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Abstract— In [13], a newalgorithm wasproposedfor ef-
�ciently solving the simultaneouslocalization and mapping
(SLAM) problem. In this paper, we extendthis algorithm to
handle data associationproblemsand report real-world re-
sults,obtainedwith an outdoorvehicle. We �nd that our ap-
proach performs favorably when comparedto the extended
Kalman �lter solution from which it is derived.
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1 INTRODUCTION

This paperinvestigatesa scalablealgorithmfor thesimulta-
neousmappingandlocalization(SLAM) problem,andevalu-
atesit in thecontext of outdoornavigation.TheSLAM problem
is theproblemof acquiringa mapof anunknown environment
with amoving robot,while simultaneouslylocalizingtherobot
relative to this map[2, 5]. TheSLAM problemaddressessit-
uationswherethe robot lacksa globalpositioningsensor, and
insteadhasto rely on a sensorof incrementalego-motionfor
robot positionestimation(e.g.,odometry, inertial navigation).
Suchsensorsaccumulateerrorsover time,makingtheproblem
of acquiringanaccuratemapchallenging.TheSLAM problem
hasattractedimmenseattentionin thepasta few years[4].

This paperaddressescomputationalissuesin performing
real-world SLAM. TheclassicalSLAM solution,basedon the
extendedKalman �lter (EKF) [8, 9, 12, 11], scalesquadrat-
ically with the numberof landmarksin the map. As a re-
sult, practicalimplementationsof this approacharelimited to
a few hundredlandmarks[2]. This de�ciency haslong been
recognizedand hasspurreda �urry of researchon more ef-
�cient SLAM algorithms. One thrust of researchinvolves
thedevelopmentof hierarchicaltechniques,which decompose
large maps into smaller, computationallymore manageable
sub-maps[1, 3, 6, 15]. Suchtechniquesaremoreef�cient than
thequadratictimeEKF, but mostof themstill requirequadratic
time for maintainingglobalconsistency betweenmultiple sub-
maps. Additionally, the consistency is dif�cult to maintain
asthevehiclecrossesboundariesbetweendifferentsub-maps.
Onerecenttechniqueupdatestheestimatein constanttime [6]
by restrictingall computationto thesubmapin which therobot
presentlyoperates.Usingapproximationtechniquesfor transi-
tion betweensubmaps,this work demonstratedthatconsistent
errorboundscanbemaintainedwith aconstant-timealgorithm.
However, the methoddoesnot propagate information to pre-
viously visitedsubmapsunlessthe robotsubsequentlyrevisits
theseregions.Hence,this methodsuffersa slower rateof con-
vergencein comparisonto theO(N 2) full covariancesolution.

In this paper, we follow a differentapproach. In a recent
paper[13], we proposeda SLAM algorithmthat requirescon-

stanttimefor updating.Thisapproachis basedontheinforma-
tion formof theKalman�lter [7, 10], known asextendedinfor-
mation�lter (EIF). EIFs aremathematicallyidenticalto EKF,
yet they representmapestimatesby setsof pairwiseconstraints
betweenlandmarks.In practice,theseconstraintsareusually
sparse.This insight led usto de�ne thesparseextendedinfor-
mation�lter , or SEIF. SEIFscanbeupdatedin constanttime,
which is signi�cantly fasterthanthe quadraticupdatetime of
EKFs.Meanwhileit maintainsagloballyconsistentestimateof
the robotposeandthe map. However, theoriginal paper[13]
only providedtheoreticalresultsanddid notanalyzetheperfor-
manceof SEIFsusingreal-world data.It alsodid notprovidea
methodfor handlingdataassociationproblemsthatcommonly
occurin real-world settings.

ThispaperdescribesSEIFs,ourextensionto handledataas-
sociationproblems,andempiricalresults. BecauseSEIFsare
approximationsof EKFs,animportantquestionis theaccuracy
of thisapproximation.Thispaperpresentsexperimentalresults
thatcompareSEIFswith EKFsusingbothsimulatedandreal-
world datasets.We �nd thatempirically, SEIFsarehighly ac-
curateapproximationsto EKFs.Ourempiricalcomparisonuti-
lizesabenchmarkdatasetrecordedwith anoutdoorvehicle[2].
On thecomputationalend,we �nd thatSEIFsaresigni�cantly
moreef�cient asis predicted,andtheir ef�ciency makesthem
scalableto muchlargermapsthanEKFscanhandle.

2 SPARSEEXTENDEDINFORMATION FILTERS

2.1 Introduction

The standardapproachfor solving feature-basedSLAM
problemsis basedontheextendedKalman�lter (EKF) [11, 2].
Figure1 shows the resultof EKF mappingin an environment
with 50 landmarks.The normalizedcovarianceof the EKF is
thecorrelationmatrix, which is visualizedin Figure1a. Each
of the two axeslists the robot pose(x-y locationandorienta-
tion) followedby thex-y-locationsof the50 landmarks.Dark
entriesindicatestrongcorrelations.It is known thatin thelimit
of SLAM, all x-coordinatesandall y-coordinatesbecomefully
correlated[2]. Thecheckerboardappearanceof thecorrelation
matrix illustratesthis fact.

The key insight that motivatesour approachis shown in
Figure1b. Shown thereis the inversecovariancematrix (also
known asinformationmatrix [7, 10]), normalizedjust like the
correlationmatrix. Elementsin this normalizedinformation
matrix canbe thoughtof asconstraints, or links, betweenthe
locationsof differentlandmarks:Thedarker anentry is in the
display, thestrongerthelink is. As this depictionsuggests,the
normalizedinformationmatrix appearsto be naturallysparse:
It is dominatedby a small numberof strong links between



Figure 1: Typical snapshotof EKFsappliedto theSLAM problem:
(a) a correlationmatrix (normalizedcovariance)and (b)
thenormalizedinversecovariance,or informationmatrix.
Thisplot illustratesthebasicinsightof SEIFs:Correlation
matricesaredense,whereastheir normalizedinversesare
naturallysparse.

(a) (b)

Figure 2: Illustrationof thenetwork of landmarksgeneratedby our
approach.Shown on the left is a sparseinformationma-
trix, and on the right a map in which entitiesare linked
whenthe correspondingelementsin the informationma-
trix arenon-zero.As arguedin thepaper, thefact thatnot
all landmarksareconnectedis a key structuralelementof
theSLAM problem,andat theheartof our constanttime
solution.

geographicallynearbylandmarks,andpossessesa large num-
ber of links whosevalues,when normalized,are near zero.
Furthermore,link strengthsare relatedto distancesbetween
landmarks:Stronglinks arefoundonly betweengeometrically
nearbylandmarks.The moredistanttwo landmarksarefrom
eachother, theweaker their link is.

SEIFsexploit this structureby maintaininga sparse infor-
mation matrix, in which only nearby landmarksare linked
througha non-zeroelement.Theresultingnetwork structureis
illustratedin therightpanelof Figure2,wherediskscorrespond
to landmarksanddashedarcsto links, asspeci�edin theinfor-
mationmatrix visualizedon the left. Shown alsois the robot,
whichis linkedto asmallsubsetof landmarksonly. Thissubset
of landmarksarecalledactive landmarksanddrawn in black.
Storingasparseinformationmatrixrequireslinearspace.More
importantly, updatescanbeperformedin constanttimeregard-
lessof thenumberof landmarksin themap.Theresulting�lter
is asparseextendedinformation�lter , or SEIF.

2.2 InformationState

Let x t denotethe poseof the robot at time t, andyn with
1 � n � N the locationof the n-th landmark,with N being
the total numberof landmarksin the environment(a quantity
that is estimatedduring mapping).The robot posex t andthe
setof all landmarklocationsY togetherconstitutethestateof
theenvironment:

� t = ( x t y1 : : : yN )T (1)

As is commonin SLAM literature,SEIFspresenttheposterior
by a multi-variateGaussianover thestate� t . Sucha Gaussian
canberepresentedbyamean� t andacovariance� t , orequally
by theso-callednatural parameters of theKalman�lter:

bt = � T
t � � 1

t (2)

H t = � � 1
t (3)

TheEKF representationusingtheinformationvectorbt andthe
informationmatrixH t is known astheinformationformof the
EKF, or extendedinformation �lter (EIF). The mean� t and
covariance� t areeasilyrecoveredfrom theinformationform:

� t = H � 1
t (4)

� t = � t bT
t (5)

The informationmatrix H t wasalreadydiscussedabove, and
an examplewasshown in Figure1b. SparseEIFs, or SEIFs,
are EIFs whoseinformation matrix H t is sparse. Put differ-
ently, eachrow andeachcolumnin H t containsonly a limited
numberof non-zeroelements,andthelimit doesnotdependon
thesizeof thematrix N . Sparsenessis achievedby anupdate
rule thatoccasionallyremoveslinks from theposteriorsoasto
maintainsparseness,asdescribedfurtherbelow.

2.3 MeasurementUpdates

Oneof thekey updatestepsin SLAM involvestheincorpo-
rationof a measurement(a landmarksighting). Themeasure-
mentat time t is denotedzt . In [13], it is assumedtheindex of
this landmarkcanbesensedwithouterror—aclassicalassump-
tion known in SLAM as“known dataassociation,” necessary
for maintainingGaussianestimates.For now, let usadoptthis
assumption;further below, we will discussour approachfor
estimatingthelandmarkidentityduringtheestimationprocess.

Figure3 illustratestheeffect of measurementson theinfor-
mationmatrix H t . Supposethe robot senseslandmarky1, as
illustratedin Figure3a. This observation links the robot pose
x t to the locationof y1. The strengthof the link is given by
thelevel of noisein themeasurement.UpdatingEIFsbasedon
thismeasurementinvolvesthemanipulationof theoff-diagonal
elementH x t ;y 1 andits symmetriccounterpartH y1 ;x t that link
togetherx t andy1. Additionally, thediagonalelementsH x t ;x t

andH y1 ;y 1 arealsoupdated.Theseupdatesareadditive: Each
observationof a landmarky increasesthestrengthof the total
link betweentherobotposeandthisvery landmark,thustheto-
tal informationin the�lter . Figure3b shows theincorporation
of a secondmeasurementof a different landmark,y2. In re-
sponseto this measurement,theEIF updatesthe links H x t ;y 2 ,



(a) (b)

Figure3: Theeffectof measurementson theinformationmatrixand
theassociatednetwork of landmarks:(a)Observingy1 re-
sults in a modi®cationof the informationmatrix element
H x t ;y 1 . (b) Similarly, observingy2 affectsH x t ;y 2 . Both
updatescanbecarriedout in constanttime.

H y2 ;x t , H x t ;x t , andH y2 ;y 2 ). As this examplesuggests,mea-
surementsintroducelinks only betweenthe robotposex t and
observed landmarks. Measurementsnever generatelinks be-
tweenpairsof landmarks,or betweentherobotandunobserved
landmarks.

Incorporatingmeasurementsinto theinformation�lters nat-
urally 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, the matrix Ct is the gradientof the mea-
surementfunctionh with respectto thestatevector� , takenat
� = � t :

Ct = r � h(� t ) (8)

In general�lter applications,suchanupdatemayrequiremore
thanconstanttime. In SLAM, however, eachmeasurementin-
volves only 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 MotionUpdates

Figure4a illustratesan informationmatrix andthe associ-
atednetwork beforethe robot moves. The robot is linked to
two (previouslyobserved)landmarks.If robotmotionwasfree
of noise,this link structurewould not beaffectedby robotmo-
tion. However, the noisein robot actuationweakensthe link
betweentherobotandall active landmarks.HenceH x t ;y 1 and
H x t ;y 2 aredecreasedby certainamounts.Thisdecreasere�ects
thefactthatthenoisein robotmotioncausesa lossof informa-
tion aboutthe relative positionsof the landmarkswith respect
to therobot. Not all of this informationis lost,however. Some
of it is shiftedinto between-landmarklink H y1 ;y 2 , asillustrated
in Figure4b. This re�ects thefactthateventhoughthemotion
inducesa lossof informationof the robot relative to the land-
marks,no information is lost betweenindividual landmarks.
Robotmotion,thus,hastheeffect that landmarksthatwerein-
directly linkedthroughtherobotposebecomelinkeddirectly.

Motion updatesin theinformationform of theKalman�lter
areusuallynotachievablein constanttime. However, asproven

(a) (b)

Figure 4: The effect of motion on the information matrix and the
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 weakening the
links betweenthe robot and thoselandmarks. This step
introduceslinks betweenpairsof landmarks.

in [13], the updatecan be performedin constanttime if the
informationmatrix H t is sparse.Theequationsfor thegeneral
caseareasfollows:

	 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 (9)

�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

HereSx is thecanonicalprojectionmatrixfrom thefull state
to therobotposecoordinates.Theseequationsaremathemati-
cally exact (not just approximations)andconstanttime. How-
ever, they maycauseviolationsto thesparsenessconstraintsby
addingnew links (non-zeroelements)in the informationma-
trix H t . Theremoval of somelinks is akey approximationstep
in SEIFs,which enablesthemto maintainsparseinformation
matrices.

2.5 Sparsi�cation

SEIF's sparsi�cation techniqueis illustrated in Figure 5.
Shown therearethe situationsbeforeandafter sparsi�cation.
Theremoval of a link in thenetwork correspondsto settingan
elementin the informationmatrix to zero. However, this re-
quiresthe manipulationof somelinks betweenthe robot and
otheractive landmarks.The resultingnetwork is only an ap-
proximationto theoriginal one,andits quality dependson 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 (10)

~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 +

To implementtheseequations,it is necessaryto subdivide the
setof landmarksinto threesubsets:thesetof active landmarks
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Figure 5: Sparsi®cation:A landmarkis deactivatedby eliminating
its link to therobot. To compensatefor this changein in-
formationstate,links betweenactive landmarksand/orthe
robot arealsoupdated.The entireoperationcanbe per-
formedin constanttime.

Y + thatcontaina non-zerolink to therobotposein the infor-
mationmatrixH t ; thesetof passive landmarksY � ; and�nally
thesetof landmarksY 0 thatareactivebeforethesparsi�cation
step,but passive afterwards.Our sparsi�cationequationshave
theeffect of removing links betweenY 0 andtherobotpose—
astepnecessaryif thenumberof landmarkslinkedto therobot
exceedsa given sparsitythreshold. By doing so, the number
of between-landmarklinks alsoremainslimited. Consequently,
thesparsi�cationstepensuresthesparsenessof theinformation
matrixH t in SEIFs.Wenotethatthisstepis approximate.The
questionasto whetherthis approximationaffectsSEIF's per-
formancein practicehasnot beenaddressedpreviously. The
sparsi�cationmay causeSEIFsto be over-con�dent on land-
markpositions.Empirically, this over-con�denceis mostlyon
theabsolutepositionsof thelandmarksratherthanon their rel-
ative positions.Empirically, theapproximationworkswell for
ourexperimentson recoveringrelativemaps.

2.6 AmortizedMapRecovery

Finally, SEIFsoffer analgorithmthatalsorequiresconstant
time for recovering the means� t from the information form.
The recovery of the meansmight be interestingif onewould
like to visualizethe map: The information form containsthe
maponly implicitly, andtheobviousrecoveryvia Equations(4)
and(5) would requirecubictime. More importantly, themeans
of therobotposeandactive landmarks'locationsarerequired
in severalof theaboveupdatesteps,(8), (9) and(10). SEIFsuse
anamortizediterative method,similar to theJacobimethodor
theslightly differentGauss-Seidelmethod,to graduallyrecover
� t . Onesuf�cient conditionfor thiskind of methodto converge
is thepositivede�nite conditionwhich theH t matrixsatis�es.

To describethe algorithmin detail, let us write H t in four

blocks H t =
�

H11 H12
H21 H22

�
and accordinglyhave � t =

(� 1 � 2); bt = (b1 b2). Block H11 should include the com-
ponentsof H t thatcorrespondto robotpose,active landmarks'
positionsand possiblya constantnumberof other elements,
suchasthe locationsof thoselandmarkslinkedto active land-
marks.To recover � t in onestep,oneneedsto solve two equa-
tions

H11� 1 + H12� 2 = b1

H21� 1 + H22� 2 = b2 (11)

Following theideaof iterative methodsmentionedabove,only
partof � t , i.e. � 1 is updatedby � 1 = H � 1

11 (b1 � H12� 2) in one

step.SincematricesH 11 andH12 have only a limited number
of nonzeroelements,anupdateshallbecarriedout in constant
time. Iterationsareperformedwhenever componentsof � t are
needed.If somecomponentsof � 1 arechangedby signi�cant
amounts,for example,whena loop is beingclosed,extra steps
may be taken to updatethosecomponentstogetherwith land-
markslinkeddirectly with them. Further, suchextra stepscan
be bufferedto work out whenthe computeris idling, thusthe
computingpower is betterutilized. As the robot exploresthe
environment,active landmarkschange,so all the components
of � t get chancesto be updated.This amortizedmaprecov-
ery introducesadditionalerror to thesystem.However experi-
mentsshow thattheerroris insigni�cant whencomparedto the
advantagesof SEIFin otheraspects.

3 DATA ASSOCIATION

3.1 RecoveringDataAssociationProbabilities

Finally, practicaldomainsarecharacterizedby dataassoci-
ation problems. Dataassociationproblemsarisewhenindivid-
ual landmarksin theenvironmentcannotbeidenti�ed uniquely
basedon sensormeasurementsalone. The data association
problem is pervasive in real-world SLAM problems. How-
ever, theoriginalpublication[13] did notaddressthisimportant
problem.

Our mechanismfor handlingthe dataassociationproblem
usesa maximumlikelihoodestimator, togetherwith a thresh-
olded� 2 test. In particular, our approachselectsthe landmark
that bestexplainsa measurement.If we write n t asthe land-
markindex of thelandmarkseenat time t, themaximumlike-
lihoodestimatordetermines

n�
t = argmax

n
p(nt jzt ; ut )

= argmax
n

p(nt jzt ) p(� t jzt � 1; ut )
| {z }

�H t ;�bt

(12)

wherezt = z1; ::::; zt andut = u1; ::::; ut . If the expression
insidetheargmaxis smallerthana threshold� , thatis, noneof
thelandmarksin themapexplainsthemeasurementwith amin-
imumrequiredprobability, thelandmarkis considerednew and
the �lter is grown accordingly. By using this test, the result-
ing SEIF graduallybuilds up a network of landmarks,while
nearbylandmarksare connectedby links. This approachis
commonlyusedin the context of EKFs [2]. In EKFs, calcu-
lating p(nt jzt ; ut ) is easysinceit is straightforward to extract
the meanand the covarianceof a landmarkposition together
with therobotposefrom thefull stateestimate.Themeanand
the covariancede�ne a probability densityp(x t ; yn jzt � 1; ut )
whicharethenusedto calculatetheprobabilityp(n t jzt ; ut ).

In SEIFs,thesituationis morecomplicated:Recoveringthe
covarianceof a landmarklocation and 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.
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Figure 6: ThecombinedMarkov blanket of landmarkyn androbot
x t is suf®cient for approximatingthe posterior proba-
bility of the landmark locations, conditioning away all
other landmarks. This insight leadsto a constanttime
methodfor recovering the approximateprobability distri-
butionp(x t ; yn jzt � 1 ; ut ).

Supposewe would like to calculatetheprobabilitydistribu-
tion of the n-th landmarkyn andthe robot posex t . The idea
is to do so by conditioningon all statevariablesoutsidethe
Markov blanketsof thesevariables.TheMarkov blanketof the
robot posex t is simply the setof all active landmarks.Like-
wise,theMarkov blanket of landmarkyn is thesetof all land-
marks(andpossiblythe robotpose)directly connectedto this
landmarkin theSEIF. Figure6 illustratesthesituation.Shown
thereis a landmark,a robot pose,the Markov blanket of the
landmark(the squares)andthe setof all active landmarks(in
black). All othervariablesarenot consideredduring this op-
eration,sincethey do not asserta direct in�uence on therobot
poseor landmarkin question.

Mathematically, we do thefollowing approximation,where
Y +

n is thecombinedMarkov blanket:

p(x t ; yn jzt � 1; ut )

=
Z

p(x t ; yn jY +
n ; Y �

n ; zt � 1; ut ) �

p(Y +
n jY �

n ; zt � 1; ut ) p(Y �
n jzt � 1; ut )dY +

n dY �
n

�
Z

p(x t ; yn jY +
n ; Y �

n = � �
n ; zt � 1; ut ) �

p(Y +
n jY �

n = � �
n ; zt � 1; ut )dY +

n (13)

Here

Y �
n = Ynf x t ; yn gnY +

n (14)

is thesetof all statevariablesnot includedin theMarkov blan-
ketY +

n , andalsoexcludingyn andx t ; � �
n arethemeanscorre-

spondingto Y �
n . This approximationignoresa residualuncer-

tainty in remotestatevariables.However, wefoundthatempir-
ically it approximatesthetrueposteriorprobabilityneededfor
dataassociationwith double-digitaccuracy in our real world
test.

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

� t :n = ST
x t ;y n

(ST
x t ;y n ;Y +

n
H t Sx t ;y n ;Y +

n
) � 1Sx t ;y n

� t :n = � t Sx t ;y n (15)

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

3.2 MapManagement

Our exact mechanismfor building up the map is closely
relatedto standardproceduresin the SLAM community[2].
Due to erroneouslandmarkdetectionscausedfor exampleby
moving objectsor measurementnoise,additionalcarehasto be
takento �lter out thoseinterferingmeasurements.For any de-
tectedobjectthat cannot beexplainedby existing landmarks,
a new landmarkcandidateis generatedbut not put into SEIF
directly. Insteadit is addedinto awaitinglist with aweightrep-
resentingits probabilityof beingausefullandmark.In thenext
measurementstep, the newly arrived candidatesare checked
against all candidatesin the waiting list; reasonablematches
increasethe weight of correspondingcandidates.Candidates
thatarenot matchedloseweightbecausethey aremorelikely
to bea moving object. Whena candidatehasits weightabove
acertainthreshold,it joins theSEIFnetwork of landmarks.

We notice that dataassociationviolatesthe constanttime
propertyof SEIFs.This is becausewhencalculatingdataasso-
ciations,multiple landmarkshaveto betested.If wecanensure
thatall plausiblelandmarksarealreadyconnectedin theSEIF
by a shortpathto thesetof active landmarks,it would befea-
sibleto performdataassociationin constanttime. In this way,
the SEIF structurenaturally facilitatesthe searchof the most
likely landmarkgivena measurement.However, this is not the
casewhenclosinga cycle for the �rst time, in which casethe
correctassociationmight be far away in the SEIF adjacency
graph. Using kd-trees,it appearsto be feasibleto implement
dataassociationin logarithmictime by recursively partitioning
thespaceof all landmarklocationsusinga tree.

Finally, we notice that anotherimportantoperationcanbe
donein constanttimein SEIF:themergeof identicallandmarks
previously mistreatedastwo or moreuniqueones.It is simply
accomplishedby addingcorrespondingvaluesin the H t ma-
trix andbt vector. This operationis necessarywhencollapsing
multiple landmarksinto oneuponthearrival of furthersensor
evidence.

4 EXPERIMENTAL RESULTS

Thepurposeof our comparisonwasto evaluatethe perfor-
manceof SEIFsagainst that of the “gold standard,” which is
EKF from which SEIFsarederived. Thevehicleandits envi-
ronmentareshown in Figures7 and8. Thevehicleis equipped
with a SICK laserrange�nder, anda unit for measuringsteer-
ing angleandforwardvelocity. Thelaseris usedto detecttrees
in the park,but it alsopicks up hundredsof spuriousfeatures
suchascornersof moving carson a nearbyhighway. Theraw
odometryof thevehicleis extremelypoor, resultingin several
hundredmetersof error whenusedfor pathintegrationalong
the vehicle's 3.5km path,seeFigure8(a). The datausedfor
our experimentswaspreviously usedasa benchmarkin sev-
eral publications(see[2]). In our experimenton this real-
world data,SEIF correctly recovers the robot path shown in



Figure 7: The vehicleusedin our experimentsis equippedwith a
2D laserrange®nderanda differentialGPSsystem.The
vehicle's ego-motionis measuredby a linearvariabledif-
ferentialtransformersensorfor thesteering,anda wheel-
mountedvelocityencoder. In thebackground,theVictoria
Park testenvironmentcanbeseen.

Figure8(b). Comparingwith EKF, SEIFrunstwiceasfastand
consumeslessthana quarterof thememoryEKF uses.SEIF's
landmarkpositionestimationsdiffer from thoseof EKF's by
0.5meterin termsof rootmeansquaredistance.

In additionto thereal-world data,wealsousedarobotsimu-
lator. Thesimulatorhastheadvantagethatweknow theground
truth (which is unknown for thereal-world datasets),andthat
it facilitatesexperimentson scalingour approachto different
environmentsizes.In our simulations,we focusedparticularly
on theloop closingproblem,which is generallyacknowledged
to be oneof the hardestproblemsin SLAM. Whenclosinga
loop,usuallymany landmarklocationsareaffected,testingour
amortizedmaprecoverymechanismunderthehardestpossible
circumstances.

The robot simulatoris setup so thatunit areahas50 land-
markson average.The landmarksarerandomlydistributedin
a squaredregion with a minimum distanceof 0.05 between
landmarks.As thenumberof landmarksincreases,sodoesthe
area.Thenoiseof robotmotionandmeasurementsareall mod-
eledby zeromeanGaussiannoise.Speci�cally, thevarianceis
10� 4 for forward velocity, 10� 3 for rotationalvelocity, 0.002
for rangedetectionand0.003for bearingsmeasurements.In
eachiterationof thesimulation,the robot takesonemove and
onemeasurement.For k numberof landmarks,20k iterations
areperformed.This roughlymakestheaveragenumberof vis-
its to eachlandmarkthe samefor the simulationsof different
numberof landmarks. Maximum sensorrangeis set to 0.2,
which translatesto 6 landmarkdetectionson averagefor one
measurementstep.Themaximumnumberof active landmarks
is chosento be 10. Figure10 and 11 clearly show that SEIF
beatsEKF in termsof computationandmemoryusage.In the
caseof EKF, the usageof both computationandmemoryin-
creasesquadraticallywith respectto thenumberof landmarks,
whereasfor SEIF, CPUtime per iterationcomesto a constant
whenthenumberof landmarksgoesbeyond300,andthemem-
ory usedto storetheinformationmatrix increasesonly linearly.
Dueto theapproximationof theinformationmatrix andamor-
tizedmaprecovery, SEIFhasbiggererrorthanEKF asis shown
in Figure12. However thedecreasein computationandmem-
ory costscaneasilyoutweighthissmall increasein errors.

Figure 8: The testingenvironment: A 350 metersby 350 meters
patchin VictoriaPark in Sydney. (a)showsintegratedpath
from odometryreadings(b) shows thepathastheresultof
SEIF.
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Figure 9: Overlayof estimatedlandmarkpositionsandrobotpath.

5 DISCUSSION

This papersummarizeda new algorithm for the simulta-
neouslocalizationandmapping(SLAM) problem,which can
maintainglobally consistentmapswith constantupdatetime.
Our approachis basedon theobservation that in the informa-
tion form of traditionalKalman-�lter algorithms(EKF), most
elementsin the normalizedinformationmatrix arenearzero.
The sparseextendedinformation �lter , or SEIF, enforcesa
sparseinformation matrix, which can be updatedin constant
time. This paperalsoproposeda dataassociationmechanism
for SEIFsbasedon themaximumlikelihoodprinciple.

Sincethisalgorithmis approximate,wepresentedempirical
results,comparingSEIFsto the commonEKF solution. Our
resultsshow that SEIFsproduceresultscomparableto that of
EKFs,but at a muchimprovedcomputationaltime complexity
(constantinsteadof quadratictime). Theresultswereobtained
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Figure 10: Thecomparisonof averageCPUtime betweenSEIFand
EKF.
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Figure11: Thecomparisonof averagememoryusagebetweenSEIF
andEKF.

for a well-known referencedataset,recordedby researchersat
theUniversityof Sydney. Thus,with this paper, we �ll an im-
portantgap:while previousresultsregardingSEIFwerepurely
theoreticalin nature,theresultspresentedhereshedlight onthe
practicalsideof SEIFs.Basedon our �ndings, we believe that
SEIFsarescalableto muchlargermapsthantheEKF or related
hierarchicalsub-mappingapproaches.
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