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Abstract. We presentanalgorithmfor themulti-robotsimultaneouslocalizationandmap-
ping (SLAM) problem.Our algorithm enablesteamsof robots to build joint maps,even
if their relative starting locationsare unknown and landmarksare ambiguous—whichis
presentlyanopenproblemin robotics.It achievesthiscapabilitythroughasparseinformation
�lter technique,which representsmapsandrobotposesby GaussianMarkov random�elds.
Thealignmentof local mapsinto a singleglobalmapsis achievedby a tree-basedalgorithm
for searchingsimilar-looking local landmarkcon�gurations,pairedwith a hill climbing al-
gorithmthatmaximizestheoverall likelihoodby searchin thespaceof correspondences.We
reportfavorableresultsobtainedwith a real-world benchmarkdataset.

1 Intr oduction

Simultaneouslocalizationand mapping,or SLAM, addressesthe problemof ac-
quiring an environmentmapwith oneor moremoving vehicles[3]. In statistical
terms,SLAM is ahigh-dimensionalestimationproblemcharacterizedby two major
sourcesof uncertainty, pertainingto the noisein sensingandin motion.Whereas
SLAM hasmostlybeenaddressedfor singlerobotsystems,theproblemis particu-
larly challengingfor multiple robotsthatseekto cooperatewhenacquiringa map.
For single-robotSLAM, the “classical” solutionis basedon the extendedKalman
®lter, or EKF [14]. EKFs are relatively slow when estimatinghigh-dimensional
maps.Recentresearchhasled to a �urry of more capablealgorithms,introduc-
ing conceptssuchashierarchicalmaps[1,4,16], particle®lters [7,9], information
®lters[18], andjunctiontrees[11] into theSLAM literature.

This paperaddressesthe topic of multi-robot SLAM, wheremultiple vehicles
seekto build ajoint map.Theproblemis notnew: A numberof papersaddressesthe
problemundertheconstraintthattheinitial poseof all robotsrelative to eachother
is known exactly [2,10,13]or in approximation[5,17]. All of thosepaperssidestep
animportantdataassociationquestion:If two robotsdiscoversimilarmaps,arethey
actuallyin thesameenvironment,or arethesetwo differentpartsof theenvironment
that look alike?Clearly, this questionis trivially answeredif therobotsstartat the
samelocation.If their initial locationis unknown—which is thecaseaddressedin
this paper—it createsa challengingdataassociationproblem.This problemwas
addressedis a recentpaper[15]: the ideahereis that robotscontinuouslyattempt
to localize themselves in eachother's mapsusing particle ®lters. While this is a
highly promisingapproach,it is computationallysomewhat expensive, dueto the
highcostsof runningK 2 particle®ltersfor K robots.
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(a) (b)

Figure 1. Theeffect of measurementson theinformationmatrix andtheassociatednetwork
of landmarks:(a) Observingy1 resultsin a modi�cation of the informationmatrix elements
H x t ;y 1 . (b) Observingy2 affectsH x t ;y 2 .

In this paper, we addressthe multi-robot SLAM problem from a geomet-
ric/Bayesianperspective.Ourapproachis orthogonalto theonin [15]: Insteadof lo-
calizingrobotsin eachother'smaps,wecomparelocalmapsacquiredby therobots.
To accommodatethe uncertaintiesin thesemaps,our approachbuilds on an algo-
rithm that representsrobotsmapsby sparseGaussianMarkov random®elds(GM-
RFs) [18,19]. We de®nefast tree-basedmatchingalgorithmsfor mapsin GMRF
representation,which answerquestionslike: Whatis theprobability that two maps
overlap?andwhatis themostlikely overlap?We de®nea multi-robotSLAM algo-
rithm thatenablesteamsof robotsto identify mapoverlap,andgraduallyconstruct
a single large mapeven undertotal ignorancewith regardsto their relative initial
location.Experimentalresultsshow thatourapproachworkswell in large-scaleen-
vironments.

2 The Multi-Robot SLAM Problem

We aregivenK mobilerobotsequippedwith environmentsensors.Therobotsop-
eratein anenvironmentpopulatedby N stationarylandmarkswhoseCartesianlo-
cationaredenotedY = y1 : : : yN . Eachrobot'spose(i.e., its coordinatesandorien-
tation)is afunctionof timeandwill bedenotedxk

t ; heret is thetimeindex, andk is
theindex of therobot.Wewill collectively denotethesetof all robotposevariables
at time t by X t = x1

t : : : xK
t .

At eachpoint in time, eachrobot executesa motion command,denoteduk
t ,

whichsubsequentlyaltersits pose.Thisposetransitionis governedby afunctiongk

xk
t +1 = gk (xk

t ; uk
t ) + N (0; Gk

t ) (1)

whereN (0; Gk
t ) denotesa zero-meanGaussiannoisevariablewith covarianceGk

t .
Eachrobotcanalsosenserelative informationto nearbylandmarks(e.g.,rangeand
bearing).Thek-th robot's measurementvectorat time t will be denotedzk

t . Mea-
surementsaregovernedthroughthefunctionhk

zk
t = hk (xk

t ; Y ) + N (0; Qk
t ) (2)

whereQk
t is thecovarianceof themeasurementnoise.Theobjective of multi-robot

SLAM is to estimatea posteriorp(X t ; Y j Z; U) over all robot posesX t andall
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landmarklocationsY from all availabledata,Z andU. HereZ is thesetof all mea-
surementsacquiredby all robotsfrom time0 to time t; U is thesetof all controls.

3 SparseExtendedInf ormation Filters for Multi-Robot
Systems

The classical solution to the SLAM problem is the extended Kalman ®lter
(EKF) [8,14]. The EKF approximatesthe posteriorp(X t ; Y j Z; U) by a multi-
variateGaussian,with meanvector� t andcovariance� t . Updatingthis Gaussian
is achieved by linearizingg andh at � t , andapplyingthe standardKalman®lter
equations.Unfortunately, even a singlevehiclemeasurementwill generallyaffect
all parametersof theGaussian.Therefore,updatesrequiretimequadraticin N + K ,
which is prohibitively slow whenappliedin environmentswith many landmarks(or
features).Moreover, theEKF is not easilydecomposedfor decentralizedexecution
onmultiplevehicles,asdiscussedin [10].

In arecentworkshoppaper[18], wehaveproposedanef®cientSLAM algorithm
calledsparseextendedinformation �lter , or SEIF. SEIFsrepresentsthe posterior
p(X t ; Y j Z; U) by asparseGaussianMarkov random®eld (GMRF),whichmakes
it possibleto (1) representtheentireSLAM posteriorin O(N + K ) memory, and
(2) incorporatenew sensormeasurementsandcontrolsin constanttime perupdate,
independentof thesizeof themapN or thenumberof robotsK . SEIFswereorig-
inally proposedfor single-robotSLAM; herewe show thatthey canbeextendedto
multi-robotSLAM.

A key ideain SEIFsis to representtheSLAM posteriorin thenaturalparameters
of multivariateGaussians.Thenaturalparametersconsistof aninformationmatrix
H t and an information vector bt , which are de®nedas follows: Ht = � � 1

t and
bt = � T

t � � 1
t . As oneeasilyshows, both representationsof Gaussians—moments

andnaturalparameters—aremathematicallyequivalent(up to aconstantfactorthat
is easilyrecovered):

N (x; � t ; � t ) / exp� 1
2 (x � � t )T � � 1

t (x � � t )

/ exp� 1
2 xT H t x + bt x (3)

The most important insight in SEIFs is that in SLAM problems,the covariance
� t is fully populatedwhereasthe informationmatrix H t is dominatedby a small
numberof elements.This insighthasopenedthedoorto thedevelopmentof update
rulesthatmaintaina sparseinformationmatrix H t [18]; for thoseeachupdatestep
manipulatesonly asmallnumberof elements.Furthermore,all updatesareadditive,
which facilitatestheir distributed(anddecentralized)implementation.

3.1 MeasurementUpdate

Let �H t and �bt denotethe®lter statebefore themeasurementupdate.Theparameters
H t andbt areobtainedfrom �H t and �bt by virtue of the following additive update
equations:

H t = �H t + Ct Q� 1
t CT

t (4)
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(a) (b)

Figure2. Theeffectof motionontheinformationmatrixandtheassociatednetwork of land-
marks:(a) beforemotion,and(b) aftermotion.Motion updatesintroducenew links (or rein-
forceexisting links) betweenany two active landmarks,while weakeningthe links between
therobotandthoselandmarks.Thisstepintroduceslinks betweenpairsof landmarks.

bt = �bt + (zt � Ẑ t + CT
t � t )T Z � 1CT

t (5)

HereQt is thejoint covarianceof themulti-robotmeasurementerror. Q t is agener-
alizeddiagonalmatrix composedof the individual measurementerror covariances
Q1

t ; : : : ; QK
t . Ct = r X t Y h(� t ) is theJacobeanof the joint measurementfunction

h at � t . This Jacobeanis naturallysparse:it only involvesthe robotposesandthe
observed landmarks.Ẑ t is the predictedjoint measurementfor all robots.Notice
thattheupdates(4) and(5) areadditive; they areeasilydecomposedinto individual-
robotupdates,makingit amenableto adecentralizedimplementation.

Figure1 illustratesthe measurementupdateandits effect H t for a simpleex-
ampleinvolving two robots(andassumingknown dataassociation).Hererobot 1
senseslandmarksy1 andy2, androbot2 sensesy3. ThematrixCt is zeroexceptfor
the statevariablesthat in�uence thesemeasurements.Consequently, the measure-
mentupdatemanipulatestheoff-diagonalelementsH x 1

t ;y 1
, H x 1

t ;y 2
, andH x 2

t ;y 3
and

its symmetricalcounterparts,H y1 ;x 1
t
, H y2 ;x 1

t
, andH y3 ;x 2

t
, andthecorrespondingel-

ementson the main diagonal.Graphically, theseupdatesareequivalent to adding
links in theGMRFbetweenx1 andy1, x2 andy1, andx2 andy3, asillustrated.

To implementthis motionupdateon actualrobots,it is necessaryto determine
the identity of observed landmarks.This dataassociationdecisionis commonly
madeon a maximumlikelihoodbasis[3], allowing for the provision that an ob-
served landmarkhasnever beenseenbefore.The calculationof the likelihoodof
a measurementundera dataassociationhypothesisis achieved by computingthe
marginal distribution p(xk

t ; yn j Z; U) of therobotposexk
t andthelandmarkyk

n in
question.Thismarginal is approximatedby thefollowing Gaussian:

� t :n = ST
x k ;y n

(ST
x k ;y n ;Y +

n
H t Sx k ;y n ;Y +

n
) � 1Sx k ;y n

� t :n = � t Sx k ;y n
(6)

HereSx k ;y n
is a projectionmatrix thatextractsfrom thestatevectorthek-th robot

poseandthe coordinatesof the n-th landmark.This expressioncanbe tightly ap-
proximatedin constanttime for eachlandmarkunderconsideration,regardlessof
thesizeof themapN andthenumberof robotsK .
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(a) (b)

Figure 3. Sparsi�cation:A landmarkis deactivatedby eliminatingits link to the robot.To
compensatefor this changein informationstate,links betweenactive landmarksand/orthe
robotarealsoupdated.

3.2 Motion Update

Motion updatesmanipulatethe information in less obvious ways, but they are
still additive andlocal. The equationsfor the generalcasearesomewhat involved
(see[18] for a full derivation).HereSX is againaprojectionmatrix,whichextracts
all robotposevariablesX = x1 : : : xK form thefull statevector.

�H t = H 0
t � 1 � �H t

�bt = bt � 1 � � T
t � 1(�H t + H 0

t � 1 � H t � 1) + ^� T
t

�H t (7)

with H 0
t � 1 = 	 T

t H t � 1 	 t

�H t = H 0
t � 1SX [U � 1

t + ST
X H 0

t � 1SX ]� 1ST
X H 0

t � 1

	 t = I � SX (I + [ST
X A t SX ]� 1) � 1ST

X

This updatereliesonceagain on linearizationusingTaylor seriesexpansion,where
A t = r X g(ut ; � ). As before,this updateis additive, andit is easilydecomposed
into individual additive updatesfor eachrobot,hencecanbeexecuteddecentrally.
In [18], we prove that eachrobot canperformthis updatein constanttime if H t

is sparse,regardlessof the numberof landmarksN . This proof generalizesto the
multi-robotcase.

Graphically, themotionupdateis shown in Figure2.As therobotsmove,theup-
dateequationsreducethestrengthof all elementsin theH t matrixin therow/column
of the robot posevector. In the GMRF representation,this amountsto weakening
all links directly connectedto theposeof a moving robot,by shifting weightto the
between-landmarklinks of landmarkslinkedto therobot,assketchedin Figure2b.
From this diagram,it is easyto seethat motion updatescanbe decomposedinto
individual-robotupdates,hencecanberundecentrally.

3.3 Sparsi�cation

Regularinformation®ltersasdescribedsofar generatedenselypopulatedinforma-
tion matrices,despitethe fact that thosematricesaredominatedby a linear num-
berof elements[18]. To enforcesparseness,which is necessaryfor themulit-robot
decomposition,SEIFsincludean approximationstepcalledsparsi�cation, which
removeselementsin theH -matrix betweena robotanda landmarkwithout intro-
ducingnew links.Thisstepis reminiscentof thearc removal techniqueknown from
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Bayesnetworks[12], with thetimerequiredfor removing anarcbeingindependent
of the sizeof the GMRF. The sparsi®cationis graphicallyillustratedin Figure3.
By removing arcsbetweentherobotandspeci®clandmarks,thefan-inandfan-out
of every nodein theGMRF canbecontrolled,andtheresultingmatrix H t remains
sparse.

The updateequationsarealsosomewhat involved,andtheir derivation canbe
foundin [18]. As before,wedenotearobotposeby xk . All landmarksconnectedto
this robotarecollectively calledY + . Y 0 is thelandmarkwhoselink to therobot is
beingremovedin thesparsi®cationstep,andY� refersto all otherlandmarks.The
outcomeof thisstepis givenby ~H t and~bt .

~H t = H t � H 0
t L

0
t

~bt = bt � b0
t L

0
t SY 0 ST

Y 0 + (� T
t

~H t � bt )Sx k ;Y + ST
x k ;Y + (8)

with H 0
t = Sx k ;Y + ;Y 0 ST

x k ;Y + ;Y 0 H t Sx k ;Y + ;Y 0 ST
x k ;Y + ;Y 0

b0
t = bt Sx k ;Y + ;Y 0 ST

x k ;Y + ;Y 0

L 0
t = [Sx k (ST

x k H t Sx k ) � 1ST
x k + SY 0 (ST

Y 0 H t SY 0 ) � 1ST
Y 0

� Sx k ;Y 0 (ST
x k ;Y 0 H t Sx k ;Y 0 ) � 1ST

x k ;Y 0 ]H 0
t (9)

Thisupdateis alsoadditiveandlocal.It leavesthevaluesof all posesof robotsother
thanxk andall landmarksY untouched.

WenotethattheoriginalSEIFalgorithmalsoutilizesanamortizedGauss-Seidel
algorithmfor recovering the mode� t from the informationstate[18]. This mode
is neededat variousplacesof the SEIF update,e.g., for the linearizationof the
measurementandmotionequations.

4 Multi-Robot SLAM

The two key propertiesthat makes SEIF amenableto decentralized,multi-robot
mappingareadditivity andlocality. Additivity enablesmultiple robotsto integrate
their informationby addingincrements;addition is commutative andassociative,
hencetheresultingupdateschemescancopewith network latencies(see[10] for a
relatedpaperthatexploitsadditivity in multi-robotSLAM). Localityensuresthatall
updatesperformedby arobotarecon®nedto its own poseandlandmarkspreviously
detectedby this robot(which is not thecasefor themuchmorepopularEKF!). As a
result,in multi-robotSEIF, eachrobotcanmaintainits own localmapandposterior
estimate.

However, the fusion of local mapsis tricky becauseof two dif®culties: ®rst,
eachrobotmaintainsits own localcoordinatesystem.As aresult,transformationof
onerobot'scoordinatesysteminto anotherarenon-linear, which is atoddswith the
linearSEIFrepresentation(in particular, it is invalid to simplyaddthelocalmaps!).
Second,a complex dataassociationproblemhasto be solved whenfusing maps,
namelythatof establishingcorrespondencebetweenlandmarksin therobots' local
maps.Priorwork [10] side-stepsthis issueby assumingknowledgeof (1) theinitial
posesand(2) uniquelandmarksignature;underthesehighly restrictiveassumptions,
additionis aviableway to fusemaps.Neitherof theseassumptionsaremadehere.
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(a)dataacquisitionvehicle (b) raw odometrypath

Figure 4. The dataacquisitionvehicle: An outdoorvehicle by the University of Sydney,
Australia.

4.1 FusingMaps Acquir edby Multiple Robots

Let hH k
t ; bk

t i andhH j
t ; bj

t i two local estimates(mapsandvehicleposes)acquired
by two differentvehicles,k andj . To fusethesemaps,we needtwo piecesof in-
formation:arelativecoordinatetransformationbetweenthesetwo maps(translation
and rotation),and a correspondencelist, that is, a list of pairs of landmarksthat
correspondto eachotherin thedifferentmaps.

Supposewearegiventhetranslationd andtherotationmatrix r thatspecifythe
coordinatetransformationfrom the j -th to thek-th robot's coordinatesystem—we
will discussour approachto ®nding d and r further below. Coordinatesy in the
j -th robot's coordinatesystemaremappedinto thek-th coordinatesystemvia the
linearequationyk  j = r y + d. This transformationis easilyextendedto the®lter
variableshH j

t ; bj
t i

H k  j
t = RT H j

t R (10)

bk  j
t = (bj

t + H j
t D T ) RT (11)

whereR andD arematricesthatextendr andd to thefull dimensionof theposterior
maintainedby thej -th robot:

R =

0

B
B
@

1 0 � � � 0
0 r � � � 0
...

...
. . .

...
0 0 � � � r

1

C
C
A and D =

0

B
B
@

�
d
...
d

1

C
C
A (12)

Noticethespecialprovision for therobot'sheadingdirection,which is thevery®rst
elementin thestatevector. Theheadingsimplychangesby theangleof therotation
betweenbothmaps,denoted� in (12).

To seethecorrectnessof (10) and(11), we recall that theparametershH j
t ; bj

t i
de®nea Gaussianover thej -th robotposeansmapxj

t = ( x j
t Y )T . This givesus

thefollowing derivation:

p(x j
t j Z j ; U j )
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Figure5. Eight localmapsobtainedby splitting thedatainto eightdisjoint sequences.

/ exp � 1
2 (R x j

t � D � � j
t )T � j ; � 1

t (R x j
t � D � � j

t )

/ exp � 1
2 x j ;T

t RT � j ; � 1
t R x j

t � (� j
t + D )T � j ; � 1

t RT x j
t

= exp � 1
2 x j ;T

t RT H j
t R x j

t � (bj
t + H j

t D T ) RT x j
t (13)

Thekey observationsherearethatthealignmenttakestimelinearin thestatevector
(andnot cubicaswould bethecasefor EKFs).More importantly, thesparsenessis
preserved by this updatestep.The readermay alsonoticethat the transformation
canbe appliedto subsetsof features(e.g.,a local map),thanksto the sparseness
of H j

t . In sucha case,onehasto includethe Markov blanket of the variablesof
interest.

After thealignmentstep,bothmapsareexpressedin thesamecoordinatesys-
tem.Thejoint informationstateis obtainedby concatenatingbothinformationma-
tricesandbothinformationstates.Thecorrespondencelist is thenincorporatedinto
this joint mapby collapsingthe correspondingrows andcolumnsof the resulting
informationmatrix andvector. The following exampleillustratesthe operationof
collapsingfeature2 and4 in the®lter, whichwouldoccurwhenourcorrespondence
list statesthatlandmark2 and4 areidentical:

0

B
B
@

h11 h12 h13 h14

h21 h22 h23 h24

h31 h32 h33 h34

h41 h42 h43 h44

1

C
C
A � !

0

@
h11 h12+ h14 h13

h21+ h41 h22+ h42+ h24+ h44 h23+ h43

h31 h32+ h34 h33

1

A (14)

0

B
B
@

b1

b2

b3

b4

1

C
C
A � !

0

@
b1

b2+ b4

b3

1

A (15)

Collapsingtheinformationstateexploits theadditivity of theinformationstate.The
viability of a datafusionhypothesisis ®nally assessedby computingthelikelihood
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(a)bestsingle-vehiclemap (b) mapsfusedfrom 8 localmaps

Figure 6. (a) The vehicle; (b) 8 local mapsobtainedby splitting the data into 8 disjoint
sequences;(c) the raw odometry;(d) thepathandmaprecoveredby single-vehicleSLAM;
(e) themulti-robotresult,obtainedusingthealgorithmdescribedin thispaper.

of thedataafter fusingtwo maps.This is achievedby pluggingthefusedmapinto
theoriginal two Gaussiansde®ningeachvehicles' local maps,andby multiply the
resultingprobabilities.This calculationplaysan importantrole in our algorithm's
decisionto acceptor rejecta fusionhypothesis.Technically, thisoperationinvolves
a recovery of the state,andthe evaluationof two Gaussians(oneper robot). The
mathematicsfor doingsoarestraightforwardandomittedfor brevity.

4.2 Finding GoodAlignments

The previous sectionprovided a methodfor evaluatingthe goodnessof a mapfu-
sion candidate,but left openhow suchcandidatesarefound.Finding goodcandi-
datesfor fusingmapsis essentiallya hybrid searchproblem,involving continuous
(alignment)anddiscrete(correspondence)variables.

Our approachperformsthis searchin two states.First, it searchesfor corre-
spondingpairs of local landmarkcon®gurationsin different maps.In particular,
our approachidenti®esfor eachlandmarkin eachmapall tripletsof threeadjacent
landmarksthatfall within a smallradius(a similar groupingwasusedin [16]). The
relative distancesandanglesin thesetripletsarethenmemorizedin anSR-tree,to
facilitateef®cient retrieval. Using theseSR-trees,similar local con®gurationsare
easilyidenti®edin differentmapsby searchingthetree.Correspondencesfoundin
this searchserve asa startinghypothesesfor thefusionprocess;they arealsoused
to recoverthealignmentparameters,therotationr andtheshift d (usingtheobvious
geometriclaws).

Whenanappropriatecandidatehasbeenidenti®ed,thespaceof possibledataas-
sociationsis searchedrecursively, by assumingandun-assumingcorrespondences
betweenlandmarksin the differentmaps.The searchis guidedby two opposing
principles:The reductionof the overall maplikelihoodthat comesfrom equating
two landmarks,andtheincreasein likelihoodthatresultsfrom thefactthat if there
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werereally two separatelandmarks,bothrobotsshouldhave detectedbothof them
(andnot just one).To calculatethelatter, we employ a sensormodelthatcharacter-
izes“negative” information(not seeinga landmark).

In general,thesearchfor theoptimal correspondenceis NP-hard.However, in
all our experimentswith real-world datawe found hill climbing to be successful
in every singleinstance.Hill climbing is extremelyef®cient;we suspectit to be in
O(N logN ) for mapsof sizeN . In essence,it associatesnearbylandmarksif, asa
result,theoverall likelihoodincreases.Oncethesearchhasterminated,a fusion is
®nally acceptedif the resultingreductionof the overall likelihood(in logarithmic
form) is offset by the numberof collapsedlandmarkstimesa constant;this effec-
tively implementsa BayesianMAP estimatorwith an exponentialprior over the
numberof landmarksin theworld.

5 Experimental Results

Systematicexperimentswereconductedusinga real-world dataset.This data[3],
which is generallyrecognizedasa primarybenchmarkdatasetin theSLAM com-
munity [6], wasacquiredby a singlevehicleoperatingin a parkin Victoria Park in
Sydney. Figure4ashowsthevehicle,alongwith its raw odometryin Figure4b,illus-
tratingthatodometryaloneis extremelyerroneous.Featuresin thismapcorrespond
to treestemsextractedfrom thevehicle's laserrange®nder. SEIF, whenappliedto
thesingle-vehicleSLAM problem,generatesthepathshown in Figure6a.Thismap
matchesotherpublishedresultsin accuracy [3,7].

To performamulti-robotexperiment,wesimplycutthedatainto K = 8 disjoint
sequences,eachemulatingthedatacollectedby adifferentrobot.Figure5 showsthe
resultinglocal mapsfor eachrobot.Our new multi-robotSLAM algorithmresults
in themapshown in Figure6b. Theexacterrorof thismapis unknown, becausethe
exact locationof the treesin Victoria Park environmentarenot known. However,
it appearsthat the error of our approachis approximatelytwice that of the single
vehicleapproach,in the worst case.This doesnot surprise,asthe datais cut into
very small chunks,makingit moredif®cult to recover a joint map.The important
®ndinghereis thatourapproachindeedis ableto identify thecorrectalignmentsbe-
tweenthedifferentlocalmaps,which is a challengingproblemgiventhesmallsize
of the local maps(Figure5). To our knowledge,this is the ®rst time an algorithm
succeededin fusing local mapsinto a singleglobal map,without relative knowl-
edgeof therobots'posesandidenti®ablelandmarks(not eventheapproachin [15]
generatesasinglemap).

6 Conclusion

We have proposeda new Bayesianapproachto the multi-robot simultaneouslo-
calizationandmappingproblem,which enablesteamsof robotsto acquirea single
environmentmap.Ourapproachextendswork onsingle-robotSLAM by techniques
for establishingcorrespondencebetweenmapsgatheredby multiplerobots.Empiri-
cally, we®nd ourapproachto behighly reliablein its ability to identify overlapping
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mapsandfusing theminto a singlemap.We conjecturethat our approachis un-
precedentedin its ability to build a singlemap from dataacquiredwith multiple
platforms,without initial knowledgeof the relative poseof eachrobot and with
landmarkambiguity.

Ourapproachgeneralizesthework in [10] to theSLAM problemwith unknown
relative locationsand with non-uniquelandmarks.It also goesbeyond the work
in [15] in that mapscanchangeshapein the mapfusion process,thanksto a rep-
resentationof a full posteriorover maps(insteadof the maximumlikelihoodmap
only). However, we believe thatfusingideasin [15] andthepresentpaperwill ulti-
matelysolve multi-robotmappingproblemsthatarepresentlybeyondthestate-of-
the-art.
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