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Abstract

Smoothingapproacheto the Simultaneoud.ocal-
ization and Mapping (SLAM) problemin robotics
are superior to the more common ltering ap-
proachesin being exact, better equippedto deal
with non-linearitiesandcomputingtheentirerobot
trajectory However, while Itering algorithmsthat
perform map updatesin constanttime exist, no
analogousmoothingmethodis available. We aim
to rectify this situationby presentinga smoothing-
basedsolutionto SLAM usingLoopy Belief Prop-
acation (LBP) that can performthe trajectoryand
map updatesn constantime exceptwhena loop
is closedin the ervironment. The SLAM prob-
lem is representechs a GaussianMarkov Ran-
domField (GMRF) over which LBP is performed.
We prove that LBP, in this case,is equivalentto
Gauss-Seideklaxationof alinearsystem.Thein-
ability to computemanginal covariance<f ciently
in a smoothingalgorithm has previously beena
stumbling block to their widespreaduse. LBP
enablesthe ef cient recovery of the mamginal co-
variancesalbeit approximately of landmarksand
poses. While the nal covariancesare overcon -
dent,the onesobtainedfrom a spanningreeof the
GMREF are conserative, making them useful for
dataassociationExperimentsn simulationandus-
ing realdataarepresented.

1 Intr oduction

The problem of SimultaneousLocalization and Mapping
(SLAM) is a core competeng of robotics which has at-
tracteda large amountof attention. The classicalsolutionto
the SLAM problemusesan ExtendedKalman Filter (EKF)
[SmithandCheesemart,987 thatmaintainsthe joint distri-
bution onthecurrentrobotposeandthelandmarksn themap
in theform of a Gaussiaristribution. Sinceupdatingthe co-
variancematrix of this distribution requiresO(n?) time, the
EKF algorithm doesnot scaleto large maps. Recentwork
on the SLAM problemhasfocussedon improving the time
complity of the solutions. Onecommonlyusedtechnique
is to updatethe informationform of the Gaussiardistribu-
tion. Thoughthe informationmatrix becomeslensethrough

Figurel: TheGaussiamMarkov RandontField (GMRF)correspond-
ing to anillustrative Smoothingand Mapping (SAM) problemwith
30 posesin the robot trajectory Posesn the graphare shovn as
circlesandlandmarksassquares.

repeatednamginalizationof poses recentlyintroducedtech-
niguessuchasthe SparseextendednformationFilter (SEIF)
[Thrunetal., 2004 andthe Thin JunctionTreeFilter (TIJTF)
[Paskin, 2003 presentapproximationdo keepthe informa-
tion matrix sparse.The sparsityof the representatiomllows
for aconstantime updateof the Iter.

In contrastto the above ltering approachesvhich only
computethe currentrobot posewith the map, a smoothing
approachrecoversthe completaobottrajectoryandthe map.
Thesmoothingnformationmatrix naturallystayssparseover
time without the needfor ary approximations. Further
smoothingcanincorporatenew informationaboutpastrobot
posesasopposedo Itering approacheshat cannotupdate
a poseafter it hasbheenmaginalizedout. Eventhoughthe
numberof variablesncreasegontinuouslyfor smoothingjn
mary real-world scenariosespeciallythoseinvolving explo-
ration, this larger matrix still containsfar lessentriesthanin
lter -basedmethods[Dellaert, 2009 [Eusticeet al., 2004.
Filtersaremoreef cient thensmoothingonly whenalimited
numberof structurepointsis obsened repeatedly However,
evenin this casethe inability to correctprevious posesmay
leadto poorresults.

Thecruciallimitation of all theabove approachebasedn
theinformationform of the Gaussiaris thatrecoveringanes-
timateof themapandrobotposeinvolvesa matrix inversion,
and hence,is computationallyinfeasiblefor large systems.
Indeed,in the caseof the ltering approachesuchas the
SEIF, obtainingeven the meaninvolves a matrix inversion.



The solutionis obtainedin thesecasesthroughan iterative
processhat solvesa linear systemwhereinonly a constant
numberof iterationsis performedat eachstepsoasto main-
taintheruntimeboundsof thealgorithm. This approximation
is basedon the assumptiorthatthe SLAM solution evolves
only slowly overtime sothatarelinearizatiorof the problem
at eachtime stepis notrequired.Theiterative method,how-
ever, still doesnot yield the covariance which is neededor
maximum-likelihooddataassociatiorandalsoasanestimate
of theuncertaintyin thelandmarklocationsandpose.

This paperdealswith the useof Loopy Belief Propagtion
(LBP) [Weissand Freeman1999 to obtainan approximate
solutionto the SLAM problem,including the maginal co-
variancenthemapandpose.We considethecasewherein
themapconsistof asetof featuresandbuild onthe Smooth-
ing andMapping(SAM) approachasintroducedn [Dellaert,
2009, which updatesghe joint distribution on the robot tra-
jectory andthe map usingthe squareroot informationform
of the Gaussiardistribution. Our approachs basedon the
fact that the SAM problemcan be treatedfrom the graph-
ical modelviewpoint as a GaussiarMarkov RandomField
(GMRF) [Winkler, 1995 on which inferencecan be per
formedusingLBP.

We provide a constanttime updatealgorithm, which we
call theWId r e algorithm, for estimatingthe mapandrobot
trajectory includingthe marginal covariancesWhile a nave
implementationof LBP requiresO(n) time to updatethe
mauginal distributions,wheren is the numberof nodesn the
graph,the Wild re algorithmdiscardsnegligibly smallmes-
sagedetweemodes.Subsequent|yonly thosenodeswhich
have eitherrecevedor sentsigni cant messagegetupdated.
We shaw thatthe numberof nodesinvolved in a signi cant
messagexchangdas O(1) unlessasigni cant event(suchas
loop closing) occurswhenthe completegraphmay get up-
dated,ncreasinghetime boundto O(n).

Relinearizationof the GMRF graph, which is required
sincethe SAM problemis non-linearin generaljs performed
in constantime usinga techniquesimilar to the Wild re al-
gorithmin thatonly nodegshathave changedrerelinearized.
Moreover, it needonly be doneperiodicallywhenthe differ-
encebetweerthe currentestimateandthe linearizationpoint
exceedsaspeci edthreshold.As before,relinearizatiommay
take lineartime afterasigni cant updateof the GMRF graph.

We prove that LBP on a GMRF is equialentto Gauss-
Seidelrelaxationand provides the exact MAP estimatesof
the nodes. The covariancesare,however, overcon dentdue
to theapproximatenatureof theinference As a conserative
approximationthe covariancesbtainedby restrictinginfer-
enceto a spanningtree of the GMRF graphcanbe usedto
performdataassociation.

In termsof relatedwork, closestarethe relaxationbased
approachegivenin [Duckettetal., 2000;FreseandDuckett,
2003. However, theseare unableto computethe mamginal
covarianceson the posesand landmarks. GraphicalSLAM
[Folkessonand Christensen2004 is anothermethodthat
builds a graphicalmodelof the smoothingproblem. Our ap-
proachsharesnary commonfeaturesnith GraphicalSLAM,
including the ability to modify dataassociatioron the vy,
andincreaseef ciency by eliminating variablesjudiciously

In addition, our algorithmis incrementakndlargely runsin
O(1) time, which areadwantage®ver GraphicalSLAM.

2 Smoothingand Mapping

We begin by reviewing the SAM framework asgivenin [Del-
laert, 2005. In the smoothingframework, our aim is to re-
coverthemaximumaposterioriMAP) estimatedor theentire

trajectoryX = fx; :i 2 0:::M g andlandmarklocations
(themap)L = fl; :j 2 1:::Ng, giventhelandmarkmea-

surementg = fz : k2 1:::KgandodometryU = fu;g.
This canbe computedby maximizingthe joint posterioron
thetrajectoryandlandmarkiocationsP (X ; LjZ)

= amgmax P(X;LjZ;VU) Q)

where = fX;Lgis the setof unknovn variables,i.e the
robottrajectoryandlandmarklocations.The posteriorcanbe
factorizedusingBayeslaw as

P(X:LjZ:U) / P(Z:UjX:L)P(X;L)
P(X0) —my P(Xijxi 1;u;)
/ 1 2
QEzl P(ijxik;ljk) @

HereP (XjjXi 1;Uuj) is the motion model, parameterizethy
theodometryu;, andP (zjXi, ; 1j, ) is thelandmarkmeasure-
mentmodel,assuminghatthe correspondencesy;jk) are
known. The prior on theinitial poseP (Xg) is takento bea
constantusuallytheorigin, while the priorsontheremaining
posesandlandmarklocationsareassumedo be uniform.

We assumesaussiamimotionandmeasuremernmodels,as
is standardin the SLAM literature. The motion model is
givenasx; = fi(x; 1;U;j)+w;,wherew; iszero-mearGaus-
siannoisewith covariancematrix Q;. Similarly, themeasure-
mentequationis givenaszy = hy(xi,;lj,) + vk whereyy is
normally distributed zero-mearmrmeasurementoisewith co-
varianceRy.

In practice pnly linearizedversionsf themotionandmea-
suremenimodelsare consideredfor examplefor usein the
ExtendedKalmanFilter (EKF) approacho SLAM [Smithet
al., 1994, with multiple iterationsbeingusedto obtaincon-
vergenceto the minimum. In the following, we will assume
thateitheragoodlinearizationpointis availableor thatwe are
workingononeiterationof anon-linearoptimizationmethod.
It canbe shawvn [Dellaert,2004 thatthis resultsin a sparse
linearleastsquaregproblemin

kFii 1 Xi 1+ GE Xi
i=1

= ammin ik, +

)

KHE xio + I 1, akd, (@)
k=1

whereFii ! is the sparseJacobiarof f;(:) at the lineariza-

tion pointx? ; anday = x? fi(x? ;;u;) is the odome-

try predictionerror Analogously H,* andJ}* arerespec-

tively the sparselacobian®f hy(:) with respecto a change



in x;, andl;, , evaluatedat the linearizationpoint (x? e Jk)

andc, = z hk(x,k, Jk) is the measuremenprediction
error. jj:jj is the Mahalanobisdistancewith respecto the
covariancematrix andwe usethematrixG; = 14 4,d
beingthe dimensiorof x;, to avoid treating x; specially
The solutionto the leastsquaregproblem(3) is given by
the linear systemA b = 0whereA = JTJ is the
Hessiarmatrix,J beingthe systemJacobiarmatrix obtained
by assemblingthe individual measuremendacobiansand
b= JT ewhereeis thevectorof all themeasuremergrrors.

SAM asa Mark ov Random Field

We now show thatinferenceon the posterior(2) canbe per
formedby placingthe SAM problemin a Markov Random
Field (MRF) framevork. The graphof an MRF is undi-
rectedandits adjaceng structureindicateswhich variables
arelinkedby acommonfactor(ameasuremerdr constraint).

A pairwiseMRF is describedy afactoredorobabilityden-
sity givenas

Y Y
P(X;L)/ (yi)
i fisj g

wherethe secondproductis over the pairwisecliquesfi; j g,
countedonce. The posterior(2) can be modeledas a pair
wise MRF wherethesingletoncliquescorrespondo maginal
prior distributionsor singletonmeasurement&uchasGPS)
ontheunknavn variablesandthe edgecliquescorrespondo
themotionandmeasuremerik elihoodsrespectiely.

Forthelinearcaseconsideredn theprevioussectionthese
equationgranslateto

(yiry;) (4)

1
In (yi) / Ekxi ik3,

In (xi ;%) / %kFii Yx 1+ Gl xi akd(5)

In (xi;li) / %kHikk Xig + 30 1, ok,

wherey; 2 fX;Lg. This givesusa GaussiarMarkov Ran-
dom Field (GMRF) correspondingo the linearized SAM
problem. Note thatin the context of the SAM problem,the
singletonclique factorsaremostoften setto unity exceptfor
the rst posewhichis clampeduo theorigin.

3 Loopy Belief Propagationfor SAM

We useLoopy Belief propagtion(LBP) onthe SAM GMRF
to solwve the linear system(3) and obtainnot only the MAP

valuesof the unknovn variablesbut also the covariances.

For easeof computationwe usetheinformationform of the
Gaussiarno specifythe singleandpairwiseclique potentials
in the GMRF givenby (5), whereintheseareexpressedising

the informationvector andthe informationmatrix , and
we de ne theinformationform as
1
N (x; ;) =exp C+ Tx =x" x (6)

2

whereC is anadditive constant.If s full-rank, equation
(6) correspond$o a Gaussiardensityas

N(xx; 15 H=N(x;P) (1)

whereK is a constanbf proportionality

Using this formulation, we can write the edgepotentials
from(5)as (x;;lj)/ N 1(yij s i i) wherey; is the
vector[ X; |} ]7,andwehavedroppedheindex k fromthe
correspondingairfiy;j kg for corvenienceThedistribution
parameterarethengivenas

"

i= 0= 5 Ra ®)
" [ # k
i H Hi T
- i = k R 1 K 9)
O A

andthe potentialson the edgedinking two posesarede ned
analogously

TheGMRFpotentialsonthesingletomliquesaresimiIarIy
de nedas (y.) =N yi; i; i) wherey; 2 fX;Lg, and

= i, =P ! follows from (5) and(7). The poten-
tlals (y.) representhe beliefson the unknovns andif only
auniformprior existsonanMRF nodey;, both ; and ; can
be setto zero. Note that setting ; to zerois equ'valentto
having a Gaussiarprior with in nite covariance.

Belief Propagation

The goal of belief propagtion in our caseis to nd the
mauginal probability, or thebelief P(y;) of anodey; 2 =
fX;Lgin the SAM graph. A completecharacterizatiorof
the belief propagtion algorithmfor GMRFsis 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 wherein eachnode passesnessageso its neighbors
andin turn usesits incomingmessaget computeits belief.
While beliefpropagtionis guaranteetb computehecorrect
beliefsonly if the graphicalmodeldoesnot containloops, it
hasbeenproventhatit nds the correctMAP solutionfor
Gaussiargraphicalmodelsevenin the presencef loops,i.e
themeanf thebeliefsarecorrectwhile the covariancesare
incorrectin genera[WeissandFreeman1999.

LBP workshby repeatedlycomputingthe messageandbe-
liefs for every nodein the graphstartingwith constantmes-
sagedWeissand Freeman,1999, eitherin synchronousr
asynchronous$ashion. This sweepover the graphis iterated
until the beliefsconverge. Denotingthe currentiteration by
adiscretetime superscript, the belief parametergtheinfor-
mationvectorandmatrix) for nog(eyi aregivenas

mto= i+ mi; * (10)
J2N
X

MEo= i+ MG (11)
j2N

andthe parametersf themessagéM j; (y;) from nodey; to
nodey; as
1

O T
i+ m mi; (12)
Mi} = Jij] ]ijl i + M thil H (13)

whereusehasbeenmadeof thede nitions in (8) and(9).



Algorithm 1 TheWild re algorithmfor LBP

1. Pushthemostrecentlyaddednodesandtheir neighbordn the
SAM graphG(V; E) ontothe queueQ

2. Dountil Q is empty

(a) Popnodey from Q andcomputemessageMm ‘yk for all
k 2 Ny using(12-13)

(b) My, M} *> , pushkontoQ

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

Figure2: The Wildfire algorithm only updatesnodeswith signif-
icant messageadeviations, 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.Updatedposesareshownn in brown (dark) while the un-
changedhodesarein yellow (light). Therobotis moving counter
clockwisestartingat the bottom.

4 Constant Time Loopy SAM

Eachiterationof LBP asde nedaboreis O(n) wheren isthe
numberof nodesin the graph. This is too slow to be useful,
especiallysincethetrajectoryis includedin the nodecount.
We can,however, improve this boundto O(1) for incremen-
tal operationj.e. whennew nodesor edgesare addedto the
GMRFE

Thekey obsenationto gettinga constantime algorithmis
thatat eachsteponly afew of thenodesgetupdatedj.e. ex-
periencean actual changein their values,and thesenodes
are the onesthat have beenrecentlyaddedto the graph. If
we commencethe belief updationsweepin every iteration
of LBP from the mostrecentlyaddednode, the nev mes-
sagesareinitially seento deviate from their previous values
by large amountsHowever, thesedeviationsbecomesmaller
aswe move furtherbackin the graph.Oncethe messagele-
viationsbecomengyligible (smallerthansomepre-speci ed
signi cancethreshold)the beliefsno longerchangeandthe
remainingnodesneednotbe updated.

TheWild re algorithm,socalledbecaus¢he messagele-
viationsfrom the previousiterationspreadike wild re from
their pointof origin andgraduallybecomenegligible, is illus-
tratedin Figure2. The algorithmimplementatiorfeaturesa
gueueontowhich nodeswith signi cant messageleviations
onincomingedgesarepushed.A summaryof the algorithm
is givenin Algorithm 1.

The Wild re algorithm has O(1) running time sincein
mostsituationghe numberof edgeswith large messagéevi-
ationsis O(1). However, thisis nottruewhenspecialevents
suchasloop closuresoccurasshavn in Figure2. In such
instancesthe completegraphis updatedresultingin O(n)
complity. Notethatno specialclauseis requiredto handle
theseinstances the algorithmautomaticallyupdatesall the
nodesn thegraphasthemessageéeviationsdonotdie down.

Relinearizatiorof the SAM graph whichinvolvescomput-
ing the clique potentialsat new linearizationpoints,canalso
be performedusing the Wild re algorithm, the only differ-
encebeingthatthe deviations of the nodebeliefsfrom their
respectie linearizationpoints are nov usedinsteadof the
messagealeviations. In this case,however, two variantsare
possible. Onetechniqueis to delayrelinearizationuntil the
beliefdeviationsaregreatetthana certainthresholdfor some
given proportionof nodesin the graph. As this proportion
approachesinity, relinearizationbecomesO(n) but is per
formedonly veryrarely A secondstratey is to performre-
linearizationat regulartime intervals sothatit remainsO(1).
The choicebetweenthesestratgjies dependwon the type of
application theervironment,andsizeof the SAM graph.

We now have all the componentdo describethe Loopy
SAM algorithm. At eachstep,a nenv posenode,nen mea-
surementinks andpossiblynew landmarknodes areadded
to the SAM GMRFE A x ed numberof LBP iterationsare
thenperformedusingtheWild re algorithmto updatethebe-
liefs onthenodes.Periodically relinearizations performed,
again usinga variantof the Wild re algorithm. The means
of theposeandlandmarknodesn the SAM GMRF, obtained
from the belief informationvectorand matrix at eachnode,
correspondo the MAP solutionsfor the trajectoryandthe
maprespectrely.

4.1 Marginal Covariances

We now shav how to recover the approximatemaginal co-
variancesof the nodesfrom the LBP beliefs. An important
useof thecovariancess to boundthe searchareafor possible
correspondencesn dataassociationThis is usuallydoneus-
ing the projectionof thecombinedpooseandlandmarkuncer
tainty into the measuremergpacethe computatiorof which
requiresknowledgeof the mamginal covariancesf the poses
andlandmarks.

Theinverseof the belief information matrix at eachnode
in the SAM GMRF givesthe maginal covariance.While in
generalthe belief obtainedfrom LBP can be overcon dent
or undercon dent,it hasbeenprovento be alwaysovercon-

dent for GaussiarMRFs with pairwisecliqgues[Weissand

Freeman]1999. Overcon dentcovariancescannotbe used
for dataassociatiorsincethis resultsin mary valid corre-
spondencebeingrejected. A rst conserative approxima-
tion would beto usetheinverseof thediagonalblocksof the
systenmHessiammatrixasthemaiginal covariancesHowever,

thisresultsin overly conserative estimates.

A betterapproximatiorcanbeobtainedoy restrictingmes-
sagepassingo aspanningreeof the SAM GMRF. Sincethe
spanningreeis obtainedby deletingedgesrom the GMRF
andinferenceonit is exact,we geta conserative estimateof
thetrue maginal covarianceghatis alsobetterthanour rst



Figure3: (top) A spanningreeof the GMRF graph,with edge<col-

oredblue (dark), for a linear simulation. (bottom) Covariancedor

thesamesimulation- groundtruthis shavn in blue(thin dark),over-

confidentLBP covariancesareshavn in green(light), andconsera-
tive covarianceestimate®btainedby restrictingBP to the spanning
treeareshowvn in red (thick dark).

orderapproximation.Maintenanceof the spanningtreeand
messag@assingonit requireextrawork. However, thespan-
ning tree canbe extendedat eachstepin O(1) sothat, with
the useof the Wild re algorithm,the overall schemestill re-
mainsconstanttime. Figure 3 illustratesthe natureof this
approximation.

5 Loopy SAM and Gauss-SeideRelaxation

We prove in this sectionthat computingthe MAP solution
usingLBP for a GMRF is equivalentto a modi ed form of
Gauss-Seidetelaxation,which is commonly usedto solve
linear systems. Relaxationhaspreviously beenusedin the
context of SLAM [Duckettetal., 2004 but is not capableof
recoveringthemaiginal covariancesashort-cominghatLBP
overcomesTheequivalenceof the MAP portionof LBP and
relaxationis aninterestingresultthatconnectsourtechnique
with awell-understoodnethodfrom linearalgebra.

RelaxatiorsolvesthelinearsystemA b= 0, encoun-
teredin Section2, by iteratingover a setof equationsgeach
of which updateghe valueof exactly oneunknavn usingthe
currentestimateof all theothers X

Aiyi = b Aj Y (14)
i6i

wherethe sumis over all the variablesexcepty;, andy; 2

= fX;Lgasbefore.

We begin our proof by noting thatthe messagéromyy; to

yi givenby (12) canbere-writtenas
mi = Jae Ajy, (15)

wherey; ' is the estimateof y; withoutconsideringhe node
yi, k is theindex of themeasuremerlinking y; andy; in the

Update time per step
T T T

T T
Update

0.16 | — — — Messages
Beliefs

Time (sec)

i . . . . . . . .
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Steps

Figure4: Runtimefor a simulationconsistingof 5000steps. The
timesfor the messagandbelief computationandthe total update
stepareshowvn. All timeswereobtaineconal.8GHzLinux machine
usingan implementatiorof the algorithmin Ocaml. Note the two
spikes(oneatthevery end)correspondingo loop closures.

systemJacobian], ande is the correspondingneasurement
error. Thisresultis true sincewe have

mt m.tA 1 = j + i i
k2N j ni

t1_
M~ =m

wherem, " is the estimateof m; without consideringnode
yj, andsimilarly M M{ ' = M; . SinceM, 'y, ' =
m; ' holds by the de nition of the information form of the
Gaussiansubstitutingheseddentitiesandthe de nitions of
and from (8-9)into the messagequation(12) givesusthe
result(15).
Using(15)in the belief equation(10), we get
X X

mi‘ = i+ ‘Jg—jiekj Aij yj !
J2N joN
X )
= i+h Ay (16)
j2N

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

6 Results

Linear GaussianSimulations

We rst presentheresultsof applyingourapproachn acon-
trolled simulationdevoid of non-linearities. The simulation
consisteaf anervironmentwith randomlyplaced uniformly
distributedlandmarks. The robot followed a large 8-shaped

gure in this ervironmentandthe run includedtwo loop clo-
suresatthe“waist” of the 8- gure.

Figure 4 givesthe resultsfor a linear simulationconsist-
ing of 5000steps,i.e. a trajectoryof length5000. The total
numberof nodesin the SAM GMRF was 6742. It canbe
veri ed thatthealgorithmis O(1), andthetwo spikesin the
graphcorrespondingo theloop closuresarealsoclearlyvis-
ible. The spikesoccursincethe LBP updatemakesa sweep
throughthewhole graphin theseinstances.



Figure 5: Trajectory and map computedfrom the Victoria Park
datasebverlaidon satelliteimageryof the park.

6.1 Victoria Park Dataset

We applied our algorithm to the Sydneg Victoria Park
dataset (available at http://www.acfr.usyd.edu.
au/homepages/academic/eneb ot), a popular test
datasein the SLAM community Thetrajectoryconsistsof
6968 posesalongan approximately4 kilometerlong trajec-
tory. Landmarkswere obtainedby running a simple tree-
detectioralgorithmonthelaserrangedata,yielding 158tree-
like featuresandatotal of 3631 measurements.

Figure5 shawvstheresultingcomputedrajectoryandmap,
wherethe landmarksareshavn usingcrossesopverlaidon an
imageof thepark. The GPStrajectory whichwasnotusedin
theestimationjs alsoshavn for referenceThisdemonstrates
theapplicability of ourtechniqueto real-world data.

7 Conclusion

We presentedan algorithm to perform smoothing-based
SLAM usingLoopy Belief Propagtion(LBP). We provide a
avor of LBP thatmakesmapandtrajectoryupdatesonstant
time exceptwhenclosingloopsin the ervironment. In this
casel BP is equivalentto amodi ed versionof Gauss-Seidel
relaxationaresultthatwe provedhere.

While ourtechniquehasadwantage®ver existing state-of-
the-artin that we can recover the maginal covariancesin
O(1) time, theseare a heuristic approximationto the true
covariances. It is our experiencethat the LBP covariances
are of good quality whenthe robot is exploring nev areas
in the ervironmentbut becomehighly overcon dentwhenit
revisits previously visited areas.In generalthe moreloopy
theGMREF, themoreovercon dentthecovariancegrom LBP.
This obsenationcanbeintuitively explainedby appealingo

thefactthatthecovariancedecomencorrectdueto multiple
useof the sameavidencewhenit is propagtedaroundaloop
in thegraph.

It is future work to de ne rigorousboundson the covari-
anceobtainedfrom LBP, andalsoinvestigate avenuesto re-
covertheexactcovarianceusingrelatedtechniquesanexam-
ple being[Sudderthetal., 2004 .
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