Resultsfor Outdoor-SLAM Using SparseExtendedInformation Filters

YufengLiu andSebastiaThrun

Schoolof ComputerScience
Carngjie Mellon University
Pittsturgh, PA 15213
yufeng@cs.cmu.eduthrun@cs.cmu.edu

Abstract

In [13], a new algorithmwasproposedor ef ciently solving
the simultaneoudocalizationandmapping(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 Iter solution
from whichit is derived.

1 Intr oduction

This paperinvestigatesa scalablealgorithmfor the simultane-
ousmappingandlocalization(SLAM) problem,andevaluates
it in thecontet of outdoornavigation. The SLAM problemis
the problemof acquiringa map of an unknovn ervironment
with amoving robot,while simultaneouslyocalizingtherobot
relative to thismap([2, 5]. The SLAM problemaddressesit-
uationswheretherobotlacksa globalpositioningsensaorand
insteadhasto rely on a sensomf incrementakgo-motionfor
robotpositionestimation(e.g.,odometry inertial navigation).
Suchsensoraccumulaterrorsovertime, makingtheproblem
of acquiringan accuratemap challenging. The SLAM prob-
lemhasattractedmmenseattentionin the pastafew yearg4].

This paperaddressesomputationalssuesn performingreal-
world SLAM. TheclassicalSLAM solution,basedon the ex-

tendedKalman Iter (EKF)[8, 9, 12, 11], scaleqquadratically
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 researcton moreef cient

SLAM algorithms. One thrust of researchinvolves the de-
velopmenif hierarchicakechniqueswhich decomposdarge
mapsinto smaller computationallymore manageablesub-
map9g[1, 3, 6,15. Suchtechniguesremoreefcient thanthe
guadratictime EKF, but mostof themstill requirequadratic
timefor maintainingglobalconsisteng betweermultiple sub-
maps.Additionally, the consisteng is dif cult to maintainas
thevehiclecrossedoundariebetweerdifferentsub-maps.

In this paperwefollow adifferentapproachln arecentwork-
shoppapen13], we proposeda SLAM algorithmthatrequires
constanttime for updating,yet still maintainsglobal consis-

teng. This approachs basedon the informationform of the
Kalman lter [7, 10], known as extendedinformation lter
(EIF). EIFsaremathematicallydenticalto EKF, yetthey rep-
resentmap estimatedy setsof pairwiseconstraintdetween
landmarks. In practice,theseconstraintsare usually sparse.
This insightled usto de ne the spaise extendednformation
Iter , or SEIF SEIFscanbe updatedn constantime, which
is signi cantly fasterthanthe quadraticupdatetime of EKFs.
Meanwhileit maintainsa globally consistenestimateof the
robotposeandthemap.However, theoriginal paper13] only
provided theoreticalresultsand did not analyzethe perfor
manceof SEIFsusingreal-world data.lIt alsodid notprovidea
methodfor handlingdataassociatioproblemshatcommonly
occurin real-world settings.

This paperdescribeSEIFs,ourextensionto handledataasso-
ciationproblemsandempiricalresults.Becaus&EIFsareap-
proximationsof EKFs, animportantquestionis the accurag

of this approximation.This paperpresentsrst experimental
resultsthat compareSEIFswith EKFs usingboth simulated
andreal-world datasets.We nd thatempirically SEIFsare
highly accurateapproximationgo EKFs. Our empiricalcom-
parisonutilizesabenchmarldatasetrecordedwvith anoutdoor
vehicle[2]. Onthecomputationaénd,we nd thatSEIFsare
signi cantly moreef cient asis predictedandtheiref ciency

malesthemscalableio muchlargermapsthanEKFscanhan-
dle.

2 SparseExtendedInformation Filters

2.1 Preliminaries

Let us begin the dispositionby highlighting the intuition be-
hind ourapproachThestandardapproacHor solvingfeature-
basedSLAM problemds basedn theextendedKalman lter
(EKF) [11, 2]. Figurel shaws theresultof EKF mappingin
an ervironmentwith 50 landmarks. The normalizedcovari-
anceof the EKF is the correlationmatrix, which is visualized
in Figure 1la. Eachof the two axeslists the robot pose(x-y
locationandorientation)followed by the x-y-locationsof the
50 landmarks.Dark entriesindicatestrongcorrelations.It is
known thatin the limit of SLAM, all x-coordinatesand all
y-coordinatedecomefully correlated2]. Thecheclerboard
appearancef the correlationmatrix illustratesthis fact.
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Figure 1: Typical snapshobf EKFsappliedto the SLAM problem:
(a) a correlationmatrix (normalizedcovariance)and (b)
thenormalizednversecovariance pr informationmatrix.
This plot illustratesthe basicinsight of SEIFs: Correla-
tion matricesaredensewhereagheirnormalizednverses
arenaturallysparse.

Thekey insightthat motivatesour approachs shavn in Fig-

ure 1b. Shawn thereis the inverse covariancematrix (also
known asinformationmatrix[7, 10]), normalizedustlike the
correlationmatrix. Elementsin this normalizedinformation
matrix canbe thoughtof asconstarints or links, betweerthe
locationsof differentlandmarks:Thedarker anentryis in the
display thestrongetthelink is. As thisdepictionsuggeststhe
normalizednformationmatrix appeardo be naturallysparse:
It is dominatedby a small numberof stronglinks between
geographicallynearbylandmarksandpossesseslarge num-
ber of links whosevalues,when normalized,are nearzero.
Furthermorelink strengthsarerelatedto distancesetween
landmarksStronglinks arefoundonly betweergeometrically
nearbylandmarks.The moredistanttwo landmarksarefrom

eachother thewealer theirlink is.

SEIFs exploit this structureby maintaininga spaise infor-
mation matrix, in which only nearbylandmarksare linked
througha non-zeroelement. The resultingnetwork structure
is illustratedin the right panelof Figure 2, wheredisks cor
respondto landmarksand dashedarcsto links, as speci ed
in the informationmatrix visualizedon the left. Shavn also
is the robot, which is linked to a small subsetof landmarks
only. Thissubsebf landmarksarecalledactive landmarksand
drawn in black. Storinga sparseanformationmatrix requires
linear space.More importantly updatescanbe performedin
constanttime regardlessof the numberof landmarksin the
map. Theresulting Iter is a sparseextendednformation I-
ter, or SEIF

2.2 Information State

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

¢ = Xt Y1 il YN 1)

robot features
active passive

link

normalized information matrix

Figure 2: lllustrationof the network of landmarksgeneratedy our
approach.Shavn on theleft is a sparsanformationma-
trix, andon the right a mapin which entitiesarelinked
whenthe correspondinglementsn the informationma-
trix arenon-zero As arguedin the paperthefactthatnot
all landmarksareconnecteds a key structuralelemeniof
the SLAM problem,andat the heartof our constantime
solution.

Asiscommonin SLAM literature SEIFspresentheposterior
by a multi-variate Gaussiarover the state ;. Sucha Gaus-
sian can be representedby a mean ; anda covariance ¢,

or equallyby the so-callednatural parametes of the Kalman
Iter:

b = tT t1 )
Hy = tl 3)

The EKF representatiomusing the information vector b, and
the informationmatrix H; is known asthe informationform
of the EKF, or extendednformation Iter (EIF). Themean
andcovariance ; areeasilyrecoveredfrom the information
form:

t = Htl 4)
¢ o= (5)

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

ently, eachrow andeachcolumnin H; containsonly alimited

numberof non-zeroelementsandthe limit doesnot depend
onthesizeof thematrix N . Sparsenesis achiezed by anup-

daterule thatoccasionallyremaoveslinks from the posteriorso

asto maintainsparsenesssdescribedurtherbelow.

2.3 MeasurementUpdates

Oneof thekey updatestepsin SLAM involvestheincorpora-
tion of a measurementa landmarksighting). The measure-
mentattimet is denotedz;. In [13], it is assumedheindex

of this landmarkcanbe sensedvithout error—a classicalas-

sumptionknown in SLAM as“known dataassociatiori,nec-

essaryfor maintainingGaussiarestimates. For now, let us

adoptthis assumptionfurther below, we will discussour ap-

proachfor estimatinghelandmarkidentity duringtheestima-
tion process.

Figure 3 illustratesthe effect of measurementen the infor-
mation matrix Hy. Supposethe robot sensedandmarkys,
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Figure 3: The effect of measurementsn the information matrix
andthe associatedhetwork of landmarks:(a) Observing
y1 resultsin amodi®cationof theinformationmatrix ele-
mentHy, y, . (b) Similarly, observingy, affectsHy, .y, .
Both updatescanbe carriedoutin constantime.

asillustratedin Figure 3a. This obsenation links the robot
posex; to the location of y;. The strengthof the link is
given by the level of noisein the measurement.Updating
ElFsbasedon this measuremeritivolvesthe manipulationof
theoff-diagonalelement,, .y, andits symmetriccounterpart
Hy,.x, thatlink togetherx; andy;. Additionally, the diago-
nal elementsH,, x, andHy,.,, arealsoupdated. Theseup-
datesareadditive: Eachobsenationof alandmarky increases
the strengthof thetotal link betweenthe robot poseandthis
very landmark,thus the total informationin the Iter. Fig-
ure 3b shaws the incorporationof a secondmeasuremendf
a differentlandmark,y,. In responseo this measurement,
the EIF updateshelinks Hy, .y, , Hy, x,» Hx,x,» andHy,.y, ).
As this examplesuggestsmeasurementsitroducelinks only
betweertherobotposex; andobsenedlandmarks Measure-
mentsnever generatdinks betweerpairsof landmarkspr be-
tweentherobotandunobseredlandmarks.

Incorporatingmeasurementsto the information Iters natu-
rally requiresconstantime. The canonicalupdaterule is the
following:

Hq
b

Here h is the measurementunction that mapsstate ; into
measuremerd;. Themeasuremenmtoiseis Gaussiamwith co-
varianceZ . Finally, the matrix C; is the gradientof the mea-
surementunctionh with respecto thestatevector , takenat

Hi+ Cz i/ (6)
h+(z h()+Cl 'z 'c (7)

= ¢!

Ci = r h(y) 8
In generallter applicationssuchanupdatemayrequiremore
thanconstantime. In SLAM, however, eachmeasuremerih-
volvesonly a singlelandmark(or a limited numberof land-
marks,regardlessof N ). For thisreasonC; is zeroexceptfor
a limited numberof elements.With sucha sparsematrix C;,
constantime updatesanbeimplemented.

2.4 Motion Updates
Figuredaillustratesaninformationmatrix andthe associated
network beforethe robot moves. The robotis linked to two
(previously obsered) landmarks. If robot motion was free
of noise, this link structurewould not be affected by robot

(a) (b)

Figure 4: The effect of motion on the information matrix andthe
associateahetwork of landmarks:(a) beforemotion,and
(b) after motion. If motionis non-deterministicmotion
updatesntroducenew links (or reinforceexisting links)
betweenary two active landmarkswhile wealeningthe
links betweenthe robot and thoselandmarks. This step
introducedinks betweerpairsof landmarks.

motion. However, the noisein robot actuationwealensthe
link betweertherobotandall active landmarksHenceH y, .y,
andH,, .y, 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 shiftedinto between-landmarkink
Hy..y,, asillustratedin Figure4h. This re ects the factthat
even thoughthe motion inducesa loss of information of the
robotrelative to thelandmarksnoinformationis lostbetween
individual landmarks.Robotmotion, thus, hasthe effect that
landmarksthat wereindirectly linked throughthe robot pose
becomdinkeddirectly.

Motion updatesin the information form of the Kalman I-
ter areusually not achiezablein constantiime. However, as
provenin [13], the updatecanbe performedin constantime
if theinformationmatrix H; is sparse.The equationgor the
generakaseareasfollows:

I Sc(l + [STAS] Y s]

HYy = {Hia o
Hi = HE  SeU '+ STHY 1S 'STHY
He = H2, Hq
h = b1 { i H+HZ; H )+ "[H
()]

Here S, is the canonicalprojectionmatrix from the full state
to the robot posecoordinates. Theseequationsare mathe-
matically exact (not just approximations).They may appear
guitecomplicatedbut they sureareconstantime updaterules.
However, they may causeviolations to the sparsenesson-
straintsby addingnew links (non-zeroelementsjn theinfor-

mationmatrixH. Theremoval of somelinks is akey approx-
imation stepin SEIFs,which enableghemto maintainsparse
informationmatrices.

2.5 Sparsi cation

SEIF's sparsi cation techniqueis illustrated in Figure 5.
Shavn therearethe situationsbeforeandafter sparsi cation.
The removal of alink in the network correspondgo setting
an elementin the information matrix to zero. However, this
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Figure 5: Sparsi®cationA landmarkis deactvatedby eliminating
its link to the robot. To compensatdor this changein
informationstate links betweeractive landmarksand/or
the robot are also updated. The entire operationcan be
performedn constantime.

requireghemanipulatiorof somelinks betweertherobotand
otheractive landmarks.The resultingnetwork is only an ap-
proximationto the original one,andits quality depend®nthe
strengthof thelink beforeits removal.

Hto = Sx;Y";YOS)-(r;Y+;Y0Hth;Y*;YOS)-(r;Y+;Y0
B = QSX;Y*;YOS;(F;Y";YO
L? = [SX(SIHISX) lS;(r + SYO(S}-oHtSYO) ls;(ro

Sy O(S;(r;y oHtSyy o) 1S>-<|-;Y O]Hto
Hy = H; HtOL'?
n o lifL?SyoS;l(—o +( ;I-Frt

B)Sx.y + Spy -
(10)

To implementtheseequationsit is necessaryo subdvide the
set of landmarksinto three subsets:the set of active land-
marksY* that containa non-zerolink to the robot posein
theinformationmatrix H¢; the setof passve landmarksY ;
and nally the setof landmarksy © thatareactive beforethe
sparsi cationstep,but passie afterwards. Our sparsi cation
equationshave the effect of removing links betweeny © and
the robot pose— a step necessanif the numberof land-
markslinked to the robot exceedsa given sparsitythreshold.
By doing so, the numberof between-landmarknks alsore-
mainslimited. Consequentlythe sparsi cationstepensures
thesparsenessf theinformationmatrixH; in SEIFs.We note
thatthis stepis approximate.The questionasto whetherthis
approximatioraffects SEIF's performancen practicehasnot
beenaddressegreviously.

2.6 Amortized Map Recovery

Finally, SEIFsoffer an algorithmthat also requiresconstant
time for recoveringthe means ; from the informationform.

The recovery of the meanamight be interestingif onewould

like to visualize the map: The information form contains
the maponly implicitly, andthe obvious recorery via Equa-
tions (4) and (5) would require cubic time. More impor

tantly, the meansof the robot pose and active landmarks'

locationsare requiredin several of the abose updatesteps,
(8), (9) and (10). SEIFsusean amortizediterative method,
similar to the Jacobimethodor the slightly different Gauss-
Seidelmethod,to graduallyrecoser . Onesufcient con-
dition for this kind of methodto corverge s the positive def-
inite conditionwhich the H; matrix satis es. The fact that
H: is diagonally dominantalso makes thesemethodscon-
verge fast. To describethe algorithmin detail, let us write
A B
BT C

t = (a c)ibh = (ba bg). Block A shouldincludethe
component®f H; thatcorrespondo robotpose,active land-
marks' positionsandpossiblya constannhumberof otherele-
ments,suchasthe locationsof thoselandmarkdinkedto ac-
tive landmarks.To recover ; in onestep,oneneedgo solve
two equations

H; in four blocksH; = andaccordinglyhave

Aar+B c=b
BT Aa+C c=h
(11)

Following theideaof iterative methodsmentionedabove, only
partof ,i.e. A isupdatedoy o = A (bn B ¢)in
onestep.SincematricesA andB have only alimited number
of nonzercelementsanupdateshallbe carriedoutin constant
time. Iterationsareperformedvhen&ercomponentef  are
inquired. If somecomponent®f A arechangedy signi -
cantamountsfor example,whenaloopis beingclosed extra
stepsmay betakento updatethosecomponentsogethemwith
landmarkdinkeddirectly with them.Further suchextra steps
canbe bufferedto work out whenthe computetis idling, thus
the computingpower is betterutilized. As therobotexplores
the ervironment,active landmarkschange so all the compo-
nentsof ; getchanceso beupdated.Thisamortizedmapre-
covery introducesadditionalerrorto the system.However ex-
perimentsshav thatthe erroris insigni cant whencompared
to theadantage®f SEIFin otheraspects.

3 Data Association

3.1 Recovering Data AssociationProbabilities

Finally, practicaldomainsare characterizedy data associ-
ation problems Data associationproblemsarise when in-
dividual landmarksin the ervironmentcannotbe identi ed
uniquely basedon sensormeasurementalone. The dataas-
sociationproblemis penasie in real-world SLAM problems.
However, theoriginal publication[13] did notaddresshisim-
portantproblem.

Ourmechanisnfor handlingthedataassociatioproblemuses
a maximumlik elihood estimatoy togethemwith a thresholded
2 test. In particulay our approachselectsthe landmarkthat
bestexplainsa measurementlf we write n; asthe landmark
index of thelandmarkseenattimet, the maximumlik elihood

estimatordetermines

n, = argmaxp(n:jz';u)
n
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Figure 6: ThecombinedMarkov blanket of landmarky, androbot
Xt is suf®cient for calculatingthe posteriorprobability
of the landmarklocations, conditioning away all other
landmarks.This insightleadsto a constantime method
for recovering the approximateprobability distribution

p(xt;ynjzt tiub).

- H ot 1; t 12
arggnaxp(nuzt)f)( iz, ug (12)
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wherez! = z;;:::;z andut = ug; i ug. If the expression
insidethe agmaxis smallerthanathreshold , thatis, none
of the landmarksin the map explainsthe measurementith
a minimum requiredprobability, the landmarkis considered
new andthe lter is grown accordingly By usingthis test,the
resulting SEIF gradually builds up a network of landmarks,
while nearbylandmarksareconnectedby links. Thisapproach
is commonlyusedin the context of EKFs[2]. In EKFs,calcu-
lating p(n¢jz*; ut) is easysinceit is straightforvardto extract
the meanandthe covarianceof a landmarkpositiontogether
with therobotposefrom thefull stateestimate The meanand
the covariancede ne a probability densityp(x; ynjzt *;ut)
which arethenusedto calculatethe probabilityp(njzt; ut).

In SEIFs,the situationis more complicated:Recwering the
covarianceof a landmarklocation andthe robot posein the
naive way would requireinverting a large matrix, which is a
O(N®) operation. However, we canonceagain exploit the
sparsenessf the informationmatrix to obtaina high delity
approximatiorof the necessargovariances.

Supposeave wouldlik eto calculatethe probabilitydistribution

of then-th landmarky, andtherobotposex;. Theideais to

dosoby conditioningonall statevariablesoutsidethe Markov

blankets of thesevariables. The Markov blanket of the robot
posex; is simplythesetof all actve landmarksLik ewise,the
Markov blanketof landmarky, isthesetof all landmarkgand
possiblytherobotpose)directly connectedo thislandmarkin

the SEIF Figure 6 illustratesthe situation. Shawvn thereis a
landmark,a robot pose,the Markov blanket of the landmark
(insidethe squarebox) andthe setof all active landmarkg(in

black). All othervariablesarenot considerediuring this op-
eration,sincethey donotasseradirectin uence ontherobot
poseor landmarkin question.

Mathematically we do the following approximation,where
Y, isthecombinedMarkov blanket:

p(xt;ijZt Luh

= P(Xe;YniYe ;28 Hut) plY,yjzt fuhdy,
z
p(xt;yann+) p(Yn+an )dYn+ (13)

Here

Y, = Ynfx¢yngnY, (14)

is thesetof all statevariablesnotincludedin theMarkov blan-

ket Y., andalsoexcludingy, andx;. This approximation
ignoresa residualuncertaintyin remotestatevariables.How-

ever, we foundthatempiricallyit approximateshetrue poste-
rior probability neededor dataassociatiorwith double-digit
accurag in mostcases.

Apart from the mathematicateasoningthe operationin ma-
trix form is simple. The distribution p(x; ynjz' *;u!) is ap-
proximatedby a Gaussiamwith covariance

tn = (S]y v HiSqyowe) (15)
This calculationis constanttime, sinceit involves a matrix
whosesizeis independentf N .

In our experiment,we found this approximationo work sur
prisinglywell. In theresultsreportedurtherbelow usingreal-
world datatheaveragerelative errorin estimatindik elihoods
is3:4 10 *. Associationerrorsdueto this approximation
werepracticallynon-&istent.

3.2 Map Management

Our exact mechanisnfor building up the mapis closelyre-

latedto standargprocedurefn theSLAM community{2]. Due

to fake landmarkdetectionscausedby moving objects,addi-

tional carehasto betakento Iter outthoseinterferingmea-
surementsFor ary detectedbbjectthat cannot be explained

by existinglandmarksa new landmarkcandidatés generated
but notputinto SEIFdirectly. Insteadt is addednto awaiting

list with a weight representingts probability of beinga use-
ful landmark.In the next measuremergtep,thenewly arrived

candidatesare checled aganinstall candidatesn the waiting

list; reasonablenatchesncreasahe weightof corresponding
candidates.Candidateghat are not matchedose weight be-

causethey are more likely to be a moving object. Whena

candidatehasits weightabove a certainthresholdjt joinsthe

SEIFnetwork of landmarks.

We noticethatdataassociatiowiolatestheconstantime prop-
erty of SEIFs. This is becausavhencalculatingdataassocia-
tions, multiple landmarkshave to be tested.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 structurenaturallyfacilitatesthe searchof the most
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Figure 7: The vehicleusedin our experimentsis equippedwith a
2D laserrange®nderanda differential GPSsystem.The
vehicle’s ego-motionis measuredby alinearvariabledif-
ferentialtransformeisensoifor thesteeringandawheel-
mountedvelocity encoder In the backgroundthe Victo-
ria Park testervironmentcanbe seen.

likely landmarkgivenameasurementiowever, thisis notthe
casewhenclosinga cycle for the rst time, in which casethe
correctassociatiormight be far away in the SEIF adjacenyg
graph. Using kd-trees,it appeargo befeasibleto implement
dataassociatiotin logarithmictime by recursvely partitioning
thespaceof all landmarklocationsusingatree.

Finally, we notice that anotherimportant operationcan be
donein constanttime in SEIF: the mege of identicalland-
markspreviously mistreatedastwo or more uniqueones. It
is simply accomplishedby addingcorrespondingaluesin the
H{ matrixandh, vector Thisoperations necessaryhencol-
lapsingmultiple landmarksnto oneuponthearrival of further
sensomevidence.

4 Experimental Results

The purposeof our comparisonwas to evaluatethe perfor
manceof SEIFsagainstthatof the “gold standard, which is
EKF from which SEIFsarederived. Thevehicleandits ervi-
ronmentareshovn in Figures7 and8. Thevehicleis equipped
with a SICK laserrange nder, anda unit for measuringsteer
ing angleandforwardvelocity. Thelaseris usedto detectrees
in the park, but it alsopicks up hundredsf spuriousfeatures
suchascornersof moving carson anearbyhighway. Theraw
odometryof the vehicleis extremely poor, resultingin sev-
eral hundredmetersof error when usedfor pathintegration
alongthevehicle's 3.5kmpath,seeFigure8(a). Thedataused
for our experimentswas previously usedas a benchmarkin
several publications(see[2]). In our experimenton this real-
world data, SEIF correctly recoversthe robot path shavn in
Figure8(b). Comparingwith EKF, SEIFrunstwice asfastand
consumetessthana quarterof thememoryEKF uses.SEIF's
landmarkpositionestimationdiffer from thoseof EKF's by
0.5 meterin termsof root meansquaredistance.

In additionto thereal-world data,we alsousedarobotsimula-
tor. The simulatorhasthe adwvantagethatwe know the ground
truth (whichis unknown for thereal-world datasets),andthat

@

(b)

Figure 8: The testingervironment: A 350 metershy 350 meters
patchin Victoria Park in Sydng. (a) shows integrated
path from odometryreadings(b) shavs the path asthe
resultof SEIF

it facilitatesexperimentson scalingour approachto different
ervironmentsizes.In our simulationswe focusedparticularly
ontheloopclosingproblemwhichis generallyacknavledged
to be oneof the hardesiproblemsin SLAM. Whenclosinga
loop, usuallymary landmarKocationsareaffected testingour
amortizedmaprecovery mechanisnmunderthe hardestpossi-
ble circumstances.

The robot simulatoris setup so that unit areahas50 land-
markson average.Thelandmarksarerandomlydistributedin
a squaredregion with a minimum distanceof 0.05 between
landmarks. As the numberof landmarksincreasesso does
the area. The noise of robot motion and measurementare
all modeledby zero meanGaussiamoise. Speci cally, the
varianceis 10 4 for forward velocity, 10 2 for rotationalve-
locity, 0.002for rangedetectionand0.003for bearingamea-
surementslin eachiterationof the simulation,therobottakes
onemove andonemeasurement-or k numberof landmarks,
20k iterationsare performed. This roughly makes the aver
agenumberof visits to eachlandmarkthe samefor the sim-
ulationsof differentnumberof landmarks.Maximum sensor
rangeis setto 0.2, which translatego 6 landmarkdetections
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Figure 10: Thecomparisorof averageCPUtime betweerSEIFand
EKF.

on averagefor one measuremengtep. The maximumnum-
ber of active landmarksis chosento be 10. Figure 10 and
11 clearly shav that SEIF beatsEKF in termsof computa-
tion andmemoryusage In the caseof EKF, the usageof both
computatiorandmemoryincreasesgjuadraticallywith respect
to the numberof landmarkswhereador SEIF, CPUtime per
iterationcomesto a constantwhenthe numberof landmarks
goesbeyond 300, andthe memoryusedto storethe informa-
tion matrix increase®nly linearly. Dueto the approximation
of theinformationmatrix andamortizedmaprecovery, SEIF
hasbiggererror than EKF asis shawvn in Figure 12. How-

everthedecreasé& computatiorandmemorycostscaneasily
outweighthis smallincreasen errors.

5 Discussion

This papersummarizeda new algorithmfor the simultaneous
localizationandmapping(SLAM) problem,which canmain-
tain globally consistenmapswith constantupdatetime. Our
approachs basedon the obsenration thatin the information
form of traditionalKalman- Iter algorithms(EKF), mostele-
mentsin thenormalizednformationmatrix arenearzero.The
sparseextendedinformation Iter, or SEIF, enforcesa sparse
information matrix, which can be updatedin constanttime.
This paperalso proposeda dataassociatiormechanisnfor
SEIFsbasedn the maximumlikelihoodprinciple.

Sincethis algorithmis approximatewe presentecempirical

,,,,,,

Bytes to store matrices

L L L L L L L
50 100 150 200 250 300 350 400 450 500
number of landmarks

Figure 11: Thecomparisorof averagenmemoryusagenetweerSEIF
andEKF.

,,,,,,

50 100 150 200 250 300 350 400 450 500
number of landmarks

Figure 12: The comparisorof root meansquaredistanceerror be-
tweenSEIFandEKF.

results,comparingSEIFsto the commonEKF solution. Our
resultsshav that SEIFsproduceresultscomparabléo that of
EKFs,but atamuchimprovedcomputationatime compleity
(constantnsteadf quadratidime). Theresultswereobtained
for a well-known referencedataset, recordedby researchers
at the University of Sydneg. Thus, with this paper we |l
animportantgap: while previousresultsregarding SEIFwere
purely theoreticalin nature,the resultspresentechere shed
light onthe practicalsideof SEIFs.Basedonour ndings, we
believe that SEIFsare scalableto muchlarger mapsthanthe
EKF or relatedhierarchicakub-mappingpproaches.
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