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Abstract

Smoothingapproachesto theSimultaneousLocal-
izationandMapping(SLAM) problemin robotics
are superior to the more common �ltering ap-
proachesin being exact, better equippedto deal
with non-linearities,andcomputingtheentirerobot
trajectory. However, while �ltering algorithmsthat
perform map updatesin constanttime exist, no
analogoussmoothingmethodis available. We aim
to rectify this situationby presentinga smoothing-
basedsolutionto SLAM usingLoopy Belief Prop-
agation (LBP) that canperformthe trajectoryand
mapupdatesin constanttime exceptwhena loop
is closedin the environment. The SLAM prob-
lem is representedas a GaussianMarkov Ran-
domField (GMRF) over which LBP is performed.
We prove that LBP, in this case,is equivalent to
Gauss-Seidelrelaxationof a linearsystem.Thein-
ability to computemarginal covariancesef�ciently
in a smoothingalgorithm has previously beena
stumbling block to their widespreaduse. LBP
enablesthe ef�cient recovery of the marginal co-
variances,albeit approximately, of landmarksand
poses. While the �nal covariancesareovercon�-
dent,theonesobtainedfrom a spanningtreeof the
GMRF are conservative, making them useful for
dataassociation.Experimentsin simulationandus-
ing realdataarepresented.

1 Intr oduction
The problem of SimultaneousLocalization and Mapping
(SLAM) is a core competency of robotics which has at-
tracteda largeamountof attention.Theclassicalsolutionto
the SLAM problemusesan ExtendedKalmanFilter (EKF)
[SmithandCheeseman,1987] thatmaintainsthejoint distri-
butiononthecurrentrobotposeandthelandmarksin themap
in theform of aGaussiandistribution. Sinceupdatingtheco-
variancematrix of this distribution requiresO(n2) time, the
EKF algorithmdoesnot scaleto large maps. Recentwork
on the SLAM problemhasfocussedon improving the time
complexity of thesolutions.Onecommonlyusedtechnique
is to updatethe information form of the Gaussiandistribu-
tion. Thoughtheinformationmatrix becomesdensethrough

Figure1: TheGaussianMarkov RandomField(GMRF)correspond-
ing to anillustrative SmoothingandMapping(SAM) problemwith
30 posesin the robot trajectory. Posesin the graphareshown as
circlesandlandmarksassquares.

repeatedmarginalizationof poses,recentlyintroducedtech-
niquessuchastheSparseExtendedInformationFilter (SEIF)
[Thrunet al., 2004] andtheThin JunctionTreeFilter (TJTF)
[Paskin,2003] presentapproximationsto keepthe informa-
tion matrix sparse.Thesparsityof the representationallows
for aconstanttimeupdateof the�lter .

In contrastto the above �ltering approacheswhich only
computethe currentrobot posewith the map, a smoothing
approachrecoversthecompleterobottrajectoryandthemap.
Thesmoothinginformationmatrixnaturallystayssparseover
time without the need for any approximations. Further,
smoothingcanincorporatenew informationaboutpastrobot
posesasopposedto �ltering approachesthat cannotupdate
a poseafter it hasbeenmarginalizedout. Even thoughthe
numberof variablesincreasescontinuouslyfor smoothing,in
many real-world scenarios,especiallythoseinvolving explo-
ration,this largermatrix still containsfar lessentriesthanin
�lter -basedmethods[Dellaert,2005] [Eusticeet al., 2005].
Filtersaremoreef�cient thensmoothingonly whena limited
numberof structurepointsis observedrepeatedly. However,
even in this casethe inability to correctpreviousposesmay
leadto poorresults.

Thecruciallimitation of all theaboveapproachesbasedon
theinformationform of theGaussianis thatrecoveringanes-
timateof themapandrobotposeinvolvesamatrix inversion,
and hence,is computationallyinfeasiblefor large systems.
Indeed,in the caseof the �ltering approachessuchas the
SEIF, obtainingeven the meaninvolvesa matrix inversion.



The solution is obtainedin thesecasesthroughan iterative
processthat solvesa linear systemwhereinonly a constant
numberof iterationsis performedat eachstepsoasto main-
tain theruntimeboundsof thealgorithm.Thisapproximation
is basedon the assumptionthat the SLAM solutionevolves
only slowly over timesothata relinearizationof theproblem
at eachtime stepis not required.Theiterative method,how-
ever, still doesnot yield thecovariance,which is neededfor
maximum-likelihooddataassociationandalsoasanestimate
of theuncertaintyin thelandmarklocationsandpose.

This paperdealswith theuseof Loopy Belief Propagation
(LBP) [WeissandFreeman,1999] to obtainanapproximate
solution to the SLAM problem,including the marginal co-
variancesonthemapandpose.Weconsiderthecasewherein
themapconsistsof asetof features,andbuild ontheSmooth-
ing andMapping(SAM) approachasintroducedin [Dellaert,
2005], which updatesthe joint distribution on the robot tra-
jectory andthe mapusingthe squareroot informationform
of the Gaussiandistribution. Our approachis basedon the
fact that the SAM problemcan be treatedfrom the graph-
ical model viewpoint as a GaussianMarkov RandomField
(GMRF) [Winkler, 1995] on which inferencecan be per-
formedusingLBP.

We provide a constanttime updatealgorithm, which we
call theWild�r e algorithm, for estimatingthemapandrobot
trajectory, includingthemarginal covariances.While a naive
implementationof LBP requiresO(n) time to updatethe
marginaldistributions,wheren is thenumberof nodesin the
graph,theWild�re algorithmdiscardsnegligibly smallmes-
sagesbetweennodes.Subsequently, only thosenodeswhich
haveeitherreceivedor sentsigni�cant messagesgetupdated.
We show that the numberof nodesinvolved in a signi�cant
messageexchangeis O(1) unlessasigni�cant event(suchas
loop closing)occurswhenthe completegraphmay get up-
dated,increasingthetimeboundto O(n).

Relinearizationof the GMRF graph, which is required
sincetheSAM problemis non-linearin general,is performed
in constanttime usinga techniquesimilar to theWild�re al-
gorithmin thatonly nodesthathavechangedarerelinearized.
Moreover, it needonly bedoneperiodicallywhenthediffer-
encebetweenthecurrentestimateandthelinearizationpoint
exceedsa speci�edthreshold.As before,relinearizationmay
takelineartimeafterasigni�cant updateof theGMRFgraph.

We prove that LBP on a GMRF is equivalent to Gauss-
Seidelrelaxationand provides the exact MAP estimatesof
thenodes.Thecovariancesare,however, overcon�dentdue
to theapproximatenatureof theinference.As a conservative
approximation,thecovariancesobtainedby restrictinginfer-
enceto a spanningtreeof the GMRF graphcanbe usedto
performdataassociation.

In termsof relatedwork, closestarethe relaxationbased
approachesgivenin [Duckettetal., 2000;FreseandDuckett,
2003]. However, theseareunableto computethe marginal
covarianceson the posesand landmarks.GraphicalSLAM
[Folkessonand Christensen,2004] is anothermethodthat
builds a graphicalmodelof thesmoothingproblem.Our ap-
proachsharesmany commonfeatureswith GraphicalSLAM,
including the ability to modify dataassociationon the �y ,
andincreaseef�ciency by eliminatingvariablesjudiciously.

In addition,our algorithmis incrementalandlargely runsin
O(1) time,whichareadvantagesoverGraphicalSLAM.

2 Smoothingand Mapping
Webegin by reviewing theSAM framework asgivenin [Del-
laert, 2005]. In the smoothingframework, our aim is to re-
coverthemaximumaposteriori(MAP) estimatefor theentire

trajectoryX �= f x i : i 2 0: : : M g and landmarklocations

(the map)L �= f l j : j 2 1: : : N g, given the landmarkmea-

surementsZ �= f zk : k 2 1: : : K g andodometryU �= f ui g.
This canbe computedby maximizingthe joint posterioron
thetrajectoryandlandmarklocationsP(X ; L jZ )

� � �= argmax
�

P(X ; L jZ; U) (1)

where� �= f X ; Lg is the setof unknown variables,i.e the
robottrajectoryandlandmarklocations.Theposteriorcanbe
factorizedusingBayeslaw as

P(X ; L jZ; U) / P(Z; UjX ; L )P(X ; L )

/
P(x0)

Q M
i =1 P(x i jx i � 1; ui )Q K
k=1 P(zk jx i k ; l j k )

(2)

HereP(x i jx i � 1; ui ) is the motion model,parameterizedby
theodometryui , andP(zk jx i k ; l j k ) is thelandmarkmeasure-
mentmodel,assumingthat the correspondences(i k ; j k ) are
known. The prior on the initial poseP(x0) is taken to be a
constant,usuallytheorigin, while thepriorsontheremaining
posesandlandmarklocationsareassumedto beuniform.

We assumeGaussianmotionandmeasurementmodels,as
is standardin the SLAM literature. The motion model is
givenasx i = f i (x i � 1; ui )+ wi , wherewi is zero-meanGaus-
siannoisewith covariancematrixQi . Similarly, themeasure-
mentequationis givenaszk = hk (x i k ; l j k ) + vk wherevk is
normallydistributedzero-meanmeasurementnoisewith co-
varianceRk .

In practice,only linearizedversionsof themotionandmea-
surementmodelsareconsidered,for examplefor usein the
ExtendedKalmanFilter (EKF) approachto SLAM [Smithet
al., 1990], with multiple iterationsbeingusedto obtaincon-
vergenceto theminimum. In the following, we will assume
thateitheragoodlinearizationpointis availableor thatweare
workingononeiterationof anon-linearoptimizationmethod.
It canbe shown [Dellaert,2005] that this resultsin a sparse
linearleastsquaresproblemin � �

� � � = argmin
� �

(
MX

i =1

kF i � 1
i � x i � 1 + Gi

i � x i � ai k2
Q i

+

KX

k=1

kH i k
k � x i k + J j k

k � l j k � ck k2
R k

)

(3)

whereF i � 1
i is the sparseJacobianof f i (:) at the lineariza-

tion point x0
i � 1 andai

�= x0
i � f i (x0

i � 1; ui ) is the odome-
try predictionerror. Analogously, H i k

k andJ j k
k are respec-

tively thesparseJacobiansof hk (:) with respectto a change



in x i k andl j k , evaluatedat the linearizationpoint (x0
i k

; l0
j k

),

and ck
�= zk � hk (x0

i k
; l0

j k
) is the measurementprediction

error. jj :jj � is the Mahalanobisdistancewith respectto the
covariancematrix � andwe usethematrix Gi

i = � I d� d , d
beingthedimensionof x i , to avoid treating� x i specially.

The solutionto the leastsquaresproblem(3) is given by
the linear systemA� � � b = 0 whereA = J T J is the
Hessianmatrix,J beingthesystemJacobianmatrixobtained
by assemblingthe individual measurementJacobians,and
b = J T e wheree is thevectorof all themeasurementerrors.

SAM asa Mark ov RandomField
We now show that inferenceon theposterior(2) canbeper-
formedby placingthe SAM problemin a Markov Random
Field (MRF) framework. The graph of an MRF is undi-
rectedand its adjacency structureindicateswhich variables
arelinkedby acommonfactor(ameasurementor constraint).

A pairwiseMRF is describedby afactoredprobabilityden-
sity givenas

P(X ; L ) /
Y

i

� (yi )
Y

f i;j g

 (yi ; yj ) (4)

wherethesecondproductis over thepairwisecliquesf i; j g,
countedonce. The posterior(2) canbe modeledasa pair-
wiseMRFwherethesingletoncliquescorrespondtomarginal
prior distributionsor singletonmeasurements(suchasGPS)
on theunknown variablesandtheedgecliquescorrespondto
themotionandmeasurementlikelihoodsrespectively.

For thelinearcaseconsideredin theprevioussection,these
equationstranslateto

� ln � (yi ) /
1
2

kx i � � i k2
P i

� ln  (x i � 1; x i ) /
1
2

kF i � 1
i � x i � 1 + Gi

i � x i � ai k2
Q i

(5)

� ln  (x i k ; l j k ) /
1
2

kH i k
k � x i k + J j k

k � l j k � ck k2
R k

whereyi 2 f X ; Lg. This givesusa GaussianMarkov Ran-
dom Field (GMRF) correspondingto the linearizedSAM
problem. Note that in the context of the SAM problem,the
singletoncliquefactorsaremostoftensetto unity exceptfor
the�rst pose,which is clampedto theorigin.

3 Loopy Belief Propagationfor SAM
WeuseLoopy Belief propagation(LBP) on theSAM GMRF
to solve the linear system(3) andobtainnot only the MAP
valuesof the unknown variablesbut also the covariances.
For easeof computation,we usetheinformationform of the
Gaussianto specifythesingleandpairwisecliquepotentials
in theGMRFgivenby (5), whereintheseareexpressedusing
the informationvector � andthe informationmatrix � , and
wede�ne theinformationform as

N � 1(x; � ; �) �= exp
�

C + � T x �
1
2

xT � x
�

(6)

whereC is an additive constant.If � is full-rank, equation
(6) correspondsto aGaussiandensityas

N (x; � � 1� ; � � 1) = N (x; �; P) (7)

whereK is aconstantof proportionality.
Using this formulation, we can write the edgepotentials

from (5) as (x i ; l j ) / N � 1(yij ; � ij ; � ij ) , whereyij is the
vector[ x i l j ]T , andwehavedroppedtheindex k fromthe
correspondingpair f i k ; j k g for convenience.Thedistribution
parametersarethengivenas

� ij
�=

�
� i

ij

� j
ij

�
=

�
H i

k
J j

k

�
R� 1

k ck (8)

� ij
�=

"
� ii

ij � ij
ij

� j i
ij � j j

ij

#

=
�

H i
k

J j
k

�
R� 1

k

�
H i

k
J j

k

� T

(9)

andthepotentialson theedgeslinking two posesarede�ned
analogously.

TheGMRFpotentialsonthesingletoncliquesaresimilarly
de�ned as� (yi ) = N � 1(yi ; � i ; � i ) whereyi 2 f X ; Lg, and
� i = � i � i , � i = P � 1

i follows from (5) and(7). Thepoten-
tials � (yi ) representthebeliefson theunknownsandif only
auniformprior existsonanMRF nodeyi , both� i and� i can
be set to zero. Note that setting� i to zero is equivalent to
having aGaussianprior with in�nite covariance.

Belief Propagation
The goal of belief propagation in our caseis to �nd the
marginalprobability, or thebelief, P(yi ) of anodeyi 2 � =
f X ; Lg in the SAM graph. A completecharacterizationof
the belief propagation algorithm for GMRFs is beyond the
scopeof this paper, but we provide the high-level equations
anddata�o w below. Detailscanbefoundin [WeissandFree-
man,1999].

The beliefs are computedusing a messagepassingalgo-
rithm whereineachnodepassesmessagesto its neighbors
andin turn usesits incomingmessagesto computeits belief.
While beliefpropagationis guaranteedto computethecorrect
beliefsonly if thegraphicalmodeldoesnot containloops,it
hasbeenproven that it �nds the correctMAP solution for
Gaussiangraphicalmodelsevenin thepresenceof loops,i.e
themeansof thebeliefsarecorrectwhile thecovariancesare
incorrectin general[WeissandFreeman,1999].

LBP worksby repeatedlycomputingthemessagesandbe-
liefs for every nodein thegraphstartingwith constantmes-
sages[WeissandFreeman,1999], either in synchronousor
asynchronousfashion.This sweepover thegraphis iterated
until the beliefsconverge. Denotingthe currentiterationby
a discretetime superscriptt, thebelief parameters(theinfor-
mationvectorandmatrix) for nodeyi aregivenas

mt
i = � i +

X

j 2N i

mt � 1
j i (10)

M t
i = � i +

X

j 2N i

M t � 1
j i (11)

andtheparametersof themessageM ij (yj ) from nodeyi to
nodeyj as

mt
ij = � j

ij � � j i
ij

�
� ii

ij + M t
i � M t � 1

j i

� � 1

�
� i

ij + mt
i � mt � 1

j i

�
(12)

M t
ij = � j j

ij � � j i
ij

�
� ii

ij + M t
i � M t � 1

j i

� � 1
� ij

ij (13)
whereusehasbeenmadeof thede�nitions in (8) and(9).



Algorithm 1 TheWild�re algorithmfor LBP
1. Pushthemostrecentlyaddednodesandtheir neighborsin the

SAM graphG(V; E ) ontothequeueQ

2. Do until Q is empty

(a) Popnodey from Q andcomputemessagesM t
y k for all

k 2 N y using(12-13)
(b) If M t

y k � M t � 1
y k > � , pushk ontoQ

(c) UpdatethebeliefB(y) using(10-11)

Figure2: The Wildfire algorithmonly updatesnodeswith signif-
icant messagedeviations, starting from the most recently added
node. In normal operation(left) only the frontier of the graphis
updated.However, during loop closings(right) mostof the graph
is updated.Updatedposesareshown in brown (dark)while theun-
changednodesarein yellow (light). The robot is moving counter-
clockwisestartingat thebottom.

4 ConstantTime Loopy SAM
Eachiterationof LBP asde�nedaboveis O(n) wheren is the
numberof nodesin thegraph.This is too slow to beuseful,
especiallysincethe trajectoryis includedin thenodecount.
We can,however, improve this boundto O(1) for incremen-
tal operation,i.e. whennew nodesor edgesareaddedto the
GMRF.

Thekey observationto gettingaconstanttimealgorithmis
thatat eachsteponly a few of thenodesgetupdated,i.e. ex-
periencean actualchangein their values,and thesenodes
are the onesthat have beenrecentlyaddedto the graph. If
we commencethe belief updationsweepin every iteration
of LBP from the most recentlyaddednode, the new mes-
sagesareinitially seento deviate from their previousvalues
by largeamounts.However, thesedeviationsbecomesmaller
aswe move furtherbackin thegraph.Oncethemessagede-
viationsbecomenegligible (smallerthansomepre-speci�ed
signi�cancethreshold),thebeliefsno longerchangeandthe
remainingnodesneednotbeupdated.

TheWild�re algorithm,socalledbecausethemessagede-
viationsfrom thepreviousiterationspreadlike wild�re from
theirpointof origin andgraduallybecomenegligible, is illus-
tratedin Figure2. Thealgorithmimplementationfeaturesa
queueontowhich nodeswith signi�cant messagedeviations
on incomingedgesarepushed.A summaryof thealgorithm
is givenin Algorithm 1.

The Wild�re algorithm has O(1) running time since in
mostsituationsthenumberof edgeswith largemessagedevi-
ationsis O(1). However, this is not truewhenspecialevents
suchas loop closuresoccurasshown in Figure2. In such
instances,the completegraphis updatedresultingin O(n)
complexity. Notethatno specialclauseis requiredto handle
theseinstances- the algorithmautomaticallyupdatesall the
nodesin thegraphasthemessagedeviationsdonotdiedown.

Relinearizationof theSAM graph,whichinvolvescomput-
ing thecliquepotentialsat new linearizationpoints,canalso
be performedusing the Wild�re algorithm, the only differ-
encebeingthat thedeviationsof the nodebeliefsfrom their
respective linearizationpoints are now usedinsteadof the
messagedeviations. In this case,however, two variantsare
possible.Onetechniqueis to delayrelinearizationuntil the
beliefdeviationsaregreaterthanacertainthresholdfor some
given proportionof nodesin the graph. As this proportion
approachesunity, relinearizationbecomesO(n) but is per-
formedonly very rarely. A secondstrategy is to performre-
linearizationat regulartime intervalssothatit remainsO(1).
The choicebetweenthesestrategiesdependson the type of
application,theenvironment,andsizeof theSAM graph.

We now have all the componentsto describethe Loopy
SAM algorithm. At eachstep,a new posenode,new mea-
surementlinks andpossiblynew landmarknodes,areadded
to the SAM GMRF. A �x ed numberof LBP iterationsare
thenperformedusingtheWild�re algorithmto updatethebe-
liefs on thenodes.Periodically, relinearizationis performed,
again usinga variantof the Wild�re algorithm. The means
of theposeandlandmarknodesin theSAM GMRF, obtained
from the belief informationvectorandmatrix at eachnode,
correspondto the MAP solutionsfor the trajectoryand the
maprespectively.

4.1 Mar ginal Covariances
We now show how to recover theapproximatemarginal co-
variancesof the nodesfrom the LBP beliefs. An important
useof thecovariancesis to boundthesearchareafor possible
correspondencesin dataassociation.This is usuallydoneus-
ing theprojectionof thecombinedposeandlandmarkuncer-
tainty into themeasurementspace,thecomputationof which
requiresknowledgeof themarginal covariancesof theposes
andlandmarks.

The inverseof the belief informationmatrix at eachnode
in theSAM GMRF givesthemarginal covariance.While in
generalthe belief obtainedfrom LBP canbe overcon�dent
or undercon�dent,it hasbeenproven to be alwaysovercon-
�dent for GaussianMRFs with pairwisecliques[Weissand
Freeman,1999]. Overcon�dentcovariancescannotbe used
for dataassociationsince this resultsin many valid corre-
spondencesbeingrejected. A �rst conservative approxima-
tion would beto usetheinverseof thediagonalblocksof the
systemHessianmatrixasthemarginalcovariances.However,
this resultsin overly conservativeestimates.

A betterapproximationcanbeobtainedby restrictingmes-
sagepassingto aspanningtreeof theSAM GMRF. Sincethe
spanningtreeis obtainedby deletingedgesfrom theGMRF
andinferenceon it is exact,wegetaconservativeestimateof
thetruemarginal covariancesthat is alsobetterthanour �rst



Figure3: (top)A spanningtreeof theGMRFgraph,with edgescol-
oredblue (dark), for a linear simulation. (bottom)Covariancesfor
thesamesimulation- groundtruthis shown in blue(thin dark),over-
confidentLBP covariancesareshown in green(light), andconserva-
tivecovarianceestimatesobtainedby restrictingBP to thespanning
treeareshown in red(thick dark).

orderapproximation.Maintenanceof the spanningtreeand
messagepassingonit requireextrawork. However, thespan-
ning treecanbe extendedat eachstepin O(1) so that,with
theuseof theWild�re algorithm,theoverall schemestill re-
mainsconstanttime. Figure 3 illustratesthe natureof this
approximation.

5 Loopy SAM and Gauss-SeidelRelaxation
We prove in this sectionthat computingthe MAP solution
usingLBP for a GMRF is equivalentto a modi�ed form of
Gauss-Seidelrelaxation,which is commonlyusedto solve
linear systems.Relaxationhaspreviously beenusedin the
context of SLAM [Duckett et al., 2000] but is not capableof
recoveringthemarginalcovariances,ashort-comingthatLBP
overcomes.Theequivalenceof theMAP portionof LBP and
relaxationis aninterestingresultthatconnectsour technique
with awell-understoodmethodfrom linearalgebra.

RelaxationsolvesthelinearsystemA� � � b = 0 , encoun-
teredin Section2, by iteratingover a setof equations,each
of whichupdatesthevalueof exactlyoneunknown usingthe
currentestimateof all theothers

A ii yi = bi �
X

j 6= i

A ij yj (14)

wherethe sumis over all the variablesexceptyi , andyi 2
� = f X ; Lg asbefore.

We begin our proof by notingthat themessagefrom yj to
yi givenby (12)canbere-writtenas

mt
j i = J T

k i ek � A ij y� i
j (15)

wherey� i
j is theestimateof yj without consideringthenode

yi , k is theindex of themeasurementlinking yi andyj in the
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Figure4: Runtimefor a simulationconsistingof 5000steps. The
timesfor themessageandbelief computation,andthe total update
stepareshown. All timeswereobtainedona1.8GHzLinux machine
usingan implementationof the algorithmin Ocaml. Note the two
spikes(oneat theveryend)correspondingto loopclosures.

systemJacobianJ , ande is thecorrespondingmeasurement
error. This resultis truesincewehave

mt
j � mt � 1

ij = � j +
X

k2N j ni

mt � 1
k j = m� i

j

wherem� i
j is the estimateof m j without consideringnode

yj , andsimilarly M t
j � M t � 1

ij = M � i
j . SinceM � i

j y� i
j =

m� i
j holdsby the de�nition of the information form of the

Gaussian,substitutingtheseidentitiesandthede�nitions of �
and� from (8-9) into themessageequation(12) givesusthe
result(15).

Using(15) in thebelief equation(10),weget

mt
i = � i +

X

j 2N i

J T
k j i ek j �

X

j 2N i

A ij y� i
j

= � i + bi �
X

j 2N i

A ij y� i
j (16)

which closely correspondsto the relaxationequation(14).
Hence,the MAP computationin LBP is simply a modi�ed
versionof Gauss-Seidelrelaxation.

6 Results
Linear GaussianSimulations
We�rst presenttheresultsof applyingourapproachin acon-
trolled simulationdevoid of non-linearities.The simulation
consistedof anenvironmentwith randomlyplaced,uniformly
distributedlandmarks.The robot followed a large 8-shaped
�gure in this environmentandtherun includedtwo loop clo-
suresat the“waist” of the8-�gure.

Figure4 gives the resultsfor a linear simulationconsist-
ing of 5000steps,i.e. a trajectoryof length5000. The total
numberof nodesin the SAM GMRF was 6742. It can be
veri�ed that thealgorithmis O(1), andthetwo spikesin the
graphcorrespondingto theloopclosuresarealsoclearlyvis-
ible. ThespikesoccursincetheLBP updatemakesa sweep
throughthewholegraphin theseinstances.



Figure 5: Trajectory and map computedfrom the Victoria Park
datasetoverlaidonsatelliteimageryof thepark.

6.1 Victoria Park Dataset
We applied our algorithm to the Sydney Victoria Park
dataset (available at http://www.acfr.usyd.edu.
au/homepages/academic/eneb ot ), a popular test
datasetin the SLAM community. The trajectoryconsistsof
6968posesalongan approximately4 kilometerlong trajec-
tory. Landmarkswere obtainedby running a simple tree-
detectionalgorithmonthelaserrangedata,yielding158tree-
like featuresanda total of 3631measurements.

Figure5 showstheresultingcomputedtrajectoryandmap,
wherethelandmarksareshown usingcrosses,overlaidonan
imageof thepark.TheGPStrajectory, whichwasnotusedin
theestimation,is alsoshown for reference.Thisdemonstrates
theapplicabilityof our techniqueto real-world data.

7 Conclusion
We presentedan algorithm to perform smoothing-based
SLAM usingLoopy Belief Propagation(LBP). Weprovidea
�a vor of LBP thatmakesmapandtrajectoryupdatesconstant
time exceptwhenclosingloops in the environment. In this
case,LBP is equivalentto amodi�ed versionof Gauss-Seidel
relaxation,a resultthatweprovedhere.

While our techniquehasadvantagesoverexistingstate-of-
the-art in that we can recover the marginal covariancesin
O(1) time, theseare a heuristicapproximationto the true
covariances. It is our experiencethat the LBP covariances
are of good quality when the robot is exploring new areas
in theenvironmentbut becomehighly overcon�dentwhenit
revisits previously visited areas.In general,the moreloopy
theGMRF, themoreovercon�dentthecovariancesfrom LBP.
Thisobservationcanbeintuitively explainedby appealingto

thefactthatthecovariancesbecomeincorrectdueto multiple
useof thesameevidencewhenit is propagatedarounda loop
in thegraph.

It is future work to de�ne rigorousboundson the covari-
anceobtainedfrom LBP, andalsoinvestigateavenuesto re-
covertheexactcovarianceusingrelatedtechniques,anexam-
plebeing[Sudderthet al., 2004].
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