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Abstract

Thispaperdescribesamethodfor localizingthememberofa
mobilerobotteam,usingonly therobotsthemselesasland-
marks.We assumahatrobotsareequippedwith sensorshat
allow themto measureherelative poseandidentity of nearby
robots,aswell assensorsghatallow themto measurehanges
in their own pose.Using a combinationof maximumlik eli-
hoodestimatiorandnumericaloptimization,we can,for each
robot, estimatethe relative range bearingand orientationof
every otherrobotin theteam. This paperdescribeghe basic
formalism and presentsxperimentalresultsto validatethe
approach.

Intr oduction

This papersdescribesa methodfor localizing the members
of a mobile robot team, using only the robotsthemseles
aslandmarks.Thatis, we describea methodwherebyeach
robotcandeterminetherelative range bearingandorienta-
tion of every otherrobotin theteam withouttheuseof GPS,
landmarksor instrumentatiorof the ervironment.

Our approachis motivatedby the needto localizerobots
in hostileandsometimeslynamicenvironments.Considey
for example,a search-and-rescigenarion which a team
of robotsmustdeploy into a damagedstructure,searchfor
survivors, and guide rescuersto thosesurvivors. In this
scenariojocalizationinformationcannotbe obtainedusing
GPSor landmark-basedechniques;GPSis generallyun-
availableor unreliablein urbanervironmentsdueto multi-
patheffects,while landmark-basetechniquesequireprior
modelsof the ervironmentthat are either unavailable, in-
completeor inaccurate.For thesereasonsye have devel-
oped an approachto localization that relies on using the
robotsthemselvess landmarks. With this approach,one
canobtaingoodlocalizationinformationin almostary ervi-
ronmentincludingthosethatareundegoingdynamicstruc-
tural changes.Our only requirementis that the robotsare
able to maintain at leastintermittent line-of-sight contact
with otherrobotsin theteam.

We make two basicassumptions First, we assumehat
eachrobotis equippedwith a proprioceptve motiondetec-
tor suchthatit canmeasurechangesn its own pose(sub-
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ject to somedegree of uncertainty). Suitablemotion de-
tectorscan be constructedusing either odometryor iner-
tial measuremeninits. Secondwe assumehat eachrobot
is equippedwith a robot detectorsuchthatit can measure
therelative poseof nearbyrobotsanddeterminetheir iden-
tity. Suitablesensorganbereadily constructedisingeither
vision (in combinationwith color-codedmarkers)or scan-
ninglasemrange- ndergin combinatiorwith retro-re ective
barcodes).We furtherassumehatthe identity of robotsis
alwaysdeterminectorrectly (which eliminateswhatwould
otherwisebeacombinatoridabelingproblem)but thatthere
is someuncertaintyin therelative posemeasurements.

Given theseassumptionsthe teamlocalizationproblem
canbe solved using maximumlik elihood estimation. The
basicmethodis asfollows. First, we constructa setof esti-
mates in which eachelement represents pose
estimatefor a particularrobot at a particulartime. These
poseestimatesare de ned with respectto somearbitrary
globalcoordinatesystem.Secondwe construcia setof ob-
senations in which eachelement representa
relative posemeasuremenhadeby eitheramotionor robot
detector For motiondetectorseachobsenation represents
themeasuredhangen poseof a singlerobot;for robotde-
tectors,eachobsenation representshe measureghoseof
onerobotrelative to another Finally, we usenumericalop-
timizationto determinethe setof estimates thatis most
likely to giveriseto the setof obsenations

In generalwe do not expectrobotsto usethe setof pose
estimates directly; theseestimatesare de ned with re-
spectto an arbitrary coordinatesystemwhoserelationship
with the external ervironmentis unde ned. Instead,each
robotusegheseestimateso computethe poseof everyother
robotrelativeto itself, anduseghis ego-centricviewpointto
coordinateactivity. We note, however, that somesubsetof
theteammay chooseto remainstationarythereby anchor
ing' the global coordinatesystemin the realworld. In this
casetheposeestimatesn maybeusedasglobalcoordi-
natesin the standardashion.

In this paperwe developthe mathematicaimachineryre-
quiredto solve theteamlocalizationproblemin any number
of dimensionsthentreatthemorespeci ¢ problemof local-
izationin aplane.We alsodescribea seriesof experiments,
usingbothrealandsimulatedrobots,aimedatverifying both
theaccurag andpracticalityof this approach.
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Related Work

Localizationis an extremely well studiedareain mobile
robotics. Thevastmajority of this researcthasconcentrated
ontwo problems:localizinga singlerobotusingana priori
map of the ervironment(Leonard& Durrant-Whyte1991;
Simmons& Koenig 1995; Fox, Burgard, & Thrun 1999),
or localizing a single robot whilst simultaneouslybuilding
a map (Thrun, Fox, & Burgard1998; Lu & Milios 1997,
Yamauchi,Shultz, & Adams1998; Duckett, Marsland,&
Shapiro2000;Golfarelli, Maio, & Rizzi 1998;Dissanaya&
etal. 2001). Recently someauthorshave alsoconsidered
the relatedproblem of map building with multiple robots
(Thrun 2001). All of theseauthorsmake use of statisti-
cal or probabilistictechniquesof one sort or another;the
commontools of choiceareKalman lters, maximumlike-
lihood estimation,expectationmaximization,and Marko-
viantechniquegusinggrid or sample-basetkpresentations
for probability distributions). The teamlocalizationprob-
lem describedn this paperbearsmary similaritiesto the
simultaneousocalizationandmapbuilding problem,andis
amenablego similar mathematicatreatments.In this con-
text, thework of Lu andMilios (Lu & Milios 1997)should
be noted. Theseauthorsdescribea methodfor construct-
ing globally consistentmapshby enforcingpairwisegeomet-
ric relationshipsbhetweenindividual rangescans;relation-
shipsare derived either from odometry or from the com-
parisonof rangescanpairs. MLE is usedto determinethe
setof poseestimateghat bestaccountshis setof relation-
ships. Our mathematicaformalismis very similar to that
describedby theseauthors,even thoughtit is directedto-
wardsa somevhat differentobjectie; i.e., the localization
of mobile robotteams ratherthanthe constructiorof glob-
ally consistentmaps.

Among thosewho have consideredhe speci ¢ problem
of teamlocalizationare (Roumeliotis& Bekey 2000) and
(Fox et al. 2000). Roumeliotisand Bekey presentan ap-
proachto multi-robotlocalizationin which sensodatafrom
a heterogeneousollectionof robotsis combinedthrougha
singleKalman Iter to estimatethe poseof eachrobotin the
team.They alsoshav how this centralizedkalman lter can
bebrokendowninto  separat&alman lters (onefor each
robot)to allow for distributedprocessinglt shouldbenoted,
however, that this methodstill relies entirely on external
landmarksnoattempis madeto sensetherrobotsor to use
thisinformationto constrairthe poseestimatesin contrast,
Fox etal. describean approachto multi-robotlocalization
in which eachrobotmaintainsa probability distribution de-
scribingits own pose(basedon odometryandenvironment
sensing),but is ableto re ne this distribution throughthe
obsenation of otherrobots. This approachextendsearlier
work on single-robotprobabilistic localizationtechniques
(Fox, Burgard,& Thrun1999). The authorsavoid the curse
of dimensionalityfor  robots,onemustmaintaina  di-
mensionalistribution) by factoringthe distribution into
separateomponentgonefor eachrobot). While this step
malkesthe algorithmtractablejt doesresultin somelossof
expressveness;one cannot,for example, expressrelation-
shipsof theform: “if | amat A thenyou mustbe at C, but
if | amat B you mustbe at D”. Our approachs able pre-

Figure 1: lllustration of the basicformalism. The gure
shaws two robots, and , traveling from left to right;
attime ,robot obsenesrobot . Thenodesrepresent
poseestimatesthe arcsrepresenbbsenations. Two obser
vationsare highlighted: a motion obsenationfor robot
androbotobsenationattime

sene suchrelationshipsdy treatingthelocalizationproblem
in its full dimensionaform. This is feasibleonly be-
causeMLE is a single estimateapproach;i.e., thereis no
attemptto maintaina completeprobability distribution.
Finally, a numberof authors(Kurazume& Hirose 2000;
Rekleitis,Dudek,& Milios 1997;Howard& Kitchen1999)
have consideredthe problem of teamlocalizationfrom a
somavhatdifferentperspectie. Theseauthorsdescribeco-
opentive approacheso localization,in which teammem-
bersactively coordinatetheir actiities in orderto reduce
cumulative odometricerrors. The basicmethodis to keep
onesubsedf therobotsstationarywhile theotherrobotsare
in motion;thestationaryrobotsobsenetherobotsin motion
(or vice-versa),therebyproviding more accurateposeesti-
mateghancanbeobtainedusingodometryalone.While our
approachdoesnot requiresuchexplicit cooperatioron the
partof robots,the accurag of localizationcancertainlybe
improvedby the adoptionof suchstratgies;we will return
tothistopicbrie y in the nal sectionsof this paper

Formalism

We formulatethe teamlocalizationproblemasfollows. Let
denotethe poseestimatefor a particularrobotat a partic-
ulartime, andlet bethesetof all suchestimates.
Similarly, let denoteanobsenationmadeby somedetec-
tor, andlet bethesetof all suchobsenations.Our
aim is to determinethe setof estimates that maximizes
the probability of obtainingthe setof obsenations ; i.e.,
we seekto maximizethe conditionalprobability
If we assumehatobsenationsarestatisticallyindependent,
we canwrite this probabilityas:

@)

where is theprobabilityof obtainingtheindividual
measurement, giventhe estimates . Takingthe log of
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bothsides,we canrewrite this equationas:

)

where and

. Thislatterform is somevhatmoreef cient
for numericaloptimization.Ouraimis now to nd thesetof
estimates thatminimizes . To dothis, we must
determinethe form of theindividual obsenation probabili-
ties , ortheirlog-probabilityequivalents

We male the following de nitions. Let eachestimate

be denoteby atupleof the form:

®3)

where is the absoluteposeestimatefor robot attime .

Notethatit is thevalueof thatwe aretrying to estimate;
and areconstantsisedfor book-keepingpurposesonly.

Let eachobsenation bedenotedy atupleof theform:

(4)

where is the measuregoseof robot attime , rela-

tivetorobot attime ; henceforthwe will referto as
arelative posemeasuement The termis a covariance
matrix representinghe uncertaintyin this measurements

statedin the Introduction,eachrobotis equippedwith two

differentdetectorsa proprioceptve motiondetectoywhich

allows the robot to measurechangesn its own pose,and

arobotdetectorwhich allows it to measurgheidentity and

relative poseof otherrobots.Datafrom themotiondetectors
areencodedisinganobsenationof theform:

®)

where isthemeasuredhangen posefor robot between
times and . Datafrom the robotdetectorss encoded
usinganobsenationof theform:

(6)

where is the measuregoseof robot  relative to robot
, for ameasuremertakenattime
If we assumehatthe measuremenincertaintyfor all de-
tectorsfollows a normal distribution, the conditionallog-

probability is givenby the quadraticexpression:

- (@)

where istherelative posemeasuremertde nedabove,and
is the correspondingelative poseestimatei.e. is the
estimatedposeof robot attime , relativetorobot at
time .Let and describetheabsoluteposeestimates
forrobot attime ,androbot attime ,respectiely.
Therelative poseestimate is derived from theseabsolute
poseestimatewia a simplecoordinateransformation :

(8)

Thespecicformof depend®nthedimensionalityof the
localizationproblem(e.g. 2D versus3D) and on the par
ticular representatiochosenfor both absoluteandrelative

poseqe.g.Cartesiarversugpolarcoordinatesor cylindrical
versussphericakoordinates).

One canvisualizethis formalismin termsof a directed
graph,asshavn in Figurel. We associateeachestimate
with a nodein the graph,and eachobsenation with an
arc. Eachnodemay have both outgoingarcs,correspond-
ing to obsenationsin which this node was the observer
andincomingarcs,correspondindo obsenationsin which
this nodewasthe observeeMotion obsenationsjoin nodes
representinghe samerobot at two differentpointsin time,
while robotobsenationsjoin nodesrepresentingwo differ-
entrobotsat the samepointin time, asindicatedin the g-
ure.

Numerical Optimization

GivenEquation2 and7, togethemwith anappropriatede -
nition for , onecandeterminghesetof poses thatmini-
mizes usingastandardiumericabbptimizational-
gorithm. The selectionof anappropriatealgorithmis driven
largely by theform of : in general, is non-linearbut dif-
ferentiable which rules out fastlinear algorithms,but per
mits non-lineargradient-basedlgorithms(suchassteepest
descent).The gradientis computedby applyingthe chain-
ruleto Equation2:

- —— ©)

wherethe seconderm (a gradientvector)is computedtriv-
ially from Equation?:

— (10)

andthe rst term (aJacobiamrmatrix) is computedby differ-
entiatingthroughthe function(whateserit maybe):

if and
— if and (11)
otherwise

This latter equationrequiressomeexplanation. Consider
onceagainthe directed-graphinterpretationof the formal-
ism depictedn Figurel. Eachestimate is representety
a singlenode,andeachobsenation is representedby an
arc joining two nodes. The relative poseestimate mea-
suresthe poseof oneof thesenodesrelative to the other In
computingthe derivative for someparticularobser
vation,therearethreecasego consider: istherobotmak-
ing theobsenation,in which casewe computehederivative
with respecto ; istherobotbeingobsened,in which
casewe computethe derivative with respectto ; or else
is neitherthe obsener nor the obsereein this particular
obsenation,in which casethederivative mustbe zero.

We usea conjugategradientalgorithm(Pressetal. 1999)
for optimization.This algorithmis somevhatmorecomplex
thana steepestlescentlgorithm, but hasthe advantageof
being much quicker. In addition, unlike somealgorithms,
its memoryrequirementscalelinearly, ratherthanquadrat-
ically, with the numberof variablesbeingoptimized.
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Figure3: Sampleprobability distributionsfor for the planarlocalizationproblem.The plotsshav the probability asa
functionof the estimatedabsoluteposition for therobotbeingobsened. Orientationis notshawvn. (a) Therangeis well
determined m), but the bearingis unknavn. (b) The bearingis moderatelywell determined ),
but therangein unknown. (c) Both rangeandbearingarewell determined m, ).

Figure2: Exampleof a relatve posemeasuremerfor the
planarlocalizationproblem. Robot  measureshe range
,bearing andorientation  of robot

Localization in a Plane

Theformalismdescribedabore is quite generalandcanbe
appliedto localizationproblemsin two, three,or more di-
mensions.In orderto make the formalismsomevhatmore
concrete andto lay the theoreticalfoundationsfor the ex-
perimentsdescribedin the next section,we now consider
thespeci ¢ problemof localizationin a plane.

We make thefollowing de nitions. Let the absolutepose
estimate bea 3-vectorsuchthat:

(12)

where and describethe robot's positionand  de-
scribesits orientation. Let the relatve posemeasurement
bea 3-vectorsuchthat:

(13)

where and aretherange,bearingandorientation
of onerobotrelativeto another(or of onerobotrelativeto its
earlierpose).Figure? illustratesthis de nition. We choose
to expressmeasurements this particularform, since,for
mary sensorsthe uncertaintyin range,bearingand orien-
tationcomponentss effectively uncorrelatedThus,we can

ignore the off-diagonaltermsin the uncertaintymatrix ,
andwrite:

(14)

Figure3 shavs someof theprobabilitydistributionsthatcan
begeneratedsingthis parameterizationThecorresponding
coordinateransformfunction computegherange,
bearingandorientationof  relatveto . Usingelemen-
tary geometry we write down the following expressiorfor
therelative poseestimate :

for which the correspondinglerivativesare:

and

Notethat asonemight naively expect.
Notealsothatthederivativescontaina singularityat ;
onemusttake careto avoid this singularityin the numerical
optimizationprocess.

Insertingthesede nitions into the generaformalismde-
scribedin the previous section,onecansolve the planarlo-
calizationproblemin afairly straight-forvardmanner
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Figure4: An experimentwith simulatedrobots. (a) Experimentabket-up:20 robotsareplacedinto a singleroomandallowed

to disperse(b) Combinedaserscansat

sec,beforeary of therobotshasmoved. Notethatthis is not a storedmap: this

is live laserdata. Poseestimatesandobsenationsarealsoshovn, denotedoy rectanglesandlinesrespectiely. (¢) Combined

laserscansat

Experiments

We have conducted seriesof experimentsaimedat deter
mining both the accurag and practicality of the approach
describedn this paper Two suchexperimentsarepresented
here.The rst experimentwasconductedn simulation,us-
ing ateamof 20 robotsperforminga deploymenttask. The
secondexperimentwas conductedusing a teamof 7 real
robots performing a simple navigation task. The rst of
theseexperimentswas chosento verify that the approach
will work for relatively largeteams;the secondvaschosen
to verify thatthe approactwill work with realsensodata.
For both experiments we determinethe accurag of the
solution by comparinga subsetof relative poseestimates
with their correspondingtrue' values. We measureaccu-
ragy usingrelativeratherthanabsoluteposeestimatessince
the absoluteposeestimatesare de ned with respectto an
arbitrary coordinatesystem,and hencecannotbe meaning-
fully comparedwith a “true' value. We de ne the average

rangeerror  asfollows:
(15)
where is thetruerelative pose,i.e. the true poseof robot
attime ,relatvetorobot attime . Thesummation

is over the subsetof of  for which we have the true
values,andthe resultis normalizedby the numberof pose

estimates in to generatean averageresult. Onecan
de ne similarmeasure$or thebearingerror  andorienta-
tion error

For practical purposesijt is necessaryo limit both the
numberof poseestimatesn  andthe numberof obser

sec,afterall of therobotshave dispersed.

Rangdeerror

Error (m)

. . .
150 200 250
Time (sec)

1(‘)0 300
Figure6: Resultsfor the experimentwith simulatedrobots.

Plot of the averagerangeerror  over the durationof the
experiment;the barsdenotethe standardieviationin

vationsin For theseexperiments,this was done by
integrating motion obsenations over a 10 secondperiod,
and discardingmost of the robot obsenations. Thus, in
theseexperiments, describeghe poseof robotsat

sec,and includesonly thoseobsenations
thatoccurredat thesetimes.

Experiment with Simulated Robots

The simulatedexperimentwas conductedusing the Stage
(Vaughan2000) multi-agentsimulator Stageis a high-
delity simulationcapableof accuratelymimicking the be-
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Figure5: An experimentwith real robots. (a) Experimentaket-up: six stationaryrobots( to
locationsithe seventhmobilerobot( ) executesa circuit. (b) Combinedaserscansat

) areplacedat at stratgjic
sec,afterthe mobilerobothas

beenseenby all six stationaryrobotsexactly once.Notethatthis is nota storedmap:thisis live laserdata.Poseestimatesand

obsenationsarealsoshowvn, denotedby rectanglesandlinesrespectiely. (c) Combinedaserscansat
for asecondime, thusclosingtheloop.

mobilerobothasbeenseenby the rst stationaryrobot

havior of mary realrobotsensorandactuatorsFor this ex-
periment,we useda teamof 20 robots,eachequippedwith
odometryascannindaserange- nderandaretro-re ective
barcode.Thesimulatedodometryprovidesmotionobsena-
tions andthe laserrange- nder/barcodecombinationpro-
videsrobotobsenations.For addedealism,Gaussiamoise
wasaddedo all measuremer(proportionalnoiseof 5% for
therangecomponenandaconstant noisefor thebearing
and orientationcomponents).All 20 robotswere initially
positionedin single roomin large ervironment,as shovn
in Figure4(a), and subsequentlallowed to disperseusing
thedistributeddeploymentalgorithmdescribedn (Howard,
Mataric, & Sukhatme2002).

The quantitatve resultsfor this experimentare summa-
rizedin Figure6, which plots both the averagerangeerror

andits varianceasafunctionof time. Notethattheinitial
erroris very low, ataround m, but steadilyin-
crease®vertimeto around m. Thisbehavior is
not surprising,given the way in which the robotsdisperse.
At sec,all of the robotsare crovdedinto a single
room,andmary robotobsenationsaregeneratedOnecan
geta sensedor the densityof theseobsenationsby inspect-
ing Figure4(b), which shaws a plot of both poseestimates
and obsenations, with live laserscandataoverlaid. The
densityof obsenationsis suchthattheposeof robotsis very
heavily constrainedandthe localizationalgorithmis able
to generatea very accuratesetof estimates.As the robots

sec,afterthe

dispersehowever, errorsbegin to accumulateandthe ac-
curag of theestimatesleclinesthe variancealsoincreases
dramatically Again, this is not surprising. Any given pair
of robotswill alwaysbeconnectedy a seriesof motionand
robot obsenations,andthe cumulative uncertaintyin these
obsenationsis suchthat the relative poseerror for widely
separatedobotsis necessarilygreaterthanthat for nearby
robots(at leastin absoluteterms). We note that for most
practicalapplicationsknowing the poseof distantrobotsis
muchlessimportantthanknowing the poseof nearbyrobots
(with whomwe aremuchmorelikely to interact).
Thisexperimentclearlydemonstratesur ability to handle
a relatively large robotteamandto generatesuitablyaccu-
rateresults.At theterminationof theexperimentthe and
had620and3058elementgespectiely, yettheseresults
weregeneratedh real-timeusinga standardvorkstation.

Experiment with Real Robots

The real experimentwas conductedusing a teamof 7 Pi-
oneer2DX mobile robots,eachof which is equippedwith
a SICK LMS 200 scanninglaserrange- nderand a retro-
re ectivebarcode.Motion obsenationsareprovidedby the
robot's on-boardodometry;robotobsenationsareprovided
by thelaserrange- nder/barcodecombination.For this ex-
periment6 of the7 robotswerepositionedat x edlocations
in the corridorsof a building, asshavn in Figure5(a); the
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Figure7: Resultsfor the experimentwith real robots. Plot
of theaveragerangeerror  overthedurationof the exper
iment;thebarsdenotethe standardieviationin

remainingrobot was then “joy-sticked' aroundthe circuit,
andwasthus seen'by eachof the stationaryrobotsin turn.
Notethatthe stationaryrobotswerepositionedoutsideeach
other's sensorrange,and hencethere are no obsenations
thatrelatethe stationaryrobotsdirectly.

Since these experiments were performed in an un-
instrumentedervironment, ground truth information was
obtainedby measuringheinter-robotdistancedbetweerthe
x ed robots(using a tape-measure)Bearingsand orienta-
tions were not measured.Our error calculationstherefore
includeonly theseknown values.

The quantitatve resultsfor this experimentare shavn in
Figure 7, which shows a plot of theerror  asa function
of time for this experiment. Also marked on this plot are
thetimesat which eachof the stationaryrobots to  ob-
senedthemobilerobot . Themoststriking featureof this
plot is the way in which the error dropsimmediatelyafter
eachrobot obsenation. This is to be expected,given that
the poseof the stationaryrobotscanonly be determinedhf-
ter they have seenthe mobile robot at leastonce. Figure
5(b) shows a plot of the poseestimatespbsenations,and
laserscandataattime sec.At this point,themobile
robothasbeenseenby eachof the stationaryrobotsexactly
once. However, dueto the cumulative errorin this robot's
motion obsenations,the overall error of the poseestimates
remainsrelatively high. Figure5(c) shows the sameplot at

sec,afterthe mobilerobothas closedtheloop' by
revisiting the rst stationaryrobot. At this point, the error
dropsdramatlcally reachinga nal valueof m.
This gure is quite remarkablavhenoneconsiderghatthe
loop traversedby the mobilerobotis about80min length.

While theseresultssene to verify theaccurag of ourap-
proachwhenappliedto realdata,they alsosuggesthat, for
someapplications,andin someernvironments,goodlocal-
ization can only be achieved throughdeliberateaction on
the partof teammemberglooking for otherrobots,closing
loops,andsoon). Thisraisesaninterestingsetof issueghat
are,unfortunatelybeyondthe scopeof this paper

Conclusionand Futur e Work

The experimentdescribedn the previoussectionsufce to
demonstraté¢he MLE approactto teamlocalization,andto
verify its accurag in both simulatedand real experimen-
tal contexts. Thereare, however, someaspectf this ap-
proachthatrequirefurtherexperimentainvestigation Fore-
mostamongthesds theimpactof local minima, which nec-
essarilyplagueary non-trivial numericaloptimizationprob-
lem. While the solutionsfoundin the previous sectionare
entirely satishctory more experimentsneedto be doneto
characterize¢he overall sensitvity of theapproach.

In this paper we have intentionallyomittedmary details
regardingthepracticalimplementatiorof theformalism.We
notethatwhile it fairly easyto constructa batch-processing
algorithmfor useoff-line, the constructionan ary-time al-
gorithmsuitablefor useon-lineor “in-the-loop'is somavhat
moreinvolved (andrequiressomeextensiongo the formal-
ism). We expectto presentdetailsof suchan algorithmin
thenearfuture.

The mathematicaformalism presentedn this papercan
alsobe extendedand developedin a numberof interesting
directions. We can, for example,de ne a covariancema-
trix that measureshe relative uncertaintyin the poseesti-
matesfor pairsof robots. This matrix canthenbe usedasa
signalto actively controlthe behaior of robots. If, for ex-
ample,two robotsneedto cooperatebut their relative pose
is not well know, they canundertale actions(suchseeking
out otherrobots)that will reducethis uncertainty We are
alsoworking on a distributed versionof the formalismthat
will allow a team of robotsto collectively localize them-
selves without the needfor ary form of centralizedcom-
putation. We believe thatthis distributedformalismcanbe
implementedisinga constant-timeconstant-bandwidthl-
gorithm,andwill thereforescaleto teamsof ary size.
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