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Abstract

Thispaperdescribesamethodfor localizingthemembersof a
mobilerobotteam,usingonly therobotsthemselvesasland-
marks.Weassumethatrobotsareequippedwith sensorsthat
allow themto measuretherelativeposeandidentityof nearby
robots,aswell assensorsthatallow themto measurechanges
in their own pose.Usinga combinationof maximumlikeli-
hoodestimationandnumericaloptimization,wecan,for each
robot,estimatethe relative range,bearingandorientationof
every otherrobot in theteam.This paperdescribesthebasic
formalism andpresentsexperimentalresultsto validatethe
approach.

Intr oduction
This papersdescribesa methodfor localizing themembers
of a mobile robot team,using only the robotsthemselves
aslandmarks.That is, we describea methodwherebyeach
robotcandeterminetherelative range,bearingandorienta-
tion of everyotherrobotin theteam,withouttheuseof GPS,
landmarks,or instrumentationof theenvironment.

Our approachis motivatedby theneedto localizerobots
in hostileandsometimesdynamicenvironments.Consider,
for example,a search-and-rescuescenarioin which a team
of robotsmustdeploy into a damagedstructure,searchfor
survivors, and guide rescuersto thosesurvivors. In this
scenario,localizationinformationcannotbeobtainedusing
GPSor landmark-basedtechniques;GPSis generallyun-
availableor unreliablein urbanenvironmentsdueto multi-
patheffects,while landmark-basedtechniquesrequireprior
modelsof the environmentthat are either unavailable, in-
completeor inaccurate.For thesereasons,we have devel-
oped an approachto localization that relies on using the
robotsthemselvesas landmarks. With this approach,one
canobtaingoodlocalizationinformationin almostany envi-
ronment,includingthosethatareundergoingdynamicstruc-
tural changes.Our only requirementis that the robotsare
able to maintainat least intermittent line-of-sight contact
with otherrobotsin theteam.

We make two basicassumptions.First, we assumethat
eachrobot is equippedwith a proprioceptive motiondetec-
tor suchthat it canmeasurechangesin its own pose(sub-
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ject to somedegreeof uncertainty). Suitablemotion de-
tectorscan be constructedusing either odometryor iner-
tial measurementunits. Second,we assumethateachrobot
is equippedwith a robot detectorsuchthat it canmeasure
therelative poseof nearbyrobotsanddeterminetheir iden-
tity. Suitablesensorscanbereadilyconstructedusingeither
vision (in combinationwith color-codedmarkers)or scan-
ninglaserrange-�nders(in combinationwith retro-re�ective
bar-codes).We furtherassumethat the identity of robotsis
alwaysdeterminedcorrectly(which eliminateswhatwould
otherwisebeacombinatoriclabelingproblem)but thatthere
is someuncertaintyin therelativeposemeasurements.

Given theseassumptions,the teamlocalizationproblem
canbe solved usingmaximumlikelihoodestimation. The
basicmethodis asfollows. First, we constructa setof esti-
mates�������	� in which eachelement� representsa pose
estimatefor a particularrobot at a particulartime. These
poseestimatesare de�ned with respectto somearbitrary
globalcoordinatesystem.Second,we constructa setof ob-
servations 
����
��� in which eachelement� representsa
relativeposemeasurementmadeby eitheramotionor robot
detector. Formotiondetectors,eachobservation � represents
themeasuredchangein poseof a singlerobot;for robotde-
tectors,eachobservation � representsthemeasuredposeof
onerobotrelative to another. Finally, we usenumericalop-
timization to determinethe setof estimates� that is most
likely to giveriseto thesetof observations
 .

In general,we do not expectrobotsto usethesetof pose
estimates� directly; theseestimatesare de�ned with re-
spectto an arbitrarycoordinatesystemwhoserelationship
with the external environmentis unde�ned. Instead,each
robotusestheseestimatesto computetheposeof everyother
robotrelativeto itself, andusesthisego-centricviewpointto
coordinateactivity. We note,however, that somesubsetof
theteammaychooseto remainstationary, thereby`anchor-
ing' theglobal coordinatesystemin the realworld. In this
case,theposeestimatesin � maybeusedasglobalcoordi-
natesin thestandardfashion.

In this paper, wedevelopthemathematicalmachineryre-
quiredto solvetheteamlocalizationproblemin any number
of dimensions,thentreatthemorespeci�c problemof local-
izationin a plane.We alsodescribea seriesof experiments,
usingbothrealandsimulatedrobots,aimedatverifyingboth
theaccuracy andpracticalityof this approach.
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RelatedWork
Localization is an extremely well studiedareain mobile
robotics.Thevastmajorityof this researchhasconcentrated
on two problems:localizinga singlerobotusingana priori
mapof the environment(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;Dissanayake
et al. 2001). Recently, someauthorshave alsoconsidered
the relatedproblemof map building with multiple robots
(Thrun 2001). All of theseauthorsmake use of statisti-
cal or probabilistic techniquesof one sort or another;the
commontoolsof choiceareKalman�lters, maximumlike-
lihood estimation,expectationmaximization,and Marko-
vian techniques(usinggrid or sample-basedrepresentations
for probability distributions). The teamlocalizationprob-
lem describedin this paperbearsmany similarities to the
simultaneouslocalizationandmapbuilding problem,andis
amenableto similar mathematicaltreatments.In this con-
text, thework of Lu andMilios (Lu & Milios 1997)should
be noted. Theseauthorsdescribea methodfor construct-
ing globallyconsistentmapsby enforcingpairwisegeomet-
ric relationshipsbetweenindividual rangescans;relation-
shipsare derived either from odometry, or from the com-
parisonof rangescanpairs. MLE is usedto determinethe
setof poseestimatesthatbestaccountsthis setof relation-
ships. Our mathematicalformalism is very similar to that
describedby theseauthors,even thoughtit is directedto-
wardsa somewhat differentobjective; i.e., the localization
of mobilerobot teams,ratherthantheconstructionof glob-
ally consistentmaps.

Among thosewho have consideredthe speci�c problem
of teamlocalizationare (Roumeliotis& Bekey 2000) and
(Fox et al. 2000). RoumeliotisandBekey presentan ap-
proachto multi-robotlocalizationin whichsensordatafrom
a heterogeneouscollectionof robotsis combinedthrougha
singleKalman�lter to estimatetheposeof eachrobotin the
team.They alsoshow how thiscentralizedKalman�lter can
bebrokendown into � separateKalman�lters (onefor each
robot)to allow for distributedprocessing.It shouldbenoted,
however, that this methodstill relies entirely on external
landmarks;noattemptis madeto senseotherrobotsor to use
this informationto constraintheposeestimates.In contrast,
Fox et al. describean approachto multi-robot localization
in which eachrobotmaintainsa probabilitydistribution de-
scribingits own pose(basedon odometryandenvironment
sensing),but is able to re�ne this distribution throughthe
observation of other robots. This approachextendsearlier
work on single-robotprobabilistic localization techniques
(Fox, Burgard,& Thrun1999).Theauthorsavoid thecurse
of dimensionality(for � robots,onemustmaintaina ��� di-
mensionaldistribution) by factoringthedistribution into �

separatecomponents(onefor eachrobot). While this step
makesthealgorithmtractable,it doesresultin somelossof
expressiveness;onecannot,for example,expressrelation-
shipsof the form: “if I amat A thenyou mustbeat C, but
if I am at B you mustbe at D”. Our approachis ablepre-
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Figure 1: Illustration of the basic formalism. The �gure
shows two robots, ��� and � � , traveling from left to right;
at time ��� , robot � � observesrobot ��� . Thenodesrepresent
poseestimates;thearcsrepresentobservations.Two obser-
vationsarehighlighted: a motion observation for robot ��� ,
androbotobservationat time �

� .

servesuchrelationshipsby treatingthelocalizationproblem
in its full ��� dimensionalform. This is feasibleonly be-
causeMLE is a single estimateapproach;i.e., thereis no
attemptto maintaina completeprobabilitydistribution.

Finally, a numberof authors(Kurazume& Hirose2000;
Rekleitis,Dudek,& Milios 1997;Howard& Kitchen1999)
have consideredthe problem of team localization from a
somewhatdifferentperspective. Theseauthorsdescribeco-
operative approachesto localization,in which teammem-
bersactively coordinatetheir activities in order to reduce
cumulative odometricerrors. The basicmethodis to keep
onesubsetof therobotsstationary, while theotherrobotsare
in motion;thestationaryrobotsobservetherobotsin motion
(or vice-versa),therebyproviding moreaccurateposeesti-
matesthancanbeobtainedusingodometryalone.Whileour
approachdoesnot requiresuchexplicit cooperationon the
partof robots,theaccuracy of localizationcancertainlybe
improvedby theadoptionof suchstrategies;we will return
to this topicbrie�y in the�nal sectionsof this paper.

Formalism
We formulatetheteamlocalizationproblemasfollows. Let

� denotetheposeestimatefor a particularrobotat a partic-
ular time, andlet � � � � � bethesetof all suchestimates.
Similarly, let � denoteanobservationmadeby somedetec-
tor, andlet 
 � �
��� bethesetof all suchobservations.Our
aim is to determinethe setof estimates� that maximizes
the probability of obtainingthe setof observations 
 ; i.e.,
we seekto maximizetheconditionalprobability �

�


�� �

� .
If weassumethatobservationsarestatisticallyindependent,
wecanwrite this probabilityas:

�

�


�� �

�

�! 

"$#�%

�

�

�&� �

� (1)

where�

�

�&� �

� is theprobabilityof obtainingtheindividual
measurement� , given the estimates� . Taking the log of
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bothsides,wecanrewrite this equationas:
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where
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� and
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� � �

�

�
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��� �
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� . This latterform is somewhatmoreef�cient
for numericaloptimization.Ouraimis now to �nd thesetof
estimates� thatminimizes

�

�


 ���

� . To do this, we must
determinethe form of the individual observationprobabili-
ties �

�

� � �

� , or their log-probabilityequivalents
�

�

� � �

� .
We make the following de�nitions. Let eachestimate�

bedenoteby a tupleof theform:

� �

�
�

� �����	��� (3)

where
�

� is theabsoluteposeestimatefor robot � at time � .
Note that it is thevalueof

�

� thatwe aretrying to estimate;
� and � areconstantsusedfor book-keepingpurposesonly.
Let eachobservation � bedenotedby a tupleof theform:

� �

���

��������� �	��� ���
� �	���	� (4)

where
�

is the measuredposeof robot �
� at time �

� , rela-
tive to robot �

� at time �
� ; henceforth,we will refer to

�

as
a relative posemeasurement. The � term is a covariance
matrix representingtheuncertaintyin thismeasurement.As
statedin the Introduction,eachrobot is equippedwith two
differentdetectors:a proprioceptivemotiondetector, which
allows the robot to measurechangesin its own pose,and
a robotdetector, whichallows it to measuretheidentity and
relativeposeof otherrobots.Datafrom themotiondetectors
areencodedusinganobservationof theform:

� �

���

�������
� ����� �	��� �	���	� (5)

where
�

is themeasuredchangein posefor robot ��� between
times �

� and �
� . Data from the robot detectorsis encoded

usinganobservationof theform:

� �

���

�������
� ����� �	����������� (6)

where
�

is the measuredposeof robot ��� relative to robot
��� , for ameasurementtakenat time ��� .

If weassumethatthemeasurementuncertaintyfor all de-
tectorsfollows a normal distribution, the conditional log-
probability

�

�

�&� �

� is givenby thequadraticexpression:
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� (7)

where
�

is therelativeposemeasurementde�nedabove,and
��

is the correspondingrelativeposeestimate; i.e.
��

is the
estimatedposeof robot �

� at time �
� , relative to robot �

� at
time ��� . Let

�

��� and
�

��� describetheabsoluteposeestimates
for robot �
� at time ��� , androbot �
� at time ��� , respectively.
Therelative poseestimate

��

is derivedfrom theseabsolute
poseestimatesvia a simplecoordinatetransformation� :

��

���

�
�

��� �

�

���	� (8)

Thespeci�c form of � dependson thedimensionalityof the
localizationproblem(e.g. 2D versus3D) andon the par-
ticular representationchosenfor both absoluteandrelative

poses(e.g.Cartesianversuspolarcoordinates,or cylindrical
versussphericalcoordinates).

Onecan visualizethis formalism in termsof a directed
graph,asshown in Figure1. We associateeachestimate�

with a nodein the graph,and eachobservation � with an
arc. Eachnodemay have both outgoingarcs,correspond-
ing to observations in which this nodewas the observer,
andincomingarcs,correspondingto observationsin which
this nodewastheobservee. Motion observationsjoin nodes
representingthesamerobot at two differentpointsin time,
while robotobservationsjoin nodesrepresentingtwo differ-
ent robotsat thesamepoint in time, asindicatedin the �g-
ure.

Numerical Optimization
GivenEquations2 and7, togetherwith anappropriatede�-
nition for � , onecandeterminethesetof poses

�

� thatmini-
mizes

�

�


 � �

� usingastandardnumericaloptimizational-
gorithm.Theselectionof anappropriatealgorithmis driven
largelyby theform of � : in general,� is non-linearbut dif-
ferentiable,which rulesout fast linear algorithms,but per-
mits non-lineargradient-basedalgorithms(suchassteepest
descent).The gradientis computedby applyingthe chain-
rule to Equation2:
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wherethesecondterm(a gradientvector)is computedtriv-
ially from Equation7:
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� (10)

andthe�rst term(aJacobianmatrix) is computedby differ-
entiatingthroughthe � function(whatever it maybe):

�

��

�

�

�! 

�

��#"

�

�

��� if �

�

��� and �

�

���

�

��#"

�

�

�
� if �
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� and �
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$

otherwise
(11)

This latter equationrequiressomeexplanation. Consider
onceagainthe directed-graphinterpretationof the formal-
ism depictedin Figure1. Eachestimate� is representedby
a singlenode,andeachobservation � is representedby an
arc joining two nodes. The relative poseestimate

��

mea-
surestheposeof oneof thesenodesrelative to theother. In
computingthederivative

�

��#"

�

� for someparticularobser-
vation,therearethreecasesto consider:� is therobotmak-
ing theobservation,in whichcasewecomputethederivative
with respectto �

� ; � is the robot beingobserved, in which
casewe computethe derivative with respectto �

� ; or else
� is neithertheobserver nor the observeein this particular
observation,in whichcasethederivativemustbezero.

We useaconjugategradientalgorithm(Pressetal. 1999)
for optimization.Thisalgorithmis somewhatmorecomplex
thana steepestdescentalgorithm,but hastheadvantageof
beingmuchquicker. In addition,unlike somealgorithms,
its memoryrequirementsscalelinearly, ratherthanquadrat-
ically, with thenumberof variablesbeingoptimized.
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Figure3: Sampleprobabilitydistributionsfor for theplanarlocalizationproblem.Theplotsshow theprobability �

�

� � �

� asa
functionof theestimatedabsoluteposition

���

��� �

�

����� for therobotbeingobserved.Orientationis notshown. (a)Therangeis well
determined(

�

�

�

�

� $��

�

m), but thebearingis unknown. (b) Thebearingis moderatelywell determined(
�	�

��

�

�

����� ),
but therangein unknown. (c) Both rangeandbearingarewell determined(

�

�

�

�

� $��

�

m,
���

��
��

�

����� ).
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Figure2: Exampleof a relative posemeasurementfor the
planarlocalizationproblem. Robot ��� measuresthe range

�

� , bearing
���

andorientation
�

�

of robot ��� .

Localization in a Plane
Theformalismdescribedabove is quitegeneral,andcanbe
appliedto localizationproblemsin two, three,or moredi-
mensions.In orderto make the formalismsomewhatmore
concrete,andto lay the theoreticalfoundationsfor the ex-
perimentsdescribedin the next section,we now consider
thespeci�c problemof localizationin a plane.

We make thefollowing de�nitions. Let theabsolutepose
estimate

�

� bea 3-vectorsuchthat:
�

�

���

�
�

���
�

�������
� (12)

where ��� and ��� describethe robot's position and �
� de-

scribesits orientation. Let the relative posemeasurement
�

bea 3-vectorsuchthat:
�
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� � (13)

where
�

�

�

���

and
�

�

aretherange,bearingandorientation
of onerobotrelativeto another(or of onerobotrelativeto its
earlierpose).Figure2 illustratesthis de�nition. We choose
to expressmeasurementsin this particularform, since,for
many sensors,the uncertaintyin range,bearingandorien-
tationcomponentsis effectively uncorrelated.Thus,we can

ignore the off-diagonaltermsin the uncertaintymatrix � ,
andwrite:
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Figure3 showssomeof theprobabilitydistributionsthatcan
begeneratedusingthisparameterization.Thecorresponding
coordinatetransformfunction �

�
�

�
� �

�

���	� computestherange,
bearingandorientationof

�

�
� relative to
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�
� . Using elemen-

tary geometry, we write down the following expressionfor
therelativeposeestimate
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�

��� asonemightnaively expect.
Notealsothatthederivativescontaina singularityat

��

�

$

;
onemusttake careto avoid this singularityin thenumerical
optimizationprocess.

Insertingthesede�nitions into thegeneralformalismde-
scribedin theprevioussection,onecansolve theplanarlo-
calizationproblemin a fairly straight-forwardmanner.
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(a) (b) (c)

Figure4: An experimentwith simulatedrobots.(a) Experimentalset-up:20 robotsareplacedinto a singleroomandallowed
to disperse.(b) Combinedlaserscansat �

�

$

sec,beforeany of therobotshasmoved.Notethatthis is not a storedmap:this
is live laserdata.Poseestimatesandobservationsarealsoshown, denotedby rectanglesandlinesrespectively. (c) Combined
laserscansat �

� �

$	$

sec,afterall of therobotshavedispersed.

Experiments
We have conducteda seriesof experimentsaimedat deter-
mining both the accuracy andpracticalityof the approach
describedin thispaper. Two suchexperimentsarepresented
here.The�rst experimentwasconductedin simulation,us-
ing a teamof 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;thesecondwaschosen
to verify thattheapproachwill work with realsensordata.

For both experiments,we determinethe accuracy of the
solution by comparinga subsetof relative poseestimates
with their corresponding̀true' values. We measureaccu-
racy usingrelativeratherthanabsoluteposeestimates,since
the absoluteposeestimatesare de�ned with respectto an
arbitrarycoordinatesystem,andhencecannotbemeaning-
fully comparedwith a `true' value. We de�ne the average
rangeerror �

� asfollows:
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where 
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is the truerelative pose,i.e. the trueposeof robot
�

� at time �
� , relative to robot �

� at time �
� . Thesummation

is over the subsetof �

�

of � for which we have the true
values,andthe resultis normalizedby thenumberof pose
estimates� in �

�

to generatean averageresult. Onecan
de�ne similarmeasuresfor thebearingerror �

�

andorienta-
tion error �

�

.
For practicalpurposes,it is necessaryto limit both the

numberof poseestimatesin � and the numberof obser-
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Figure6: Resultsfor theexperimentwith simulatedrobots.
Plot of the averagerangeerror �

� over the durationof the
experiment;thebarsdenotethestandarddeviation in �

� .

vations in 
 . For theseexperiments,this was done by
integrating motion observationsover a 10 secondperiod,
and discardingmost of the robot observations. Thus, in
theseexperiments,� describesthe poseof robotsat �

�

�

$

�

�

$

�

��$

�

� � �

� sec,and 
 includesonly thoseobservations
thatoccurredat thesetimes.

Experiment with SimulatedRobots
The simulatedexperimentwas conductedusing the Stage
(Vaughan2000) multi-agentsimulator. Stageis a high-
�delity simulationcapableof accuratelymimicking thebe-
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(a) (b) (c)

Figure5: An experimentwith real robots. (a) Experimentalset-up:six stationaryrobots( �
� to ��� ) areplacedat at strategic

locations;theseventhmobilerobot( ��
 ) executesa circuit. (b) Combinedlaserscansat �

�

��$�$

sec,afterthemobilerobothas
beenseenby all six stationaryrobotsexactlyonce.Notethatthis is notastoredmap:this is live laserdata.Poseestimatesand
observationsarealsoshown, denotedby rectanglesandlinesrespectively. (c) Combinedlaserscansat �

�

����$

sec,after the
mobilerobothasbeenseenby the�rst stationaryrobot �

� for asecondtime, thusclosingtheloop.

havior of many realrobotsensorsandactuators.For thisex-
periment,we useda teamof 20 robots,eachequippedwith
odometry, ascanninglaserrange-�nderandaretro-re�ective
bar-code.Thesimulatedodometryprovidesmotionobserva-
tions and the laserrange-�nder/bar-codecombinationpro-
videsrobotobservations.For addedrealism,Gaussiannoise
wasaddedto all measurement(proportionalnoiseof 5%for
therangecomponentandaconstant

�

� noisefor thebearing
and orientationcomponents).All 20 robotswere initially
positionedin single room in large environment,as shown
in Figure4(a), andsubsequentlyallowed to disperseusing
thedistributeddeploymentalgorithmdescribedin (Howard,
Mataríc, & Sukhatme2002).

The quantitative resultsfor this experimentare summa-
rized in Figure6, which plots both the averagerangeerror

�

� andits varianceasafunctionof time. Notethattheinitial
error is very low, at around

$ � $

�

�
$ � $

� m, but steadilyin-
creasesover time to around

$ �

�

$
�

$�� ��$

m. Thisbehavior is
not surprising,given the way in which the robotsdisperse.
At �

�

$

sec,all of the robotsare crowded into a single
room,andmany robotobservationsaregenerated.Onecan
geta sensefor thedensityof theseobservationsby inspect-
ing Figure4(b), which shows a plot of bothposeestimates
and observations,with live laserscandataoverlaid. The
densityof observationsis suchthattheposeof robotsis very
heavily constrained,and the localizationalgorithm is able
to generatea very accuratesetof estimates.As the robots

disperse,however, errorsbegin to accumulate,and the ac-
curacy of theestimatesdeclines;thevariancealsoincreases
dramatically. Again, this is not surprising. Any given pair
of robotswill alwaysbeconnectedby aseriesof motionand
robotobservations,andthecumulative uncertaintyin these
observationsis suchthat the relative poseerror for widely
separatedrobotsis necessarilygreaterthanthat for nearby
robots(at leastin absoluteterms). We note that for most
practicalapplications,knowing theposeof distantrobotsis
muchlessimportantthanknowing theposeof nearbyrobots
(with whomwearemuchmorelikely to interact).

Thisexperimentclearlydemonstratesourability to handle
a relatively large robot teamandto generatesuitablyaccu-
rateresults.At theterminationof theexperiment,the � and


 had620and3058elementsrespectively, yet theseresults
weregeneratedin real-timeusinga standardworkstation.

Experiment with Real Robots

The real experimentwas conductedusing a teamof 7 Pi-
oneer2DX mobile robots,eachof which is equippedwith
a SICK LMS 200 scanninglaserrange-�nderanda retro-
re�ectivebar-code.Motion observationsareprovidedby the
robot'son-boardodometry;robotobservationsareprovided
by thelaserrange-�nder/bar-codecombination.For this ex-
periment,6 of the7 robotswerepositionedat �x edlocations
in the corridorsof a building, asshown in Figure5(a); the
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Figure7: Resultsfor theexperimentwith real robots. Plot
of theaveragerangeerror �

� over thedurationof theexper-
iment;thebarsdenotethestandarddeviation in �

� .

remainingrobot was then `joy-sticked' aroundthe circuit,
andwasthus`seen'by eachof thestationaryrobotsin turn.
Notethatthestationaryrobotswerepositionedoutsideeach
other's sensorrange,and hencethereare no observations
thatrelatethestationaryrobotsdirectly.

Since these experiments were performed in an un-
instrumentedenvironment, ground truth information was
obtainedby measuringtheinter-robotdistancesbetweenthe
�x ed robots(usinga tape-measure).Bearingsandorienta-
tions were not measured.Our error calculationstherefore
includeonly theseknown values.

Thequantitative resultsfor this experimentareshown in
Figure7, which shows a plot of the error �

� asa function
of time for this experiment. Also marked on this plot are
thetimesat whicheachof thestationaryrobots �

� to ��� ob-
servedthemobilerobot �


 . Themoststriking featureof this
plot is the way in which the error dropsimmediatelyafter
eachrobot observation. This is to be expected,given that
theposeof thestationaryrobotscanonly bedeterminedaf-
ter they have seenthe mobile robot at leastonce. Figure
5(b) shows a plot of the poseestimates,observations,and
laserscandataat time �

�

�	$	$

sec.At thispoint, themobile
robothasbeenseenby eachof thestationaryrobotsexactly
once. However, dueto the cumulative error in this robot's
motionobservations,theoverall errorof theposeestimates
remainsrelatively high. Figure5(c) shows thesameplot at

�

�

�

�

$

sec,afterthemobilerobothas`closedtheloop' by
revisiting the �rst stationaryrobot. At this point, the error
dropsdramatically, reachinga �nal valueof

$ � $��
�

$ � $�


m.
This �gure is quite remarkablewhenoneconsidersthat the
loop traversedby themobilerobotis about80min length.

While theseresultsserveto verify theaccuracy of ourap-
proachwhenappliedto realdata,they alsosuggestthat,for
someapplications,and in someenvironments,goodlocal-
ization can only be achieved throughdeliberateaction on
thepartof teammembers(looking for otherrobots,closing
loops,andsoon). Thisraisesaninterestingsetof issuesthat
are,unfortunately, beyondthescopeof this paper.

Conclusionand Future Work

Theexperimentsdescribedin theprevioussectionsuf�ce to
demonstratetheMLE approachto teamlocalization,andto
verify its accuracy in both simulatedand real experimen-
tal contexts. Thereare,however, someaspectsof this ap-
proachthatrequirefurtherexperimentalinvestigation.Fore-
mostamongtheseis theimpactof localminima,whichnec-
essarilyplagueany non-trivial numericaloptimizationprob-
lem. While the solutionsfound in the previous sectionare
entirely satisfactory, moreexperimentsneedto be doneto
characterizetheoverall sensitivity of theapproach.

In this paper, we have intentionallyomittedmany details
regardingthepracticalimplementationof theformalism.We
notethatwhile it fairly easyto constructa batch-processing
algorithmfor useoff-line, the constructionan any-time al-
gorithmsuitablefor useon-lineor `in-the-loop'is somewhat
moreinvolved(andrequiressomeextensionsto theformal-
ism). We expectto presentdetailsof suchan algorithmin
thenearfuture.

The mathematicalformalismpresentedin this papercan
alsobe extendedanddevelopedin a numberof interesting
directions. We can, for example,de�ne a covariancema-
trix that measuresthe relative uncertaintyin the poseesti-
matesfor pairsof robots.This matrix canthenbeusedasa
signalto actively control thebehavior of robots. If, for ex-
ample,two robotsneedto cooperate,but their relative pose
is not well know, they canundertake actions(suchseeking
out other robots)that will reducethis uncertainty. We are
alsoworking on a distributedversionof the formalismthat
will allow a teamof robots to collectively localize them-
selves without the needfor any form of centralizedcom-
putation. We believe that this distributedformalismcanbe
implementedusinga constant-time,constant-bandwidthal-
gorithm,andwill thereforescaleto teamsof any size.
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