in Proceeding®f ICRA-2003

Resultsfor Outdoor-SLAM Using SparseExtendedInformation Filters

YufengLiu andSebastiaThrun

Schoolof ComputerScience
Carngyie Mellon University
yufeng@cs.cmu.eduthrun@cs.cmu.edu

Abstract— In [13], a newalgorithm was proposedor 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 Iter solutionfrom which it is derived.

1 INTRODUCTION

This paperinvesticatesa scalablealgorithmfor the simulta-
neousmappingandlocalization(SLAM) problem,andevalu-
atedt in thecontext of outdoomavigation. TheSLAM problem
is the problemof acquiringa mapof anunknovn ervironment
with amoving robot,while simultaneouslyocalizingtherobot
relative to this map[2, 5]. The SLAM problemaddressesit-
uationswherethe robotlacksa global positioningsensorand
insteadhasto rely on a sensorof incrementalego-motionfor
robot position estimation(e.g.,odometry inertial navigation).
Suchsensoraccumulatesrrorsover time, makingthe problem
of acquiringanaccuratanapchallenging.The SLAM problem
hasattractedmmenseattentionin the pasta few years[4].

This paperaddressesomputationalissuesin performing
real-world SLAM. TheclassicalSLAM solution,basedon the
extendedKalman Iter (EKF) [8, 9, 12, 11], scalesquadrat-
ically with the numberof landmarksin the map. As a re-
sult, practicalimplementation®f this approacharelimited to
a few hundredlandmarksg[2]. This de ciency haslong been
recognizedand hasspurreda urry of researchon more ef-
cient SLAM algorithms. One thrust of researchinvolves
the developmentof hierarchicattechniqueswhich decompose
large mapsinto smaller computationallymore manageable
sub-map$1, 3, 6, 15]. Suchtechniquesremoreef cient than
thequadratidime EKF, but mostof themstill requirequadratic
time for maintainingglobal consisteng betweemmultiple sub-
maps. Additionally, the consisteng is dif cult to maintain
asthe vehiclecrossedoundariebetweendifferentsub-maps.
Onerecenttechniqueupdateghe estimatein constantime [6]
by restrictingall computatiorto the submagn which therobot
presentlyoperateslsingapproximatiortechniquedor transi-
tion betweensubmapsthis work demonstratethat consistent
errorboundscanbemaintainedvith aconstant-timelgorithm.
However, the methoddoesnot propagte informationto pre-
viously visited submapainlessthe robot subsequentlyevisits
theseregions. Hence this methodsuffers a slower rateof con-
vergencein comparisorto the O(N 2) full covariancesolution.

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

stanttime for updating.This approachs basedntheinforma-
tion formof theKalman Iter [7, 10], knovn asextendednfor-
mation lter (EIF). EIFsaremathematicallyidenticalto EKF,
yetthey represenimapestimatedy setsof pairwiseconstraints
betweenlandmarks. In practice,theseconstraintsare usually
sparse.Thisinsightled usto de ne the sparseextendednfor-
mation lIter , or SEIF SEIFscanbe updatedn constantime,
which is signi cantly fasterthanthe quadraticupdatetime of
EKFs. Meanwhileit maintainsaglobally consistenestimateof
the robot poseandthe map. However, the original paper[13]
only providedtheoreticaresultsanddid notanalyzehe perfor
manceof SEIFsusingreal-world data.lIt alsodid not provide a
methodfor handlingdataassociatiorproblemsthatcommonly
occurin real-world settings.

This paperdescribeSEIFs,our extensionto handledataas-
sociationproblems,and empiricalresults. BecauseSEIFsare
approximation®f EKFs,animportantquestions theaccurag
of thisapproximation.This paperpresent&xperimentaresults
thatcompareSEIFswith EKFsusingboth simulatedandreal-
world datasets.We nd thatempirically SEIFsarehighly ac-
curateapproximationso EKFs. Ourempiricalcomparisoruti-
lizesabenchmarldatasetrecordedvith anoutdoorvehicle[2].
Onthecomputationaend,we nd thatSEIFsaresigni cantly
moreef cient asis predictedandtheir ef ciency makesthem
scalablgo muchlargermapsthanEKFscanhandle.

2 SFARSEEXTENDED INFORMATION FILTERS

2.1 Introduction

The standardapproachfor solving feature-basedSLAM
problemss basedntheextendedKalman Iter (EKF)[11, 2].
Figure 1 shaws the resultof EKF mappingin an environment
with 50 landmarks.The normalizedcovarianceof the EKF is
the correlationmatrix, which is visualizedin Figurela. Each
of the two axeslists the robot pose(x-y locationandorienta-
tion) followed by the x-y-locationsof the 50 landmarks.Dark
entriesindicatestrongcorrelationslt is knowvn thatin thelimit
of SLAM, all x-coordinatesindall y-coordinatedecomdully
correlated?]. Thecheclerboardappearancef thecorrelation
matrix illustratesthis fact.

The key insight that motivatesour approachis shavn in
Figurelb Shawn thereis theinverse covariancematrix (also
known asinformationmatrix [7, 10]), normalizedjust like the
correlationmatrix. Elementsin this normalizedinformation
matrix canbe thoughtof asconstaints or links, betweenthe
locationsof differentlandmarks:The darker anentryis in the
display thestrongerthelink is. As this depictionsuggeststhe
normalizedinformation matrix appeardo be naturally sparse:
It is dominatedby a small numberof stronglinks between



Figure 1: Typical snapshobf EKFsappliedto the SLAM problem:
(a) a correlationmatrix (normalizedcovariance)and (b)
the normalizedinversecovariance or informationmatrix.
This plot illustratesthe basicinsightof SEIFs:Correlation
matricesaredensewhereasheir normalizedinversesare
naturallysparse.
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Figure 2: lllustration of the network of landmarksgeneratedy our
approach.Shavn on the left is a sparsenformationma-
trix, andon the right a mapin which entitiesare linked
whenthe correspondinglementsn the informationma-
trix arenon-zero.As arguedin the paper thefactthatnot
all landmarksareconnecteds a key structuralelementof
the SLAM problem,andat the heartof our constantime
solution.

geographicallynearbylandmarks and possessea large num-
ber of links whosevalues,when normalized,are near zero.
Furthermore link strengthsare relatedto distanceshetween
landmarks:Stronglinks arefound only betweergeometrically
nearbylandmarks. The more distanttwo landmarksare from

eachother thewealer theirlink is.

SEIFsexploit this structureby maintaininga sparseinfor-
mation matrix, in which only nearbylandmarksare linked
througha non-zercelement.Theresultingnetwork structureis
illustratedin theright panelof Figure2, wherediskscorrespond
to landmarksanddashedarcsto links, asspeci edin theinfor-
mationmatrix visualizedon the left. Shavn alsois the robot,
whichis linkedto asmallsubsebf landmarksonly. Thissubset
of landmarksare called active landmarksand drawn in black.
Storingasparsénformationmatrixrequiredinearspace More
importantly updatesanbe performedn constantime regard-
lessof thenumberof landmarksn themap. Theresulting Iter
is asparseextendednformation Iter , or SEIE

2.2 InformationState

Let x; denotethe poseof therobotattimet, andy, with
1 n N thelocationof then-th landmark,with N being
the total numberof landmarksin the ervironment(a quantity
thatis estimatedduring mapping). The robot posex; andthe
setof all landmarklocationsY togetherconstitutethe stateof
theervironment:

(X Y1 yn ) (1)

As is commonin SLAM literature, SEIFspresenthe posterior
by a multi-variateGaussiarover the state ;. Sucha Gaussian
canberepresentetly amean ; andacovariance ¢, orequally
by the so-calledhatural parametes of theKalman lter:

t =

T 1

h = tot
Ht: tl

)
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The EKF representationsingtheinformationvectorb, andthe
informationmatrix H; is known astheinformationform of the
EKF, or extendedinformation Iter (EIF). The mean ; and
covariance ; areeasilyrecoreredfrom theinformationform:

He * (4)
Y (5)

The informationmatrix H; wasalreadydiscussedbore, and
an examplewasshavn in Figure 1b. SparseElFs, or SEIFs,
are EIFs whoseinformation matrix H; is sparse. Put differ-

ently, eachrow andeachcolumnin H; containsonly alimited

numberof non-zercelementsandthelimit doesnotdependn

the sizeof the matrix N . Sparsenesis achiered by anupdate
rule thatoccasionallyremoveslinks from the posteriorsoasto

maintainsparsenesssdescribedurtherbelow.

t =

t

2.3 MeasuementUpdates

Oneof thekey updatestepsin SLAM involvestheincorpo-
ration of a measurementa landmarksighting). The measure-
mentattimet is denotedz;. In [13], it is assumedheindex of
thislandmarkcanbesensedvithouterror—aclassicahssump-
tion known in SLAM as“known dataassociatiori, necessary
for maintainingGaussiarestimatesFor now, let usadoptthis
assumption;further belon, we will discussour approachfor
estimatinghelandmarkidentity duringthe estimatiorprocess.

Figure3illustratesthe effect of measurementsn theinfor-
mationmatrix H;. Supposehe robot sensedandmarky;, as
illustratedin Figure3a. This obsenation links the robot pose
Xt to thelocationof y;. The strengthof the link is given by
thelevel of noisein the measurementJpdatingElFsbasedn
this measuremeribvolvesthemanipulatiorof the off-diagonal
elementH,, .,, andits symmetriccounterpartdy, .., thatlink
togetherx; andy;. Additionally, thediagonalelementd, .y,
andHy, .y, arealsoupdated.Theseupdatesareadditive: Each
obsenation of alandmarky increaseshe strengthof thetotal
link betweertherobotposeandthis verylandmark thustheto-
tal informationin the Iter. Figure3b shavs theincorporation
of a secondmeasuremendf a differentlandmark,y,. In re-
sponseo this measurementhe EIF updateghelinks Hy, .y, ,
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Figure 3: Theeffect of measuremenisn theinformationmatrix and
theassociatetetwork of landmarks:(a) Observingy; re-
sultsin a modi®cationof the information matrix element
Hx .. (b) Similarly, observingy. affectsHy,.,,. Both
updatesanbecarriedoutin constantime.

Hy,:x.» Hxix.» @ndHy, .y, ). As this examplesuggestsmea-
surementsntroducelinks only betweenthe robotposex; and
obsened landmarks. Measurementsiever generatdinks be-
tweenpairsof landmarkspr betweertherobotandunobsered
landmarks.

Incorporatingmeasurementsto theinformation lters nat-
urally requiresconstantime. The canonicalupdaterule is the
following:

Hq He+ Gz c] (6)
b h+(z h()+Cl 'z 'cf (7)
Here h is the measurementunction that mapsstate ; into
measuremert;. The measurememoiseis Gaussiarwith co-

varianceZ . Finally, the matrix C; is the gradientof the mea-
suremenfunction h with respecto the statevector , takenat

Ct = r h(y) (8)

In generallter applicationssuchanupdatemayrequiremore
thanconstantime. In SLAM, however, eachmeasuremerih-
volves only a single landmark(or a limited numberof land-
marks,regardlessof N ). For thisreason(C; is zeroexceptfor
a limited numberof elements.With sucha sparsematrix C¢,
constantime updatesanbeimplemented.

2.4 MotionUpdates

Figure 4aillustratesan information matrix andthe associ-
atednetwork beforethe robot moves. The robot is linked to
two (previously obsered)landmarksIf robotmotionwasfree
of noise,thislink structurewould not be affectedby robotmo-
tion. However, the noisein robot actuationwealensthe link
betweertherobotandall actve landmarks.HenceH,, .y, and
Hy, .y, aredecreasetly certainamountsThisdecreasee ects
thefactthatthe noisein robotmotioncauses lossof informa-
tion aboutthe relative positionsof the landmarkswith respect
to therobot. Not all of thisinformationis lost, however. Some
of it is shiftedinto between-landmarknk Hy, .y, , asillustrated
in Figure4h. Thisre ects thefactthateventhoughthe motion
inducesa lossof informationof the robot relative to the land-
marks, no informationis lost betweenindividual landmarks.
Robotmotion,thus,hasthe effect thatlandmarkgshatwerein-
directly linkedthroughtherobotposebecomdinkeddirectly.

Motion updatesn theinformationform of theKalman Iter
areusuallynotachievablein constantime. However, asproven
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Figure 4: The effect of motion on the information matrix and the
associatedhetwork of landmarks:(a) beforemotion, and
(b) after motion. If motion is non-deterministicmotion
updatesintroducenew links (or reinforce existing links)
betweenary two active landmarkswhile wealeningthe
links betweenthe robot and thoselandmarks. This step
introducedinks betweerpairsof landmarks.

in [13], the updatecan be performedin constanttime if the
informationmatrix H; is sparse.The equationdor the general
caseareasfollows:

I Sc(l + [STAS] Y 1s]

Htol = tTHt 1t

Hi = HY S[U '+ SPHY 1S 'SgHY . (9)
He = H?, H

b = b1 {4 H+H®, H )+ "TH

HereS; isthecanonicaprojectionmatrix from thefull state
to therobotposecoordinates Theseequationsare mathemati-
cally exact (not just approximationspndconstantime. How-
ever, they maycauseviolationsto the sparsenessonstraintdy
addingnew links (non-zeroelements)n the informationma-
trix H¢. Theremoval of somelinks is akey approximatiorstep
in SEIFs,which enableghemto maintainsparseinformation
matrices.

2.5 Spasi cation

SEIF's sparsi cation techniqueis illustrated in Figure 5.
Shavn therearethe situationsbeforeand after sparsi cation.
Theremoval of alink in the network correspondso settingan
elementin the information matrix to zero. However, this re-
quiresthe manipulationof somelinks betweenthe robot and
otheractive landmarks. The resultingnetwork is only an ap-
proximationto the original one,andits quality depend®n the
strengthof thelink beforeits removal.

Hto = SX:Y*:YOS;(F;Y*:YOHtSX:Y*JYOS;(r:Y*;YO

QO = hSﬂY*;YOS)—(r;Y*;YO

LY = [Sc(SyH(Sx) !S] + Syo(SyoHSyo) S7,
Sey 0(Sty oHtSxy 0) 'Sfy o]HY (10)

He = Hy HX?

B = b BLYSyeSgo+ ({Hi B)Scy+Spy-

To implementtheseequationsijt is necessaryo subdvide the
setof landmarkdnto threesubsetsthe setof active landmarks
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Figure 5: Sparsi®cation:A landmarkis deactvatedby eliminating
its link to the robot. To compensatéor this changein in-
formationstate Jlinks betweeractive landmarksand/orthe
robot are also updated. The entire operationcan be per
formedin constantime.

Y* thatcontaina non-zerdlink to the robot posein theinfor-
mationmatrixH; thesetof passielandmarksy ; and nally
thesetof landmarksy © thatareactive beforethesparsi cation
step,but passve afterwards. Our sparsi cationequationhave
the effect of remaving links betweeny © andtherobotpose—
astepnecessarif thenumberof landmarkdinkedto therobot
exceedsa given sparsitythreshold. By doing so, the number
of between-landmarlnks alsoremaindimited. Consequently
thesparsi cationstepensureshesparsenessf theinformation
matrix H; in SEIFs.We notethatthis stepis approximateThe
questionasto whetherthis approximationaffects SEIF's per
formancein practicehasnot beenaddressegreviously. The
sparsi cationmay causeSEIFsto be over-con dent on land-
mark positions.Empirically, this over-con denceis mostlyon
the absolutegpositionsof thelandmarkgatherthanon their rel-
ative positions.Empirically, the approximationvorkswell for
our experimentson recovering relative maps.

2.6 AmortizedViap Recwery

Finally, SEIFsoffer analgorithmthatalsorequiresconstant
time for recovering the means  from the informationform.
The recovery of the meansmight be interestingif one would
like to visualizethe map: The informationform containsthe
maponly implicitly, andtheobviousrecoveryvia Equationg4)
and(5) would requirecubictime. More importantly themeans
of therobotposeandactive landmarks'locationsarerequired
in severalof theabove updatesteps(8), (9) and(10). SEIFsuse
anamortizediterative method similar to the Jacobimethodor
theslightly differentGauss-Seidehethod to graduallyrecover

t. Onesufcient conditionfor thiskind of methodto corverge
is the positive de nite conditionwhichtheH; matrix satis es.

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

blocksH, = % %2
(1

)b = (b bp). Block Hii shouldinclude the com-
ponentsof H; thatcorrespondo robotpose active landmarks'
positionsand possibly a constantnumberof other elements,
suchasthelocationsof thoselandmarkdinkedto active land-
marks.Torecoser  in onestep,oneneeddo solve two equa-
tions

and accordinglyhave =

Hit 1+ Hp 2= by

Hait 1+ Hx 2= b (11)
Following theideaof iterative methodamentionedabove, only
partof ¢,i.e. ;isupdateddy ;= Hlll(b_L Hi, 2)inone

step. SincematricesH 1; andH 1, have only alimited number
of nonzeroelementsanupdateshallbe carriedoutin constant
time. Iterationsare performedwhenaer component®f ; are
needed.If somecomponent®f ; arechangedy signi cant
amountsfor example,whenaloop is beingclosed extra steps
may be taken to updatethosecomponentsogetherwith land-
markslinked directly with them. Further suchextra stepscan
be bufferedto work out whenthe computeris idling, thusthe
computingpower is betterutilized. As the robot exploresthe
ervironment,active landmarkschange so all the components
of  getchancedo be updated. This amortizedmap recov-
ery introducesadditionalerrorto the system.However experi-
mentsshaw thattheerroris insigni cant whencomparedo the
adwantage®f SEIFin otheraspects.

3 DATA ASSOCIATION

3.1 Recwering Data AssociatiorProbabilities

Finally, practicaldomainsarecharacterizedy dataassoci-
ation problems Dataassociatiorproblemsarisewhenindivid-
uallandmarksn theervironmentcannotbeidenti ed uniquely
basedon sensormeasurementalone. The dataassociation
problemis penasie in real-world SLAM problems. How-
ever, theoriginal publication[13] did notaddresshisimportant
problem.

Our mechanisnfor handlingthe dataassociatiorproblem
usesa maximumlik elihood estimatoy togetherwith a thresh-
olded 2 test. In particular our approactselectshe landmark
that bestexplainsa measurementlf we write n; asthe land-
markindex of thelandmarkseenattime t, the maximumlik e-
lihood estimatordetermines

N, argmaxp(n¢jz'; u')
n

argmaxp(n¢jz) F( gzt Ut? (12)
N -

pA—

Hy by

wherez! = zy;:::5z andut = ug; i ue. If the expression
insidetheargmaxis smallerthanathreshold , thatis, noneof

thelandmarksn themapexplainsthemeasurementith amin-

imumrequiredprobability thelandmarkis considerechew and
the lter is grown accordingly By usingthis 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(njzt; ut) is easysinceit is straightforvardto extract
the meanand the covarianceof a landmarkpositiontogether
with therobotposefrom the full stateestimate.Themeanand
the covariancede ne a probability densityp(x; ynjzt *;ut)

which arethenusedto calculatethe probability p(n¢jzt; ut).

In SEIFs,thesituationis morecomplicatedRecweringthe
covarianceof a landmarklocation and the robot posein the
naive way would requireinverting a large matrix, which is a
O(N ®) operation. However, we can once again exploit the
sparsenesef the information matrix to obtaina high delity
approximatiorof the necessargovariances.



Figure 6: The combinedMarkov blanket of landmarky, androbot
Xt is suf®cient for approximatingthe posterior proba-
bility of the landmarklocations, conditioning away all
other landmarks. This insight leadsto a constanttime
methodfor recovering the approximateprobability distri-
bution p(xt;ynjzt ;ut).

Supposeave would lik e to calculatethe probability distribu-
tion of the n-th landmarky, andtherobotposex;. Theidea
is to do so by conditioningon all statevariablesoutsidethe
Markov blanketsof thesevariables.The Markov blanket of the
robot posex; is simply the setof all active landmarks.Like-
wise,the Markov blanket of landmarky, is the setof all land-
marks(andpossiblythe robot pose)directly connectedo this
landmarkin the SEIFE Figure6 illustratesthe situation. Shavn
thereis a landmark,a robot pose,the Markov blanket of the
landmark(the squaresandthe setof all active landmarks(in
black). All othervariablesare not consideredduring this op-
eration,sincethey do not asserta directin uence on therobot
poseor landmarkin question.

Mathematicallywe do the following approximationwhere
Y, is thecombinedMarkov blanlet:

|0(><t:y%izt L

= P(Xe;YnjYy Yy 52t hiut)

p(Yy Y, 528 Huh) p(Y, jz¢ Huhdy,y dy,

Z
POXYniYn i Ye = qi2t U
p(YTjY, = ,;z' Luhdy,S (13)
Here
Y, = Ynfx;;yngnY, (14)

is thesetof all statevariablesnotincludedin the Markov blan-
ketY,", andalsoexcludingy, andx;; , arethemeansorre-
spondingto Y,, . This approximatiorignoresa residualuncer
tainty in remotestatevariables However, we foundthatempir
ically it approximateshe true posteriorprobability neededor
dataassociatiorwith double-digitaccurag in our real world
test.

Apartfrom themathematicaleasoningtheoperatiorin ma-
trix form is simple. The distribution p(x;;ynjz! *;ut) is ap-
proximatedby a Gaussiarwith covariance

_ T T 1
tn = Sqy, (SXI;Yn;Yn+HtSXt;yn;Yn+) Sxeiyn

(15)

This calculationis constanttime, sinceit involves a matrix
whosesizeis independentf N .

tn = tSXx:yn

3.2 Map Management

Our exact mechanismfor building up the map is closely
relatedto standardproceduresn the SLAM community [2].
Dueto erroneoudandmarkdetectionscausedor exampleby
moving objectsor measurememoise,additionalcarehasto be
takento Iter outthoseinterferingmeasurementd-or ary de-
tectedobjectthat cannot be explainedby existing landmarks,
a new landmarkcandidates generatedut not put into SEIF
directly. Insteadt is addednto awaiting list with aweightrep-
resentingts probability of beinga usefullandmark.In the next
measuremenstep, the newly arrived candidatesare checled
againstall candidatesn the waiting list; reasonablenatches
increasethe weight of correspondingandidates.Candidates
thatarenot matchedoseweightbecausehey aremorelikely
to bea moving object. Whena candidatehasits weightabove
acertainthresholdjt joins the SEIFnetwork of landmarks.

We notice that dataassociationviolatesthe constanttime
propertyof SEIFs.Thisis becausavhencalculatingdataasso-
ciations,multiple landmarkshave to betested.If we canensure
thatall plausiblelandmarksarealreadyconnectedn the SEIF
by a shortpathto the setof active landmarksjt would be fea-
sibleto performdataassociatiorin constantime. In this way,
the SEIF structurenaturally facilitatesthe searchof the most
likely landmarkgivena measurementiowever, thisis notthe
casewhenclosinga cycle for the rst time, in which casethe
correctassociatiomrmight be far away in the SEIF adjacenyg
graph. Using kd-trees,it appeardo be feasibleto implement
dataassociatiorin logarithmictime by recursvely partitioning
the spaceof all landmarklocationsusingatree.

Finally, we notice that anotherimportantoperationcanbe
donein constantimein SEIF:themegeof identicallandmarks
previously mistreatedastwo or moreuniqueones.lt is simply
accomplishedby addingcorresponding/aluesin the H; ma-
trix andby vector This operationis necessaryhencollapsing
multiple landmarksinto oneuponthe arrival of further sensor
evidence.

4 EXPERIMENTAL RESULTS

The purposeof our comparisorwasto evaluatethe perfor
manceof SEIFsagainstthat of the “gold standard, which is
EKF from which SEIFsarederived. The vehicleandits ervi-
ronmentareshovn in Figures7 and8. Thevehicleis equipped
with a SICK laserrange nder, anda unit for measuringsteer
ing angleandforwardvelocity. Thelaseris usedto detectirees
in the park, but it alsopicks up hundredof spuriousfeatures
suchascornersof moving carson a nearbyhighway. The raw
odometryof the vehicleis extremelypoor, resultingin several
hundredmetersof error whenusedfor pathintegrationalong
the vehicle’s 3.5km path, seeFigure 8(a). The datausedfor
our experimentswas previously usedas a benchmarkin sev-
eral publications(see[2]). In our experimenton this real-
world data, SEIF correctly recovers the robot path shavn in



Figure 7: The vehicle usedin our experimentsis equippedwith a
2D laserrange®nderanda differential GPSsystem.The
vehicle's ego-motionis measuredy a linearvariabledif-
ferentialtransformersensorfor the steering,anda wheel-
mountedvelocity encoderIn the backgroundthe Victoria
Park testervironmentcanbe seen.

Figure8(b). Comparingwith EKF, SEIFrunstwice asfastand
consumesessthana quarterof the memoryEKF uses.SEIF's
landmarkposition estimationsdiffer from thoseof EKF's by
0.5meterin termsof root meansquaredistance.

In additionto thereal-world data,we alsousedarobotsimu-
lator. Thesimulatorhastheadwantagethatwe know theground
truth (which is unknown for thereal-world datasets),andthat
it facilitatesexperimentson scalingour approacho different
environmentsizes.In our simulationswe focusedparticularly
ontheloop closingproblem,whichis generallyacknavledged
to be one of the hardestproblemsin SLAM. Whenclosinga
loop, usuallymary landmarkiocationsareaffectedtestingour
amortizedmaprecorery mechanisnunderthe hardespossible
circumstances.

The robot simulatoris setup sothatunit areahas50 land-
markson average.The landmarksarerandomlydistributedin
a squaredregion with a minimum distanceof 0.05 between
landmarks As the numberof landmarksncreasessodoesthe
area.Thenoiseof robotmotionandmeasurementreall mod-
eledby zeromeanGaussiamoise.Speci cally, thevarianceis
10 # for forward velocity, 10 2 for rotationalvelocity, 0.002
for rangedetectionand 0.003for bearingsmeasurementsin
eachiterationof the simulation,the robottakesone move and
onemeasurementFor k numberof landmarks 20k iterations
areperformed.This roughly makesthe averagenumberof vis-
its to eachlandmarkthe samefor the simulationsof different
numberof landmarks. Maximum sensorrangeis setto 0.2,
which translatedo 6 landmarkdetectionson averagefor one
measuremergtep. The maximumnumberof active landmarks
is chosento be 10. Figure10 and 11 clearly shaw that SEIF
beatsEKF in termsof computatiorandmemoryusage.In the
caseof EKF, the usageof both computationand memaoryin-
creasesgjuadraticallywith respecto the numberof landmarks,
whereador SEIF CPU time periterationcomesto a constant
whenthenumberof landmarkgyoesbeyond300,andthemem-
ory usedto storetheinformationmatrixincreasesnly linearly.
Dueto the approximatiorof the informationmatrix andamor
tizedmaprecovery, SEIFhasbiggererrorthanEKF asis shovn
in Figure12. However the decreasén computatiorandmem-
ory costscaneasilyoutweighthis smallincreasen errors.

(a)

(b)

Figure 8: The testingenvironment: A 350 metersby 350 meters
patchin Victoria Parkin Sydng. (a) shavsintegratedpath
from odometryreadinggb) shavs the pathastheresultof
SEIE
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Figure 9: Overlayof estimatedandmarkpositionsandrobotpath.

5 DISCUSSION

This papersummarizeda new algorithm for the simulta-
neouslocalizationand mapping(SLAM) problem,which can
maintainglobally consistenimapswith constantupdatetime.
Our approachis basedon the obserationthatin the informa-
tion form of traditional Kalman- Iter algorithms(EKF), most
elementsn the normalizedinformation matrix are nearzero.
The sparseextendedinformation Iter, or SEIF, enforcesa
sparseinformation matrix, which can be updatedin constant
time. This paperalsoproposeda dataassociatiormechanism
for SEIFsbasedn the maximumlik elihoodprinciple.

Sincethis algorithmis approximatewe presente@mpirical
results,comparingSEIFsto the commonEKF solution. Our
resultsshov that SEIFsproduceresultscomparableo that of
EKFs, but ata muchimproved computationatime compleity
(constaninsteadof quadratidime). Theresultswereobtained
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Figure 11: Thecomparisorof averagememoryusagebetweerSEIF
andEKF.

for awell-known referencalataset,recordecby researcherat
the University of Sydneg. Thus,with this paperwe Il anim-

portantgap: while previousresultsregardingSEIFwerepurely
theoreticain nature theresultspresentedhereshedight onthe
practicalsideof SEIFs.Basedon our ndings, we believe that
SElFsarescalabldo muchlargermapsthanthe EKF or related
hierarchicakub-mappingpproaches.
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