile
architecture,�x ed receivers at well-known positionsperiodically
receive wirelesssignals(e.g., radioandultrasound)from a mobile
device, allowing the infrastructureto track the device (or for the
moving device to track itself). In thepassive mobilearchitecture,
�x edbeaconsin theinfrastructureperiodicallybroadcastinforma-
tion thatallows a moving device to trackitself.

The passive mobile architecturescaleswell with an increasing
numberof mobile devices, but doesnot allow simultaneousdis-
tanceestimatesto be obtained;asa result, its trackinghasto be
doneonedistanceconstraintat a time, which is lessaccuratethan
in theactive mobilecase.This paperinvestigatedtherelative per-
formanceof thesetwo approachesin a real-world testbedbasedon
theCricket system.

We investigatedtheperformanceof anapproachthatusesthree
components:a leastsquaresoptimizer, anextendedKalman�lter ,
andanoutlierrejectionmethod.Weusedourresultsfrom theactive
mobileandpassive mobileapproachesto designahybridapproach
thatpreservedthescalabilityandprivacy advantagesof thepassive
mobileapproach,while greatlyimproving trackingprecision.
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APPENDIX

A. EKF CORRECTION STEP
Thissectiongivesmoredetailsof theEKF correctionstep.After

we computeour predictedstatevectorandcovariancematrix for
sometime £d¤ later, weprocessthenewly measureddistancesam-
ple. The ideahereis that we have an estimateof the varianceof
thedistancemeasurement,¥§¦ (we assumethat it is normally dis-
tributedaswell), andwe weigh the outputbetweenthe predicted
stateandthenew measurementbasedon their relativecovariances.
Thefactorthatdoesthis weightingis calledtheKalmangain, ¨©¦ .
We de�ne ª�«�¬j­ , a functionthat,givena statevector ¬ , computes
the expecteddistanceto the appropriatebeacon.We de�ne ® as
the Jacobianof ª . Denotethe new measurementby ¯�¦ . We then
arrive at thefollowing threeequations:

Figure20: Illustration of our ° -D, point model,correction step
example.
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We will usea very simpleexampleto illustratetheuseof these
equations.We implementa Kalman �lter to track an object in a

° -D spaceusingaP(“point”) model,shown in Figure20. Suppose
we have thefollowing predictedvariables:
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Supposethemeasurementandits variancefrom abeaconlocated
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Here,the varianceof the predictedstateis one-halfof the new
measurement,so while the new measurementwould suggestthat
the listeneris at Ãv²|Ñ , the correctedstateis only pulled toward
thatpoint.

Now we will observe theend-pointbehavior. If ¥§¦0²ÔÓÕ¦ , then
±

¦
²`Á�Î Ä , andourprojectedstateandthestatedictatedby thenew

measurement,ª�«�¯�¦F­ , would be averagedto producethe corrected
state.Furthermore,as ¥O¦ goesto in�nity (i.e., asourmeasurement
becomeslessreliable),

±

¦ goesto zero, and the correctedstate
andcovariancematricesarenot changed.Conversely, as ¥§¦ goes
to zero,

±

¦ goesto one,andthecorrectedstateapproachesª�«�¯�¦F­ .
The simplicity of this exampledoesnot highlight the dimen-

sionsof thetermsinvolved. If our �lter has Ë states,andour mea-
surementvectorfor thecurrentiterationcontainsÖ measurements,
then ¬ is an «�Ë0×t°ƒ­ vector, ´ is an «�Ët×OË<­ matrix, Ø is an «�ÖÙ×t°ƒ­

vector, Ú is an «�ÖÛ×ÜÖÜ­ matrix, ® is an «�ÖÛ×ÜË<­ matrix, and
±

is an «�Ëp×jÖÜ­ matrix.


