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Abstract

In [13], a new algorithmwasproposedfor ef�ciently solving
thesimultaneouslocalizationandmapping(SLAM) problem.
In this paper, we extendthis algorithmto handledataassoci-
ationproblemsandreportreal-world results,obtainedwith an
outdoorvehicle. We �nd that our approachperformsfavor-
ably when comparedto the extendedKalman �lter solution
from which it is derived.

1 Intr oduction

Thispaperinvestigatesascalablealgorithmfor thesimultane-
ousmappingandlocalization(SLAM) problem,andevaluates
it in thecontext of outdoornavigation.TheSLAM problemis
the problemof acquiringa mapof an unknown environment
with amoving robot,whilesimultaneouslylocalizingtherobot
relative to this map[2, 5]. TheSLAM problemaddressessit-
uationswheretherobotlacksa globalpositioningsensor, and
insteadhasto rely on a sensorof incrementalego-motionfor
robotpositionestimation(e.g.,odometry, inertial navigation).
Suchsensorsaccumulateerrorsovertime,makingtheproblem
of acquiringan accuratemapchallenging.The SLAM prob-
lemhasattractedimmenseattentionin thepastafew years[4].

Thispaperaddressescomputationalissuesin performingreal-
world SLAM. TheclassicalSLAM solution,basedon theex-
tendedKalman�lter (EKF) [8, 9, 12, 11], scalesquadratically
with the numberof landmarksin the map. As a result,prac-
tical implementationsof this approachare limited to a few
hundredlandmarks[2]. This de�ciency haslong beenrec-
ognizedandhasspurreda �urry of researchon moreef�cient
SLAM algorithms. One thrust of researchinvolves the de-
velopmentof hierarchicaltechniques,which decomposelarge
maps into smaller, computationallymore manageablesub-
maps[1, 3, 6, 15]. Suchtechniquesaremoreef�cient thanthe
quadratictime EKF, but mostof themstill requirequadratic
timefor maintainingglobalconsistency betweenmultiplesub-
maps.Additionally, theconsistency is dif�cult to maintainas
thevehiclecrossesboundariesbetweendifferentsub-maps.

In thispaper, wefollow adifferentapproach.In arecentwork-
shoppaper[13], weproposedaSLAM algorithmthatrequires
constanttime for updating,yet still maintainsglobal consis-

tency. This approachis basedon the informationform of the
Kalman �lter [7, 10], known as extendedinformation �lter
(EIF). EIFsaremathematicallyidenticalto EKF, yet they rep-
resentmapestimatesby setsof pairwiseconstraintsbetween
landmarks. In practice,theseconstraintsareusuallysparse.
This insight led us to de�ne the sparseextendedinformation
�lter , or SEIF. SEIFscanbeupdatedin constanttime, which
is signi�cantly fasterthanthequadraticupdatetime of EKFs.
Meanwhileit maintainsa globally consistentestimateof the
robotposeandthemap.However, theoriginalpaper[13] only
provided theoreticalresultsand did not analyzethe perfor-
manceof SEIFsusingreal-world data.It alsodid notprovidea
methodfor handlingdataassociationproblemsthatcommonly
occurin real-world settings.

ThispaperdescribesSEIFs,ourextensionto handledataasso-
ciationproblems,andempiricalresults.BecauseSEIFsareap-
proximationsof EKFs,an importantquestionis theaccuracy
of this approximation.This paperpresents�rst experimental
resultsthat compareSEIFswith EKFs usingboth simulated
andreal-world datasets.We �nd thatempirically, SEIFsare
highly accurateapproximationsto EKFs. Our empiricalcom-
parisonutilizesabenchmarkdatasetrecordedwith anoutdoor
vehicle[2]. On thecomputationalend,we �nd thatSEIFsare
signi�cantly moreef�cient asis predicted,andtheiref�ciency
makesthemscalableto muchlargermapsthanEKFscanhan-
dle.

2 SparseExtendedInf ormation Filters

2.1 Preliminaries
Let us begin the dispositionby highlighting the intuition be-
hindourapproach.Thestandardapproachfor solvingfeature-
basedSLAM problemsis basedon theextendedKalman�lter
(EKF) [11, 2]. Figure1 shows the resultof EKF mappingin
an environmentwith 50 landmarks. The normalizedcovari-
anceof theEKF is thecorrelationmatrix,which is visualized
in Figure1a. Eachof the two axes lists the robot pose(x-y
locationandorientation)followedby thex-y-locationsof the
50 landmarks.Dark entriesindicatestrongcorrelations.It is
known that in the limit of SLAM, all x-coordinatesand all
y-coordinatesbecomefully correlated[2]. Thecheckerboard
appearanceof thecorrelationmatrix illustratesthis fact.
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Figure1: Typical snapshotof EKFsappliedto theSLAM problem:
(a) a correlationmatrix (normalizedcovariance)and(b)
thenormalizedinversecovariance,or informationmatrix.
This plot illustratesthe basicinsight of SEIFs: Correla-
tionmatricesaredense,whereastheirnormalizedinverses
arenaturallysparse.

(a) (b)

Thekey insight thatmotivatesour approachis shown in Fig-
ure 1b. Shown there is the inverse covariancematrix (also
known asinformationmatrix [7, 10]), normalizedjust like the
correlationmatrix. Elementsin this normalizedinformation
matrix canbethoughtof asconstraints, or links, betweenthe
locationsof differentlandmarks:Thedarker anentryis in the
display, thestrongerthelink is. As thisdepictionsuggests,the
normalizedinformationmatrix appearsto benaturallysparse:
It is dominatedby a small numberof strong links between
geographicallynearbylandmarks,andpossessesa largenum-
ber of links whosevalues,when normalized,are nearzero.
Furthermore,link strengthsare relatedto distancesbetween
landmarks:Stronglinks arefoundonly betweengeometrically
nearbylandmarks.Themoredistanttwo landmarksarefrom
eachother, theweaker their link is.

SEIFs exploit this structureby maintaininga sparse infor-
mation matrix, in which only nearbylandmarksare linked
througha non-zeroelement.The resultingnetwork structure
is illustratedin the right panelof Figure2, wherediskscor-
respondto landmarksand dashedarcsto links, as speci�ed
in the informationmatrix visualizedon the left. Shown also
is the robot, which is linked to a small subsetof landmarks
only. Thissubsetof landmarksarecalledactivelandmarksand
drawn in black. Storinga sparseinformationmatrix requires
linearspace.More importantly, updatescanbeperformedin
constanttime regardlessof the numberof landmarksin the
map. Theresulting�lter is a sparseextendedinformation�l-
ter, or SEIF.

2.2 Inf ormation State
Let x t denotethe poseof the robot at time t, and yn with
1 � n � N the locationof then-th landmark,with N being
the total numberof landmarksin theenvironment(a quantity
that is estimatedduringmapping).Therobotposex t andthe
setof all landmarklocationsY togetherconstitutethestateof
theenvironment:

� t =
�

x t y1 : : : yN
� T

(1)

Figure2: Illustrationof thenetwork of landmarksgeneratedby our
approach.Shown on the left is a sparseinformationma-
trix, andon the right a mapin which entitiesare linked
whenthecorrespondingelementsin theinformationma-
trix arenon-zero.As arguedin thepaper, thefactthatnot
all landmarksareconnectedis akey structuralelementof
theSLAM problem,andat theheartof our constanttime
solution.

As is commonin SLAM literature,SEIFspresenttheposterior
by a multi-variateGaussianover the state� t . Sucha Gaus-
sian can be representedby a mean� t and a covariance� t ,
or equallyby theso-callednatural parameters of theKalman
�lter:

bt = � T
t � � 1

t (2)

H t = � � 1
t (3)

The EKF representationusing the informationvectorbt and
the informationmatrix H t is known asthe informationform
of theEKF, or extendedinformation�lter (EIF). Themean� t

andcovariance� t areeasilyrecoveredfrom the information
form:

� t = H � 1
t (4)

� t = � t bT
t (5)

The informationmatrix H t wasalreadydiscussedabove, and
an examplewasshown in Figure1b. SparseEIFs,or SEIFs,
areEIFs whoseinformationmatrix H t is sparse.Put differ-
ently, eachrow andeachcolumnin H t containsonly a limited
numberof non-zeroelements,andthe limit doesnot depend
on thesizeof thematrix N . Sparsenessis achievedby anup-
daterule thatoccasionallyremoveslinks from theposteriorso
asto maintainsparseness,asdescribedfurtherbelow.

2.3 MeasurementUpdates
Oneof thekey updatestepsin SLAM involvestheincorpora-
tion of a measurement(a landmarksighting). The measure-
mentat time t is denotedzt . In [13], it is assumedthe index
of this landmarkcanbesensedwithout error—a classicalas-
sumptionknown in SLAM as“known dataassociation,” nec-
essaryfor maintainingGaussianestimates. For now, let us
adoptthis assumption;furtherbelow, we will discussour ap-
proachfor estimatingthelandmarkidentityduringtheestima-
tion process.

Figure3 illustratesthe effect of measurementson the infor-
mation matrix H t . Supposethe robot senseslandmarky1,
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(a) (b)

Figure 3: The effect of measurementson the information matrix
andthe associatednetwork of landmarks:(a) Observing
y1 resultsin amodi®cationof theinformationmatrixele-
mentH x t ;y 1 . (b) Similarly, observingy2 affectsH x t ;y 2 .
Bothupdatescanbecarriedout in constanttime.

as illustratedin Figure 3a. This observation links the robot
posex t to the location of y1. The strengthof the link is
given by the level of noise in the measurement.Updating
EIFsbasedon this measurementinvolvesthemanipulationof
theoff-diagonalelementH x t ;y 1 andits symmetriccounterpart
H y1 ;x t that link togetherx t andy1. Additionally, the diago-
nal elementsH x t ;x t andH y1 ;y 1 arealsoupdated.Theseup-
datesareadditive: Eachobservationof a landmarky increases
the strengthof the total link betweenthe robot poseandthis
very landmark,thus the total information in the �lter . Fig-
ure 3b shows the incorporationof a secondmeasurementof
a different landmark,y2. In responseto this measurement,
theEIF updatesthelinks H x t ;y 2 , H y2 ;x t , H x t ;x t , andH y2 ;y 2 ).
As this examplesuggests,measurementsintroducelinks only
betweentherobotposex t andobservedlandmarks.Measure-
mentsnevergeneratelinks betweenpairsof landmarks,or be-
tweentherobotandunobservedlandmarks.

Incorporatingmeasurementsinto the information�lters natu-
rally requiresconstanttime. Thecanonicalupdaterule is the
following:

H t = �H t + Ct Z � 1CT
t (6)

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

t (7)

Here h is the measurementfunction that mapsstate� t into
measurementzt . Themeasurementnoiseis Gaussianwith co-
varianceZ . Finally, thematrix Ct is thegradientof themea-
surementfunctionh with respectto thestatevector� , takenat
� = � t :

Ct = r � h(� t ) (8)

In general�lter applications,suchanupdatemayrequiremore
thanconstanttime. In SLAM, however, eachmeasurementin-
volvesonly a single landmark(or a limited numberof land-
marks,regardlessof N ). For this reason,Ct is zeroexceptfor
a limited numberof elements.With sucha sparsematrix Ct ,
constanttimeupdatescanbeimplemented.

2.4 Motion Updates
Figure4aillustratesaninformationmatrix andtheassociated
network beforethe robot moves. The robot is linked to two
(previously observed) landmarks. If robot motion was free
of noise, this link structurewould not be affectedby robot

(a) (b)

Figure 4: The effect of motion on the informationmatrix andthe
associatednetwork of landmarks:(a) beforemotion,and
(b) after motion. If motion is non-deterministic,motion
updatesintroducenew links (or reinforceexisting links)
betweenany two active landmarks,while weakeningthe
links betweenthe robot andthoselandmarks.This step
introduceslinks betweenpairsof landmarks.

motion. However, the noisein robot actuationweakensthe
link betweentherobotandall active landmarks.HenceH x t ;y 1

andH x t ;y 2 aredecreasedby certainamounts.This decrease
re�ects the fact that the noisein robot motion causesa loss
of information aboutthe relative positionsof the landmarks
with respectto the robot. Not all of this informationis lost,
however. Someof it is shifted into between-landmarklink
H y1 ;y 2 , asillustratedin Figure4b. This re�ects the fact that
even thoughthe motion inducesa lossof informationof the
robotrelative to thelandmarks,no informationis lostbetween
individual landmarks.Robotmotion, thus,hastheeffect that
landmarksthat wereindirectly linked throughthe robot pose
becomelinkeddirectly.

Motion updatesin the information form of the Kalman �l-
ter areusuallynot achievable in constanttime. However, as
proven in [13], theupdatecanbeperformedin constanttime
if the informationmatrix H t is sparse.Theequationsfor the
generalcaseareasfollows:

	 t = I � Sx (I + [ST
x A t Sx ]� 1) � 1ST

x

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
�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

(9)

HereSx is thecanonicalprojectionmatrix from thefull state
to the robot posecoordinates. Theseequationsare mathe-
matically exact (not just approximations).They may appear
quitecomplicated,but they sureareconstanttimeupdaterules.
However, they may causeviolations to the sparsenesscon-
straintsby addingnew links (non-zeroelements)in the infor-
mationmatrixH t . Theremoval of somelinks is akey approx-
imationstepin SEIFs,which enablesthemto maintainsparse
informationmatrices.

2.5 Sparsi�cation
SEIF's sparsi�cation technique is illustrated in Figure 5.
Shown therearethesituationsbeforeandaftersparsi�cation.
The removal of a link in the network correspondsto setting
an elementin the informationmatrix to zero. However, this
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(a)

(b)

Figure 5: Sparsi®cation:A landmarkis deactivatedby eliminating
its link to the robot. To compensatefor this changein
informationstate,links betweenactive landmarksand/or
the robot arealsoupdated.The entireoperationcanbe
performedin constanttime.

requiresthemanipulationof somelinks betweentherobotand
otheractive landmarks.The resultingnetwork is only anap-
proximationto theoriginalone,andits qualitydependson the
strengthof thelink beforeits removal.

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

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

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

x;Y + ;Y 0

L 0
t = [Sx (ST

x H t Sx ) � 1ST
x + SY 0 (ST

Y 0 H t SY 0 ) � 1ST
Y 0

� Sx;Y 0 (ST
x;Y 0 H t Sx;Y 0 ) � 1ST

x;Y 0 ]H 0
t

~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;Y + ST
x;Y +

(10)

To implementtheseequations,it is necessaryto subdivide the
set of landmarksinto threesubsets:the set of active land-
marksY + that containa non-zerolink to the robot posein
the informationmatrix H t ; thesetof passive landmarksY � ;
and�nally thesetof landmarksY 0 thatareactive beforethe
sparsi�cationstep,but passive afterwards. Our sparsi�cation
equationshave the effect of removing links betweenY 0 and
the robot pose— a step necessaryif the numberof land-
markslinked to the robot exceedsa given sparsitythreshold.
By doing so, the numberof between-landmarklinks alsore-
mainslimited. Consequently, the sparsi�cationstepensures
thesparsenessof theinformationmatrixH t in SEIFs.Wenote
that this stepis approximate.Thequestionasto whetherthis
approximationaffectsSEIF's performancein practicehasnot
beenaddressedpreviously.

2.6 Amortized Map Recovery
Finally, SEIFsoffer an algorithmthat also requiresconstant
time for recovering themeans� t from the informationform.
The recovery of themeansmight be interestingif onewould
like to visualize the map: The information form contains
the maponly implicitly, andthe obvious recovery via Equa-
tions (4) and (5) would require cubic time. More impor-
tantly, the meansof the robot poseand active landmarks'

locationsare requiredin several of the above updatesteps,
(8), (9) and (10). SEIFsusean amortizediterative method,
similar to the Jacobimethodor the slightly differentGauss-
Seidelmethod,to graduallyrecover � t . Onesuf�cient con-
dition for this kind of methodto converge is thepositive def-
inite condition which the H t matrix satis�es. The fact that
H t is diagonally dominantalso makes thesemethodscon-
verge fast. To describethe algorithm in detail, let us write

H t in four blocksH t =
�

A B
B T C

�
andaccordinglyhave

� t = (� A � C ); bt = (bA bC ). Block A shouldincludethe
componentsof H t thatcorrespondto robotpose,active land-
marks'positionsandpossiblya constantnumberof otherele-
ments,suchasthe locationsof thoselandmarkslinked to ac-
tive landmarks.To recover � t in onestep,oneneedsto solve
two equations

A� A + B � C = bA

B T � A + C� C = bC

(11)

Following theideaof iterativemethodsmentionedabove,only
part of � t , i.e. � A is updatedby � A = A � 1(bA � B � C ) in
onestep.SincematricesA andB have only a limited number
of nonzeroelements,anupdateshallbecarriedout in constant
time. Iterationsareperformedwhenevercomponentsof � t are
inquired. If somecomponentsof � A arechangedby signi�-
cantamounts,for example,whena loop is beingclosed,extra
stepsmaybetakento updatethosecomponentstogetherwith
landmarkslinkeddirectlywith them.Further, suchextrasteps
canbebufferedto work out whenthecomputeris idling, thus
thecomputingpower is betterutilized. As therobotexplores
theenvironment,active landmarkschange,so all thecompo-
nentsof � t getchancesto beupdated.Thisamortizedmapre-
covery introducesadditionalerrorto thesystem.Howeverex-
perimentsshow that theerror is insigni�cant whencompared
to theadvantagesof SEIFin otheraspects.

3 Data Association

3.1 Recovering Data AssociationProbabilities
Finally, practicaldomainsare characterizedby data associ-
ation problems. Data associationproblemsarise when in-
dividual landmarksin the environmentcannotbe identi�ed
uniquelybasedon sensormeasurementsalone. The dataas-
sociationproblemis pervasive in real-world SLAM problems.
However, theoriginalpublication[13] did notaddressthis im-
portantproblem.

Ourmechanismfor handlingthedataassociationproblemuses
a maximumlikelihoodestimator, togetherwith a thresholded
� 2 test. In particular, our approachselectsthe landmarkthat
bestexplainsa measurement.If we write n t asthe landmark
index of thelandmarkseenat time t, themaximumlikelihood
estimatordetermines

n�
t = argmax

n
p(nt jzt ; ut )
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Figure 6: ThecombinedMarkov blanket of landmarkyn androbot
x t is suf®cient for calculatingthe posteriorprobability
of the landmarklocations,conditioningaway all other
landmarks.This insight leadsto a constanttime method
for recovering the approximateprobability distribution
p(x t ; yn jzt � 1 ; ut ).

= argmax
n

p(nt jzt ) p(� jzt � 1; ut )
| {z }

�H t ;�bt

(12)

wherezt = z1; ::::; zt andut = u1; ::::; ut . If theexpression
insidetheargmaxis smallerthana threshold� , that is, none
of the landmarksin the mapexplains the measurementwith
a minimum requiredprobability, the landmarkis considered
new andthe�lter is grown accordingly. By usingthis test,the
resultingSEIF graduallybuilds up a network of landmarks,
while nearbylandmarksareconnectedby links. Thisapproach
is commonlyusedin thecontext of EKFs[2]. In EKFs,calcu-
lating p(nt jzt ; ut ) is easysinceit is straightforwardto extract
the meanandthe covarianceof a landmarkpositiontogether
with therobotposefrom thefull stateestimate.Themeanand
thecovariancede�ne a probabilitydensityp(x t ; yn jzt � 1; ut )
whicharethenusedto calculatetheprobabilityp(n t jzt ; ut ).

In SEIFs,the situationis morecomplicated:Recovering the
covarianceof a landmarklocationand the robot posein the
naive way would requireinverting a large matrix, which is a
O(N 3) operation. However, we can onceagain exploit the
sparsenessof the informationmatrix to obtaina high �delity
approximationof thenecessarycovariances.

Supposewewouldliketo calculatetheprobabilitydistribution
of then-th landmarkyn andtherobotposex t . Theideais to
dosoby conditioningonall statevariablesoutsidetheMarkov
blanketsof thesevariables.TheMarkov blanket of the robot
posex t is simply thesetof all active landmarks.Likewise,the
Markov blanketof landmarkyn is thesetof all landmarks(and
possiblytherobotpose)directlyconnectedto this landmarkin
the SEIF. Figure6 illustratesthe situation. Shown thereis a
landmark,a robot pose,the Markov blanket of the landmark
(insidethesquarebox) andthesetof all active landmarks(in
black). All othervariablesarenot consideredduring this op-
eration,sincethey donotassertadirectin�uence on therobot
poseor landmarkin question.

Mathematically, we do the following approximation,where
Y +

n is thecombinedMarkov blanket:

p(x t ; yn jzt � 1; ut )

=
Z

p(x t ; yn jY +
n ; zt � 1; ut ) p(Y +

n jzt � 1; ut )dY +
n

�
Z

p(x t ; yn jY +
n ) p(Y +

n jY �
n )dY +

n (13)

Here

Y �
n = Ynf x t ; yn gnY +

n (14)

is thesetof all statevariablesnot includedin theMarkov blan-
ket Y +

n , andalsoexcluding yn andx t . This approximation
ignoresa residualuncertaintyin remotestatevariables.How-
ever, wefoundthatempiricallyit approximatesthetrueposte-
rior probabilityneededfor dataassociationwith double-digit
accuracy in mostcases.

Apart from themathematicalreasoning,theoperationin ma-
trix form is simple. Thedistribution p(x t ; yn jzt � 1; ut ) is ap-
proximatedby aGaussianwith covariance

� t :n = (ST
x t ;y n ;Y +

n
H t Sx t ;y n ;Y +

n
) � 1 (15)

This calculationis constanttime, since it involves a matrix
whosesizeis independentof N .

In our experiment,we found this approximationto work sur-
prisinglywell. In theresultsreportedfurtherbelow usingreal-
world data,theaveragerelativeerrorin estimatinglikelihoods
is 3:4 � 10� 4. Associationerrorsdueto this approximation
werepracticallynon-existent.

3.2 Map Management
Our exact mechanismfor building up the map is closely re-
latedtostandardproceduresin theSLAM community[2]. Due
to fake landmarkdetectionscausedby moving objects,addi-
tional carehasto be taken to �lter out thoseinterferingmea-
surements.For any detectedobjectthatcannot beexplained
by existing landmarks,anew landmarkcandidateis generated
but notput into SEIFdirectly. Insteadit is addedinto awaiting
list with a weight representingits probability of beinga use-
ful landmark.In thenext measurementstep,thenewly arrived
candidatesare checked against all candidatesin the waiting
list; reasonablematchesincreasetheweightof corresponding
candidates.Candidatesthat arenot matchedloseweight be-
causethey are more likely to be a moving object. When a
candidatehasits weightabove a certainthreshold,it joins the
SEIFnetwork of landmarks.

Wenoticethatdataassociationviolatestheconstanttimeprop-
erty of SEIFs.This is becausewhencalculatingdataassocia-
tions,multiple landmarkshave to betested.If we canensure
thatall plausiblelandmarksarealreadyconnectedin theSEIF
by a shortpathto thesetof active landmarks,it would befea-
sibleto performdataassociationin constanttime. In thisway,
theSEIFstructurenaturallyfacilitatesthesearchof themost
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Figure 7: The vehicleusedin our experimentsis equippedwith a
2D laserrange®nderanda differentialGPSsystem.The
vehicle'sego-motionis measuredby a linearvariabledif-
ferentialtransformersensorfor thesteering,andawheel-
mountedvelocity encoder. In thebackground,theVicto-
ria Park testenvironmentcanbeseen.

likely landmarkgivenameasurement.However, this is not the
casewhenclosinga cycle for the�rst time, in which casethe
correctassociationmight be far away in the SEIF adjacency
graph. Usingkd-trees,it appearsto be feasibleto implement
dataassociationin logarithmictimeby recursively partitioning
thespaceof all landmarklocationsusinga tree.

Finally, we notice that anotherimportant operationcan be
donein constanttime in SEIF: the merge of identical land-
markspreviously mistreatedastwo or moreuniqueones. It
is simplyaccomplishedby addingcorrespondingvaluesin the
H t matrixandbt vector. Thisoperationis necessarywhencol-
lapsingmultiple landmarksinto oneuponthearrival of further
sensorevidence.

4 Experimental Results

The purposeof our comparisonwas to evaluatethe perfor-
manceof SEIFsagainstthat of the “gold standard,” which is
EKF from which SEIFsarederived. Thevehicleandits envi-
ronmentareshown in Figures7 and8. Thevehicleis equipped
with aSICK laserrange�nder, andaunit for measuringsteer-
ing angleandforwardvelocity. Thelaseris usedto detecttrees
in thepark,but it alsopicksup hundredsof spuriousfeatures
suchascornersof moving carsona nearbyhighway. Theraw
odometryof the vehicle is extremely poor, resultingin sev-
eral hundredmetersof error when usedfor path integration
alongthevehicle's3.5kmpath,seeFigure8(a).Thedataused
for our experimentswas previously usedas a benchmarkin
severalpublications(see[2]). In our experimenton this real-
world data,SEIF correctly recovers the robot pathshown in
Figure8(b). Comparingwith EKF, SEIFrunstwiceasfastand
consumeslessthanaquarterof thememoryEKF uses.SEIF's
landmarkpositionestimationsdiffer from thoseof EKF's by
0.5meterin termsof rootmeansquaredistance.

In additionto thereal-world data,wealsousedarobotsimula-
tor. Thesimulatorhastheadvantagethatwe know theground
truth (which is unknown for thereal-world datasets),andthat

Figure 8: The testingenvironment: A 350 metersby 350 meters
patchin Victoria Park in Sydney. (a) shows integrated
path from odometryreadings(b) shows the path as the
resultof SEIF.

(a)

(b)

it facilitatesexperimentson scalingour approachto different
environmentsizes.In oursimulations,wefocusedparticularly
ontheloopclosingproblem,whichis generallyacknowledged
to beoneof thehardestproblemsin SLAM. Whenclosinga
loop,usuallymany landmarklocationsareaffected,testingour
amortizedmaprecovery mechanismunderthe hardestpossi-
blecircumstances.

The robot simulator is set up so that unit areahas50 land-
markson average.Thelandmarksarerandomlydistributedin
a squaredregion with a minimum distanceof 0.05 between
landmarks. As the numberof landmarksincreases,so does
the area. The noiseof robot motion and measurementsare
all modeledby zero meanGaussiannoise. Speci�cally, the
varianceis 10� 4 for forwardvelocity, 10� 3 for rotationalve-
locity, 0.002for rangedetectionand0.003for bearingsmea-
surements.In eachiterationof thesimulation,therobottakes
onemove andonemeasurement.For k numberof landmarks,
20k iterationsare performed. This roughly makes the aver-
agenumberof visits to eachlandmarkthe samefor the sim-
ulationsof differentnumberof landmarks.Maximumsensor
rangeis setto 0.2, which translatesto 6 landmarkdetections
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Figure10: Thecomparisonof averageCPUtimebetweenSEIFand
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on averagefor onemeasurementstep. The maximumnum-
ber of active landmarksis chosento be 10. Figure 10 and
11 clearly show that SEIF beatsEKF in termsof computa-
tion andmemoryusage.In thecaseof EKF, theusageof both
computationandmemoryincreasesquadraticallywith respect
to thenumberof landmarks,whereasfor SEIF, CPUtime per
iterationcomesto a constantwhenthe numberof landmarks
goesbeyond300,andthememoryusedto storethe informa-
tion matrix increasesonly linearly. Dueto theapproximation
of the informationmatrix andamortizedmaprecovery, SEIF
hasbigger error than EKF as is shown in Figure 12. How-
ever thedecreasein computationandmemorycostscaneasily
outweighthissmall increasein errors.

5 Discussion

This papersummarizeda new algorithmfor thesimultaneous
localizationandmapping(SLAM) problem,which canmain-
tain globally consistentmapswith constantupdatetime. Our
approachis basedon the observation that in the information
form of traditionalKalman-�lter algorithms(EKF), mostele-
mentsin thenormalizedinformationmatrixarenearzero.The
sparseextendedinformation�lter , or SEIF, enforcesa sparse
information matrix, which can be updatedin constanttime.
This paperalso proposeda dataassociationmechanismfor
SEIFsbasedon themaximumlikelihoodprinciple.

Sincethis algorithmis approximate,we presentedempirical
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Figure11:Thecomparisonof averagememoryusagebetweenSEIF
andEKF.
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Figure 12: Thecomparisonof root meansquaredistanceerrorbe-
tweenSEIFandEKF.

results,comparingSEIFsto the commonEKF solution. Our
resultsshow thatSEIFsproduceresultscomparableto thatof
EKFs,but atamuchimprovedcomputationaltimecomplexity
(constantinsteadof quadratictime). Theresultswereobtained
for a well-known referencedataset,recordedby researchers
at the University of Sydney. Thus, with this paper, we �ll
animportantgap: while previousresultsregardingSEIFwere
purely theoreticalin nature,the resultspresentedhereshed
light on thepracticalsideof SEIFs.Basedonour �ndings, we
believe that SEIFsarescalableto muchlarger mapsthanthe
EKF or relatedhierarchicalsub-mappingapproaches.
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