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Abstract

Thispaperis a summaryof resultsobtainedin the pastfew yeais in the area of 3-D mappingandrobotlocalization.
Theemphasi®f this work is the reconstructiorof three-dimensionalepresentation®f the environmentirom sensor
information,assumingnaccurate or absentrobot poseinformation,and assuminggenesal 3-D configuations,e.g.,
notlimited to 2-1/2D elevation maps.Theappmoadesare dividedinto two broad classesSurfacematding, in which
large piecesof 3-D surfacesare matchedacrossobservationsn order to recover thetransformationdetweerobser-
vations,andfeatuie matcingin which individual featuesextractedfromtheinput dataare matdhed.Surfacematd-
ing is mostapplicableto robotsequippedwith range sensos sud as stereoor ladar, while featue matding is most
applicableto video-basedystems\We reporton experimentsand applicationsin the areasof terrain mapbuilding,
modelingof interior environmentsmodelingof individual objectsfrom manyviews, coopeative stereovision using
teams of obots, and simultaneousaovery of structue and motion sim bearing-only senssr

1. Introduction

Constructingaccurate8-D mapsof theervironmentfrom sensodatais a critical componentf mobilerobotsystems.
In additionto providing the necessarynformationfor planningandvisualization,3-D mappingis alsoa component
of localizationsystems3-D mappingis a challengingoperationin mostrealistic applicationsIn outdoorerviron-
ments,the volumeof dataandthe large spatialextent of terrainmapsmakesmappinga computationallychallenging
operation At the otherextreme,detailedmappingof individual objectsmay requiretheregistrationof alargenumber
of sensowiews with a high degreeof accurag. When3-D informationis not directly availablefrom sensorst must
be inferred as part of the mapping process.

Broadly speakingthe mappingproblemcanbe viewed asa registrationproblemin which the problemis to find the
optimal transformationdetweenmultiple sensorviews. The registrationapproachesanbe divided into two broad
classesSurfacematchingin which large piecesof 3-D surfacesarematchedacrossobserationsin orderto recover
thetransformationdetweerobsenations,andfeaturematchingin which individual featuresextractedfrom theinput
dataarematched Surfacematchingis mostapplicableto robotsequippedwith rangesensorsuchasstereoor ladar
while feature matching is most applicable to video-based systems.

To illustrate someof the approacheto registration,this paperis a summaryof resultsobtainedin the pastfew years
in the areaof 3-D mappingandrobotlocalization. The emphasif this work is the reconstructiorof three-dimen-
sionalrepresentationf the ervironmentfrom sensolinformationassumingnaccurateor absentobotposeinforma-

tion, andassuminggeneral3-D configurationse.g.,not limited to 2-1/2D elevationmaps.We reporton experiments
and applicationsin the areasof terrain map building, modeling of interior ervironments,modeling of individual

objectsfrom mary views, cooperatie stere@ision usingteamsof robots,andsimultaneousecorvery of structureand

motion from bearing-only sensors.

This paperis a surwy paperin which we concentraten illustrative resultsandsummaryperformancen thevarious
applications. Earlier publications with detailed technical descriptions are referenced as needed.

2. Surface Matching

A first approacho 3-D mappingandlocalizationinvolvesthe directmatchingof 3-D surfacesIn this approacH13],

theinput to the mappingalgorithmis a setof 3-D surfacesrepresentedby triangulatedmeshesand,possibly initial

estimatef the relative posesbetweenthe surface.Local shapedescriptorsor “signatures”,are computedin the
neighborhooaf pointsonthesurfacesandarecomparedn orderto identifiedpotentialcorrespondencédsetweerthe
surfaces.Onceinitial correspondenceare identified, they are groupedinto setsof geometricallyconsistentcorre-
spondencesThe final transformationbetweerviews are estimatedoy minimizationof the distancebetweencorre-
sponding points.



Although straightforvard in principle, this approactraisesa numberof issues First of all, the signatureanustbe
carefully designedso that they areinvariantby rigid transformationgut, at the sametime, remaindiscriminative
enoughto find correspondence#lso, the signaturesnustbe computableon generakurfacesnot limited to smooth,
continuoussurfaces Evenif the signaturesvere optimally discriminatve, the procesf groupingcorrespondences
canbecomecombinatorialf the surfacesexhibit strongsymmetriesOnesimpleexampleis the caseof surfaceswith
large, nearplanarsectionsn which all the pointsareequivalentinsofar asthe local shapeof their neighborhoodss
concernedAlthough mary technique®xist for registeringsurfaceswhentheinitial estimateof their relatve posess
fairly accurateit is importantto be ableto computecorrespondencesvenin theabsencef aninitial estimateof the
transformationsin that case the searchfor correspondencasiustbe carefully implementedo avoid unacceptable
computatiortimes.Finally, in actualapplicationsthevolumeof datato bemanipulatednaybeverylarge,e.g.,in the
caseof terrainmaps.Datastructureghatenablefastaccesso 3-D information,nearesnheighborsandlocal surface
evaluation must be empted

Theexamplespresentedh the balanceof this sectionillustrateapplicationof this generabpproacho problemsthat
rangefrom very large-scaldgerrainmapsto smallerscalebut higherresolutionmaps suchasindoorernvironmentsto
very high resolution unconstrained modeling of wdlial objects.

2.1 Terrain Maps

An idealtestfor demonstratinghe algorithmis the problemof building large, high-resolutiorthree-dimensionakep-
resentationsf unstructurederrainusingrangesensorghat operatesver tensto hundredf meters.Suchan appli-
cationteststhe limits of the approachjn particularasit pertainsto the computationalssuesrelatedto datasize.In
orderto testthoselimits, we have developedalgorithmsfor constructingerrainmapsfrom unregistered3-D obsena-
tions[12]. In this application,it is necessaryo addresshe issuesof widely varying resolution,absencef reliable
featuresandvery large datasets.Furthermorethe datasetsare typically very large, thusdemonstratinghe useof
signature-based sade matching for lge-scale problems.

In this application the input to mapregistrationis a pair of arbitrarypolygonalsuriacemeshespossiblycontaining
holesanddisconnectegatchesandthe outputis the 6-DOFrigid-bodytransformthatbestalignsthe two mesheslin
orderto fully exercisethe surfacematchingcapabilitieswe do notassumeary prior knowledgeof thetransformation
between indiidual maps.

In the exampleexperimentsreportedhere,we createdmeshedrom real rangedataobtainedfrom two sensorspne
ground-base@nd one aerial. The Z+F/Quantapoin{ZF) sensor a scanninglaserrangefinder mountedon two of

CMU’s autonomougroundvehicles,produces360 degreeby 30 degreerangeandreflectancemagesin a radiusof

52 meters.The ZF was configuredto generateangeand reflectancémagesof size 6000x 300, correspondingo

angularresolutionsf 0.06> and0.1° in the horizontalandvertical directions respectiely. Theinitial datais subsam-
pled by a &ctor of 5 horizontally and 3evtically and then carerted to a mesh.

Onceameshis formed, it is simplifiedto a predetermineciumberof facesusinga standardsimplificationalgorithm
[15]. A pair of simplified meshess thenpresentedo the registrationengine.Local surfacesignaturesaregenerated
for eachpointin one meshandfor a fixed percentagef pointsin the other Candidatecorrespondenceare found
usingthe correlation-basedimilarity metric, andthe bestcorrespondencesre groupedbasedon geometricconsis-
teng. We thendeterminetherigid-bodytransformthatbestalignsthe correspondencdsom eachgroup.Finally, we
usehigh-resolutionversionsof the surfacemeshedo refine our transformestimateusinga modified versionof the
ICP algorithm[34][1]. After all pairsof meshesn a sequencdave beenregisteredthey areintegratedinto a single
global map using a standardxel-based method [4].

Figurel. shovs anexampleof integratedmapobtainedusingthefirst datafrom the ZF scannerThe mapwascreated
by registeringeleven individual mapsobtainedat 3 to 5 metersintenval. The initial datasizeis 1.8M pointsfor the
BF2 data,whichis reducedo 15000for matching.For thatdata,the variationof resolutionfrom nearto far rangeis
greater than 1:10 due to the shallmcidence angle of the laser at that range.

In additionto ground-basedata,the techniquehasbeenappliedto datafrom the CMU autonomouselicopter The

helicopteris equippedwith a single-scanlindRiegl laser which is a time-of-flight rangefinderwith a rangeof 100m
[19]. Combiningthe groundandaerialdatashaved thatregistrationis possiblebetweendatafrom differentsources
with differentresolutionsanddifferentnoisecharacteristicskigure 2. shavs typical datausedfor registrationfrom

ground and helicopter data.

The experimentsshav that the surface-basednatchingtechniquegperformwell with large datasetsandthatit can
toleratelarge variationsin resolution,two issuesthat are critical to the practicalapplicationof surface matching.



Rolustnesgo variationsin resolutionis especiallycritical for applicationin which high-resolutiorground-basedata
is registeredwith low-resolutionaerialdata,for examplea standardTED map.Figure3. shavs anexampleof regis-
trationof alocal (15monthe side)mapwith aglobal (aboutl00m)map.Theresolutionof the mapsdiffer by afac-
tor of 3. In this @ample, no constraintag placed on the 6D transformation between the maps.
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Figurel. Topview of theintegratedterrainmapfor the elevendatasetsin themesasequencécenter) Thenumbered
insetsillustrateindividual datasets andtwo setg(1 and11) areoverlaidonthetop-view. Thelargerinsetsshaw various
perspectie views of themap,andthewhite arrows indicatethelocationanddirectionof theviewpoint. Grid linesare
two-meters apart on the combined map and one meter apart on thduialdilata sets.
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Figure2. Datafrom agroundsensof(left) andahelicopter(right) shovn aselevationmaps.Thecorrespondingreais
shown at center
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Figure 3. Rgistration (left) of high-resolution local map (left) withweresolution global me{p (lfigFlt).

2.2 3-D Mapping of Interior Environments

Anotherexampleapplicationis themappingof interior ervironments Thedifferencewith the previouscaseof terrain
mapping is that the gimronment is more structured and that the data is typically shorter rahbaber resolution.

Given two low-resolutionversionsof the input mesheswe registerthemusinglocal sighaturesas before:First, a



fixedfractionof pointsis selectecht randomfrom both surfaces Signaturesareproducedor thesepoints,andall the

signaturegrom onesurfacearecomparedo all the signaturegrom the otherusingthe similarity measuredescribed
abore. Whentwo signaturesarefoundto have high similarity, the pointsthatproducedhemareconsideredo corre-

spondto eachother;afterall signaturecomparison$ave takenplace,we areleft with a setof point matchedetween
the two surfaces Finally, an estimateof the transformatiorthat alignsthe two surfacesis computedfrom the point

matches.

For example,this methodof surfaceregistrationhasbeensuccessfullyappliedto build a modelof alargewarehouse
spacecomposedf two adjacentrooms. The building measuredoughly 60 meterslong by 20 meterswide by 10
metershigh, andwasfilled with anassortmenof clutteranddebris.We usedthe ZF laserrangefinderto collectdata
at 32 differentpointsin the warehousegachscanof the sensorcovereda 360-dgreefield of view with 20 degree
depressiormnda maximumrangeof about40 meters Eachscanof the rangefinderreturnedl.8 million 3-D points;
throughnaive subsamplingdhis setwasreducedo 65000points.Theresultingpoint cloudwasconvertedinto amesh
andresampledo roughly 5000 pointsfor registration.Surfacemeshegproducedrom eachof the 32 datasetswere
successfullyregisteredto the meshesof adjacentscans.The completemeshof the warehousecontained138000
points at full resolution, while averesolution ersion of the model contained 25000 points.

While it is importantthatno prior estimateof thetransformatiorbetweertwo surfacess requiredto successfullyeg-
isterthem,a roughestimateof the transformatiorcanbe helpful in guidingthe searchfor possiblepoint correspon-
dencesaandsafguardingagainstregistrationmistales.In our procedurdor surfaceregistration,we allow the userto
specifyinformationaboutthe rangesof possibletranslationandrotationbetweerviewpointsto improve registration
performance.
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Figure 4. Intgrated suiice mesh (centerulit from 20 individual 3D vievs.

2.3 View Selection and Global Registration

Thelastapplicationof 3-D surfacematchingis objectmodeling,in which anobjectis presentedn arbitraryposeso
a sensorand a consistentmodelis constructedrom the views [10]. We shawved that, by usinga surface matching
approactsimilar to theonedescribedabore, it is possibleto fully automatehe 3D modelingprocesswithout resort-
ing to theserestrictive requirementgFigure5.) Thekey differencewith the previous applicationss thatwe have to
dealnow with mary views, high-resolution small spatialextent, whereasn the terrainmap case the issueswere
large spatial etent and lage wolume of data rather than resolution and number efszie

Theregistrationphasecanbe consideredn termsof threeinterrelatedproblems:1) determiningwhich views contain
overlappingsceneregions;2) determiningthe transformbetweeneachpair of overlappingviews; and3) determining
the positionof all views in a global coordinatesystemwhich is the ultimate goal of the registrationphase Oncethe

overlapsandrelative posesareknown, the absolutgposescanbe computecdby simultaneouslyegisteringall overlap-
ping views (multi-view registration).Multi-view registrationcanbe posedasan optimizationproblemover the con-

tinuous spaceof absolutepose parameterswhich has beensolved by others. The objective function seeksto

minimize the distancebetweencorrespondingpoints on overlappingsurfaces therebydistributing the errorsin the

relative pose estimatever the entire model.

For automatiomodeling,however, boththe amountsof overlapandtherelative posesareunknavn, which makesthe
registrationproblemconsiderabhharderdueto the mutualdependengbetweerthe overlapsandrelative posesThe
generabpproachs to embedhe surfacematchingcodeinto agraphoptimizationproblem:Givenasetof views { i},

agraphis createdor which the nodesarethe views andeacharc (V;,V;) is weightedby the likelihoodthat the pair-



wiseregistrationof thetwo views is correct.Thelikelihoodcanbe evaluatedfrom theamountof overlapbetweerthe
views after pairwiseregistration Additional criteriausedfor computingthe likelihoodincludesthe visibility consis-
teng which is computedby evaluatingthe degreeof visibility of onesurfacefrom the sensorgiven the registered
position of the other suate.

Startingwith a graphG of views, the modelingalgorithmattemptgo find a covering of the graphby arcswith high
registrationlik elihood.Figure6 shavs an exampleof a small graphof views. As a minimum, a spanningreeof the
graphcanbe extractedwhich characterizethe combinationof views with the highestik elihoodof registrationwhen
looking at eachpair of views independentlyTheissueis thatviews maybeconsistentocally, but notglobally. There-
fore, the key to the modelingalgorithmis to extracta globally consistensubgraphG’ of views, giventhe pairwise
matchesTwo approachesanbe usedfor updatingthe graph.In the incrementalupdateapproachnew views are
incrementally added t&’ until a globally consistent graph is obtained.

The stochastiaupdateapproachs similar to simulatedannealingin which the total registrationlikelihoodof G’ is
maximizedby addingnew views andlinks to thegraphincrementallyby usinga stochastigprocessin bothcasesthe
registration posesare re-estimatedwheneer the graph is updatedby using the global optimization approach
described abee. Figureb shavs one result of the automatic modeling applied to the hand-held modeling problem.

Figure 5. The hand-heldmodelingapplication-- a 3D modelis automat yconstructerom scansof an object

(right) by presenting the object to scanner in arbitrary orientations (left).

Figure 6. Example model graphs. A complete model (left) angpawtial models (right)
3. Feature Matching

Althoughdirectsurfacematchingis appropriatavhenthedatais naturally3-D, from examplewhenstereoor ladaris
used featurematchingis a morenaturalapproactwhenappearancaformationcanbe used We describebelow two
possibledifferentaspect®f registrationand mappingfrom featuresin thefirst one,3-D mapsof environmentfrom
cooperatre stereobetweemmultiple robots. The secondexampleinvolves simultaneouseconstructiorof mapsand
localization using bearing measurements, such as feature tracking in video data.

3.1 Cooperative Stereo

A classicalapproacho recavering 3D informationfrom camerass stereision from anon-boardstereorig. While,
in principle, it is possibleto recover 3-D datafrom a singlerobotwith stereocamerasusingcooperatingobotshas
importantadwantagesOneobviousadwantageas the savingsin hardwareandcomputatiortime sincea singlecamera
is neededn eachrobotandthefull loadof the stereacomputatiordoesnot resideon ary givenrobot.A moreimpor-
tant advantage however, is that stereoreconstructioraccurateenoughfor renderingcan be achieved from a long
rangeby taking advantageof the factthatthe robotsmay be separatedby a wide baselineTo be useful,the system
mustgeneratat leastqualitatively correctreconstructiorup to 10-20m,whichis not possibleusingthe shortbaseline
that is typical on small robots.



Givenimagesof a scenefrom arbitraryrobot positions,the first taskis to recover the relative posesof the cameras.
Theseposesmustbe computedpreciselysincean error of a few imagepixelsin mappingpointsfrom oneimageto
the next mayleadto large errorsin the 3-D reconstructionln particular the poseestimategrom deadreckoningare
not preciseenoughfor imagematching.The generalpproachs to extractpointfeaturedrom theimagesfind corre-
spondencebetweerthe two setsof featuresandrecover the relative posesof the cameradrom the featurematches.
Typical featuresusedfor calibrationareshowvn in Figure4. Thesefeatureswvereextractedusingan interestoperator
derived from the Harris operator [43].

After initial featurematchesarederived,thegeometryof thecameraganbe dynamicallycalibratedby estimatinghe
epipolargeometryfrom correspondencesetweerfeaturesin the absencef ary poseinformation,it is well-knovn
thatstandardechniquegor epipolarestimationarenotrobustbecausef thelargepercentagef wrongmatcheg33].
This is particularlya problemin the caseof cooperatie stereoin which matchesaretypically very ambiguousAn
alternatve approachis to first usea standardepipolarestimationtechnique,andto refine the estimateof camera
geometry by using a non-lineaohust estimator [28].

Giventhecalibrationinformationfrom the two robots,the 3-D locationsof eachfeaturecanberecoveredby triangu-
lation [27]. For example,Figure6 (left) shavs thedepthreconstructedf matchedeaturesf Figure4, aswell asthe
sameresult(right) in which the 3-D pointscorrespondingo thefeaturesareshownn in anobliqueview. Thelinesare
drawvn from the point features to the ground plane.
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Figure7. (Left) Sparsedepthmapcomputedrom the featuresof Figure4. The depthis indicatedby a colorcoded
squarecenteredteachfeature Thecolorscaleis indicatedbelow thefigure.(Right) Obliqueview of thereconstructed
3-D points corresponding to features of Figure 4.

Giventwo robotpositionsandassuminghatthe dynamiccalibrationproblemhasbeensolvedasdescribedbore, the
imagecorrespondencgaroblembecomequivalentto the standargroblemof sterecexceptthattheimagesaretaken
from differentrobotsinsteadof from a singlecamerarig, asis normallythe case While in principle this approachs
feasible therearetwo key differenceswith standardsteredrom fixed cameraswhich arebothrelatedto thefactthat
therelative positionsandorientationsof therobotsarearbitrary First, asnoted,the baselinebetweerthe robotsmay
belarge. Althoughnecessaryor accurag reasonsthis complicateshe matchingbetweernmagesbecausef poten-
tially large distortionsbetweenthe two images.Secondarbitraryrelative positionsof the robotsmay leadto unac-
ceptablamagedistortionaftertherectificationnecessaryo align the scanlinef theimages.This secondproblemis
addressedby usinga polar rectificationmethodwhich is guaranteedo rectify imagesin arbitrary geometryandto
guarantedoundson the amountof warpingin the rectification[26][22]. Resultsareshavn in Figure 8. andFigure
9.(a) and (b).

Figure 8. Colorcoded depth map after filtering (left) and corresponding mask (right.)



Figure 9. 3-D \ew of the point cloud constructed by our coc.)bmaﬁtereo mapping.

3.2 Localization from Bearing M easurements

In principle,a moredirectway of building mapsfrom featuresis by accumulatingfeaturesdetectedn imagesand
their correspondencescrosdramesasa robotwith a singlecameramaoves[5][6]. In this scenariotherobothasno a
priori knowledgeof the environment(no map)andcanonly obsene its egomotionthroughodometryandthe bear-
ings to landmarksin the ervironment,e.g.,with an omnidirectionalcamera.The robot hasno external position or
heading reference, and cannot measure the range to landmarks.

This problemis often termed Simultaneoud_ocalization and Mapping (SLAM), or ConcurrentLocalizationand
Mapping (CLM). Approachegyenerallyrely on recursve filtering usinga Kalmanfilter or somevariant[16]. There
have alsobeenattemptdo find optimalestimatesisingbatchtechnique$18] or to dealwith largeenvironmentsusing
a hierarchical approach [3][16].

The Computervision literaturecontainsa large body of work on multi-frame StructureFrom Motion (SFM). Bundle
adjustments a batchtechniquethatis widely usedfor SFM underperspectie projection[9][32] andis applicableto
SLAM. Someattemptshave also beenmadeto recursvely computestructureand motion using Kalman filters
[20][20]. The Kalmanfilter and SFM views of the SLAM problemshave beendevelopedlargely independentlyln
this section,we briefly shav thatthesetwo classicalapproachesanbe combinedinto an approachto mappingthat
retains the accurgof SFM while taking adantage of the computationafiefency of the Kalman filter formulation.

The SLAM andSFM problemscontainfeaturegelevantto localizationandmappingwith a bearing-onlysensorSpe-
cifically, the Structurefrom Motion (SFM) work in computervision providesinsightinto whatwe canexpectfrom
bearing-onlySLAM. In SFMthe 3D structureof anervironmentis reconstructedising2D projectiongimages)rom
unknavn camerdocations.The perspectie cameragprojectionmodelis very similar to a bearing-onlysensordepth
informationis lost in the projection.The only knowledgeof the scenefrom a singleimageis that scenepointslie
somavherealongaray originatingatthe cameracenterof projectionandpassinghroughtheimageplaneatthe point
wherethefeatureappearsln bearing-onlySLAM, landmarksare projectedontoa unit circle aroundthe robot,anda
similar constraint applies for the ray intersecting this projectiomseirf

In mostSFM algorithms little or no a priori informationaboutthe cameramotionis usedfor reconstructioncamera
motionis recoveredin the estimationalongwith scenestructureusingonly theimagemeasurement®©dometrycan
be seenasproviding a prior for the cameramotion which is absentin generalSFM problems.If we add odometry
then we can immediately disambiguate the scale.

Thereis evena uniquesolutionto the two frameproblemif odometryis availablesinceit will provide a directesti-
mateof therelative poseof the secondview. However until thethird view is incorporatedbearingmeasurementsan-
not begin to correctodometryerrorswithin the estimationalgorithm. This can causeinitialization problemswith
Kalman filters which are obsed in practice, particularly when odometry is poor

A final noteis thatbiasin odometrycannotalwaysbe correctedn bearings-onhSLAM. If the measurementsf dis-
tancetravelledarebiasedby a scalefactorthenthe estimateof robotmotionandlandmarkpositionswill bescaledoy
thesamefactorandno estimatorcanrecover the biasusingthe bearingmeasurement§his is aninherentambiguity
In contrast SLAM with range-bearingensorsioesnot suffer from this problemsincethe rangemeasurementgro-



vide direct information about the scale of the solution.

Finding an estimatefor the model parameterspose = (pose,, posey,..posey) and landmark = (landmark,,
landmarky,...Jandmarky) canbedonein mary ways. Bundleadjustmentin particular is afull nonlinearoptimiza-
tion which doesnot rely on a meanand covarianceas a sufficient statisticfor previous obsenationsand stateesti-
mates.Insteadit linearizesthe estimationproblemat every stepusingall available obsenationsandthe currentbest
estimateBundleadjustmentnay optimizeall motionandstructureparameterst every step,sothe statevectoris the
entire history of robot pose (trajectory) and the entire map.

We wish to minimize the costfunction E(param) = (d - f(param))™ Ry (d - f(param))+(z - h(param))™ R, (z -
h(param)) whereparam = ( pose, landmark ) is the vectorof parameters$o be estimatedd andz areall odometry
andall bearingmeasurementstacledinto vectors,andf() andh() areall predictedodometryandbearingmeasure-
mentsstacled into vectors.The first term penalizesobot motion that doesnot agreewell with odometrymeasure-
mentsand the secondterm penalizesrobot motion and landmarkmap combinationsthat do not agreewell with
bearing measurements.

The bundleadjustmentterationsinvolve the inversionof the approximatiorof the Hessiarof E, J7J, whereJ is the
Jacobiarof E. Thematrixinversionsnvolvedin theminimizationmaybe dauntingin full-size problems Fortunately
photogrammetristhave known for decadesiow to speedup bundleadjustmenusingthe sparsenatureof the struc-
ture from motion problem.We cantake a similar approacthereby exploiting the natureof the bearing-onlySLAM

problem, leading to anfifient solution to the problem.

Figure10.(a)shavs the resultobtainedoy bundleadjustmenusingdatafrom anRWI ATRV. Therobotdrove in an
approximatelyelliptical pathbetweersix differentartificial landmarksTherewasa problemwith the drive mecha-
nism which causedbiasin the odometrymeasurement®eadreckoning estimatedhat the robot drove in a spiral
shaped path. Whout modeling the bias theisbdle adjustment rewers the elliptical path of the robot.

Figure 10. Results on real data (a) Kalman filter (b) Bundle adjustment.

In contrasta standardKalmanfilter approactwould divergein the presencef theodometrybias. Theodometrywas
calibratedby fitting a linear function of the datato the bundle adjustmentrajectory estimate With the calibrated
odometryandaninitial modelfrom bundle adjustmenusingthe first 20 robot posesthe Kalmanfilter wasableto

producetheresultin Figure10.(b). Thelower left portionof thetrajectoryshavs somereconstructiorbehaior which

is mostlikely dueto theintroductionof the lower left feature.Sinceit processesnemeasuremerdt atime the Kal-

man filter does not initialize features well with bearing-only measurements.

This example suggestech combinedapproachto bearing-onlylocalizationand mappingthat would combinethe
adwantage®f classicaKalmanfilter localizationandof mapreconstructiorihroughbundleadjustmentSpecifically
we developeda recursve formulation so that the computationaburdendoesnot grow with the numberof sensor
scangnade but we alsowish to avoid the biasintroducedn thelinearizationphasean the Kalmanfilter by consider-
ing batches of data rather than iridual measurements.

Onewayto accomplistthisis to procesglatain batchesusingobsenationsmadeduringatime interval andcomput-
ing anestimatefor the mapandfor the poseof the robotduringthetime interval. At the endof thetime intenval, the
stateestimateandall of the datafrom thetime interval is collapsedonto a sufficient statistic,a meanandcovariance
for the map of landmark features and the last robot pose.

Theveryfirst batchof datacanbe processedh exactly the sameway aswasdescribedor bundleadjustmentAt the
endof thatestimation As obsenationsaremadefrom new robotpositions the statevectorgrows to andtheinforma-
tion from the bearingand odometrymeasurementare addedinto the information matrix. It canbe shavn thatthe



updatestepof the new recursve/batchfilter is O(N3+kN?) wherek is the sizeof thetime window usedfor the batch
update.For small fixed k this is approximatelythe samecomputationacompleity asthe Kalmanfilter. The algo-
rithm is similar to one reported recently for SFM [21].

Resultsof applyingthis filter with a batchsizeof 10 to the experimentdiscussecarlierareshowvn in Figurel1l.(a).
The uncertaintyellipseson eachrobot poseare plottedascomputedat the endof a batchupdate so smoothingdoes
nottake placeover thewholetrajectoryasit doeswith full bundleadjustmentDueto this the groupsof 10 poseger
batchareapparenfrom the uncertaintyellipses.Figure 11.(b) shavs the resultsfrom bundleadjustmentandrecur-
sive/batchmethodolottedagainsteachotherfor comparisonResultsfor the exampleconsideredirevery similar for

the two methods.

Theseexamplesillustrate the advantagesof bundle adjustmentover Kalman filtering for the bearing-onlySLAM
problem.WhenKalmanfilters areused,they needto beinitialized with a goodestimateof the robot stateandland-
mark locationsand bundle adjustmenis an efficient way to computeoptimalleastsquaresstimatesn orderto ini-
tialize thefilter. Bundleadjustmenis empirically morerobustto biasin the systemmodel,which is to be expected
since the linearizations are recomputed each time and are computed near the optimum.
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Figurell.(a) mapandtrajectoryestimateddy recursve/batchfilter usinga batchsizeof 10. (b) resultsuperimposed
with result from lbindle adjustment to shoagreement.
For computationabndmemoryrequirementsbundle adjustmenis not practicalfor large problems.n contrastthe
Kalmanfilter requiresO(NZ) memory The Kalmanfilter requiresO(N3) computatiorfor eachupdate.Computation
requiredin bundleadjustments O(N3+M N2) which grows linearly in the numberof robot positionsin the estimate.
Thisis significantlylessthana generakecondrderleastsquare®ptimizationbut still not practicalfor arobotoper-
atingfor long periodsof time. By combiningKalmanfiltering andbundleadjustmentonceptsanew recursve/batch
filter wasintroduced.Thefilter allows a flexibility in the batchsize,tradingoff computationatequirementsandper-
formancelf thebatchsizeis setto 1, theextendedKalmanfilter results,andif the batchsizeis unlimited,full bundle
adjustment results.

4. Conclusion

Theexamplespresentedhereshav thata variety of techniquesanbebroughtto bearon the problemof 3-D registra-
tion evenin the caseof very large datasets(terrainmaps) large setsof views (individual objects),or 3-D reconstruc-
tion from video (cooperatie sterecandbearing-onlySLAM.) The underlyingapproachesanbe viewed asbuilding
blocksfor completesystemghatinclude modelrecorery aswell aslocalizationandstateestimation Much remains
to be donebeforesucha systembecomespractical.One of the mostimportanttasksin this areais to combinethe
deterministicregistrationtechniquesllustratedabove with stochastidocalizationtechniqueg31]. This would com-
bine the accurag of the registrationtechniqueswith the flexibility of the localizationtechniquesFor this to occug
however, major advancesin the computationakfficiengy of the registrationalgorithmsneedto be achiesed. In the
case of terrain maps, in particyltre rgistration algorithms are not yefiefent enough to be performed on-line.
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