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Abstract

We presenta novel, laserrange�nder basedalgorithmfor simultaneouslocalizationand

mapping(SLAM) for mobilerobots.SLAM addressestheproblemof constructinganac-

curatemapin real time despiteimperfectinformationabouttherobot's trajectorythrough

theenvironment.Unlikeotherapproachesthatassumepredeterminedlandmarks(andmust

dealwith a resultingdata-associationproblem)our algorithmusesthe sensorrangedata

directly to build metricoccupancy maps.Our algorithmusesa particle�lter to represent

both robot posesandpossiblemapcon�gurations. By usinga new maprepresentation,

which we call distributedparticle(DP) mapping,we areableto maintainandupdatehun-

dredsof candidatemapsandrobotposesef�ciently . Throughcarefulimplementation,we

areable to achieve a time complexity which is linear in both the areaobserved and the

numberof particlesused. Our techniquecontainsessentiallyno assumptionsaboutthe

environmentyet it is accurateenoughto closeloopsover 100min lengthwith crisp,per-

pendicularedgeson corridorsandminimal or no misalignmenterrors,despitesigni�cant

noiseandambiguity.
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Chapter 1

Intr oduction

Signi�cant strideshave beenmadetowardscreatinga robot capableof performingcom-

pletelyautonomoustasks.The basictasksof pathplanning,localization,navigation and

environmentalmanipulationarewell understood,andto somelimited degree,have been

solved. Thesecomponentsform thebasictoolsfor solvinghigherlevel tasks,andallow a

robotto operatefor sometimewithouthumanoversightor intervention.

However, onecomponentwhichhasbeenassumedin all of theseareasis theexistence

of agoodmapof theenvironment.Thismapnotonly needstobeaccurate,butalsoneedsto

beafairly completemapof everywherethattherobothasobservedsofar in its exploration.

Furthermore,it needsto beableto incorporatenew informationimmediately, astherobot

exploresnew areas.This problemof trackingtherobot's poseandconstructinga mapin

real-timeis known asSimultaneousLocalizationandMapping,or SLAM.

In recentyears,the availability of relatively inexpensive laserrange�nders and the

developmentof particle �lter basedalgorithmshave led to greatstrideson the problem

of robot localization– determininga robot's positiongiven a known map[2]. Initially,

the mapsusedfor thesemethodswerepainstakinglyconstructedby hand. However, the

accuracy of thelasersuggestsits usefor map-makingaswell aslocalization.

SLAM haslong beena stumblingblock for autonomousrobots.Whatappearson the

surfaceto be two separatechallenges,localizationand mapping,are in fact intricately

intertwinedproblems.For the robot to updatethemapcorrectly, it is necessaryto know

wheretherobotis whenit makesanobservation.However, whentrackingtherobot'spose,

it is essentialto haveagoodmapagainstwhich to comparetheobservations.Solvingboth

of theseproblemsincrementallyand at the sametime meansthat a small error in one

1



solutioncaneasilycorruptall futureestimations.In fact, it is the quick accumulationof

many tiny mistakeswhich is commonlythecauseof failurefor nearlyall SLAM methods.

Externalsensors,suchasa globalpositioningsystem(GPS),areunsuitedfor tracking

the robot's pose. GPSrelieson receiving signalsfrom satellitesin orbit, andareeasily

obscuredby trees,buildings,canyons,or otherobstacles.Also, GPScoverageis unreliable

in many terrestriallocations,andwould not be possiblefor extraterrestrialapplications.

Finally, the readingsprovidedby GPSareonly a latitudeanda longitude;thereareother

importantelementsof the robotspose,including facingandheightdisplacement,which

areunableto bemeasuredby GPS.

TheExpectation-Maximization(EM) algorithmprovidesaveryprincipledapproachto

theproblemof mapping,but it involvesanexpensive off-line alignmentphase[3]. There

exist heuristicapproachesto this problemthat fall shortof full EM, but they do not pro-

vide a completesolutionandthey requireadditionalpassesover thesensordata[4]. Scan

matchingcanproducegoodmaps[5, 6] from laserrange�nder data,but suchapproaches

typically mustexplicitly look for loopsandrequireadditionaleffort to closethem.In vary-

ing degrees,theseapproachescanbe viewed aspartially separatingthe localizationand

mappingcomponentsof SLAM.

Recentapproachesto SLAM have shown somesigni�cant progresstowardssolving

thecombined,real-timeproblem.Oneof themorepopularof thesemethodsis FastSLAM,

which typi�es a groupof approachescalledlandmark-basedSLAM. For thesealgorithms,

themapis representedby a setof distinctive landmarks,andaKalman�lter is maintained

over theselandmarkpositions. Anothergroup of approachesconcentratesmoreon the

underlyingtopologicalmap, and then builds a more comprehensive map on top of the

topology[7].

However, it is importantto keepin mindthepurposeof themap.Landmarksandtopol-

ogyare�ne toolsfor localizationandevensimplenavigation,but arenotvery informative
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for otherapplications.To makewell reasoned,intelligentdecisionsabouttheenvironment,

amorecompletepictureis needed.Toachieveany usefullevelof autonomy, eventomerely

travel unaidedfrom onespeci�c point to another, therobotneedsto havea fairly complete

pictureof the world. With this in mind, we concentrateon developinga SLAM method

whichcanproduceadensemetricrepresentationof theworld, usingoccupancy grids.

1.1 Objective

Theprimarygoalof this projectis to producehighly accurateanddetailedmapsfor both

2-D and3-D environmentsin real time. Thesemapsshouldbecompleteandinformative

aswell asbeingaccurateover large environments,regardlessof the robot's paththrough

the environment. Ideally, SLAM shouldbe a passive algorithm,andexplicit behaviors,

suchastraveling in loopsshouldnot bea requirementfor accuratemapping.To preserve

the robot's autonomy, it shouldbe able to achieve thesegoalswith little or no human

intervention.

Wehavemadesigni�cant progresstowardsthisgoal,in thetwo dimensionalcase.The

developmentof a novel algorithm, Distributed Particle SLAM (DP-SLAM), allows for

theef�cient maintenanceof multiple maphypothesesin a principledfashion.A carefully

constructedmapformulationprovidescompletemaps,whichareableto representareasof

uncertaintyandsemi-transparency.

We presenta numberof advancesin effectively managingresources,allowing better

concentrationin relevant areasof the statespace.The effective useof an ef�cient map

representation,whencombinedwith dynamicprogramming,allowsthealgorithmto berun

in lineartimewith respecttoboththesizeof theobservationsandthenumberof hypotheses

beingconsidered.Surprisingly, thisprovidesanasymptoticrunningtimewhichis identical

to purelocalization,for agivennumberof particles.

To maintainanappropriateproposaldistribution in thefaceof changingenvironmental

3



androbotparameters,wehavealsodevelopedapurelyautonomousmethodfor calibration

of the robot's motion model. Using the SLAM algorithm itself within an Expectation

Maximization(EM) framework, we cancreatemuchtighterproposaldistributions. This,

in turn,cangreatlyimprovethedistributionof resourceswithin thestatespace.With these

methods,in conjunctionwith ef�cient implementationanda well concentratedproposal

distribution, we areableto producevery high quality, accuratetwo dimensionalmapsat

ef�cient speeds.

Three dimensionalmapping, is still an open areaof research. However, we have

promisinginitial resultson how to representthe vastamountof dataneededin an ef�-

cientmanner, andhow to processthewealthof input informationin reasonableamounts

of time. We arecontinuingwork on promisingmethodsfor many of therelatedproblems,

suchasthedevelopmentof effective sensorsandtheir associatedobservationmodels.We

arealsocontinuingto pursuemoreef�cient representationandmanipulationof thedata,to

overcomethedataexplosioninherentin moving from 2-D to 3-D.
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Chapter 2

Previous Work

2.1 Localization Overview

A simpler, but similar problemto SLAM is roboticlocalization.For purelocalization,the

robotalreadyhasa mapof its environment.Thegoal is to usetherobot's sensorsto track

the robot's poseasit movesthroughthe environment. The sensorscanprovide indirect

observationsof theenvironment,which therobotcanthencomparewith its internalmap

of theworld. Using thesecomparisonsbetweentheexpectedobservationsandtheactual

readings,combinedwith therobot'sbeliefof its posein thepast,it is possibleto determine

therobot'scurrentpose.

Successfullocalizationis nota trivial problemin itself. Thesensorreadingstendto be

noisyandsparse,andmany areaswithin theenvironmentappearto beverysimilar. There-

fore, a probabilisticalgorithmis requiredto track the robot's position. This is achieved

eitherthrougha KalmanFilter, or amoregeneralParticleFilter.

2.1.1 Particle Filter Review

A particle�lter is asimulation-basedmethodof trackingasystemwith apartially observ-

ablestate.Webrie�y review particle�lters here,but referthereaderto excellentoverviews

of this topic [8] andits applicationto robotics[9] for amorecompletediscussion.

A particle �lter maintainsa weighted(and normalized)set of sampledstates,���

�������	�	�
�	�
�

, calledparticles. At eachstep,the robot executesa motion � , andmakesan

observation � (or vectorof observations).Theparticle�lter executesthefollowing steps:
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1. Samples� new states�

�

�

��� �

�

�	�	� � �

�

�

from � with replacement.

2. Propagateseachnew statethrougha Markovian transition(or simulation)model:
���

� � ��� � ���

�
	 . This entailssamplinga new statefrom theconditionaldistributionover

next statesgiventhesampledpreviousstate.

3. Weighseachnew stateaccordingto aMarkovianobservationmodel:
���

�

� �

� �

	

4. Normalizestheweightsfor thenew setof states

Particle�lters areeasyto implementhave beenusedto trackmultimodaldistributions

for many practicalproblems[8].

2.1.2 Particle Filters for Localization

A particle �lter is a naturalapproachto the localizationproblem,wherethe robot pose

is the hiddenstateto be tracked. The statetransitionis the robot's movementand the

observationsaretherobot'ssensorreadings,all of whicharenoisy.

Thechangeof thestateovertimeis handledby amotionmodel.Usually, themotionin-

dicatedby therobot'sodometeris takenasthebasisfor themotionmodel,asit is areliable

measureof theamountthat thewheelshave turned. However, odometryis a notoriously

inaccuratemeasureof actualrobotmotion,evenin thebestof environments.Theslip and

shift of the robot's wheels,andunevennessin the terraincancombineto give signi�cant

errorswhich will quickly accumulate(Figure2.1. A motion modeldiffers acrossrobots

andtypesof terrain,but generallyconsistsof a linearshift, to accountfor systematicerrors

andGaussiannoise.Thus,for odometerchangesof � , � and 
 , a particle�lter appliesthe

noisemodelandobtains,for particle � ,

��� � �����������������

� �

��!

�"	 (2.1)

�#� � ��$����%�&��$'���

� �

�(!

$)	 (2.2)


*� � �,+-�.
/�0�1+-�2�

���

��!

+�	 (2.3)
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Figure2.1: A plotof therobot'sactualmotion,shown in grey, comparedwith thetrajectory
describedby theodometry, shown in black.
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The � and � termsare linear correctionto accountfor consistenterrorsin motion. The

function �

���

��!

	 returnsrandomnoisefrom a normaldistribution with mean0 andstan-

darddeviation
!

, which is derivedexperimentallyandmaydependuponthe magnitudes

of � , � , and 
 .

After simulation,weneedto weighttheparticlesbasedon therobot'scurrentobserva-

tionsof theenvironment.For purelocalization,therobothasamapstoredin memory. The

positiondescribedby eachparticlecorrespondsto a distinct point andorientationwithin

that map. Therefore,it is relatively simpleto determinewhat valuesthe sensorsshould

return,given the posewithin the map. The standardassumptionis that sensorerrorsare

normallydistributed.Thus,if the�rst obstructionin themapalonga line tracedby a laser

castis atdistance� andthereporteddistanceis �

�

, theprobabilitydensityof observingdis-

crepancy � ���

���

� , is normallydistributedwith mean
�

. Giventhemodelandpose,each

sensorreadingis correctlytreatedasanindependentobservation [10]. Thetotal posterior

for particle � is then
�

� �����

� �

� �	�

�
�

�

�

� 	

�

where � �	� is thedifferencebetweentheexpectedandperceiveddistancesfor sensor(laser

cast) 
 andparticle � .

Particle �lters have beenusedsuccessfullyin many differentwaysto localizea robot.

One of the most notableis the pair of robotsusedas museumtour guides,Rhino and

Minerva, deployed at the DeutschesMuseumBonn andthe Smithsonian's NationalMu-

seumof AmericanHistory, respectively, for a periodof severaldaysat a time [2]. These

robotswereableto guidevisitors to variousexhibits successfully, evenin thepresenceof

signi�cant noise,mostnotablyfrom thepeoplethemselves.

Sinceusingparticle�lters in this manneris sosuccessfulat localization,it is natural

to considerthemfor the problemof SLAM. However, all previous attemptsarestopped

at the samepoint: how to representthe uncertaintyin the robot's posewhen updating
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positionsof possibleobstructionsin themap.Theconceptuallycorrectmethodis to allow

eachparticleto maintainandupdateits own map. However, implementationof this idea

requiresextraordinaryamountsof memory, andis prohibitively slow, discouragingfurther

researchinto thisapproach.Wewill returnto this issuein latersectionsfor amoredetailed

discussion.

2.2 Landmark SLAM

Onepopularapproachto SLAM is to selectdistinctive featuresin theenvironmentto use

aslandmarks[11, 12]. Theselandmarkscanthenserveasnavigationalguidesto determine

therobot'sposein theworld. Theassumptionis thattheselandmarkscanbechosento be

distinctiveenoughthattherobotcaneasilycorrelatea landmarkthatis currentlyobserved

with oneof thepreviousobservationsof thatsamelandmark.Theselandmark-basedmeth-

ods are algorithmically different from other SLAM methods,in that insteadof using a

particle�lter to tracktherobotpose,they useaKalmanFilter.

We presenta brief overview of Kalman�lters here,but referthereaderto anexcellent

presentationof thetopic [13] for greaterdetailanddepth.For a completebasictreatment

of Kalman�lters asappliedto SLAM, wereferthereaderto theoriginalpaperin the�eld

by Cheeseman,Self andSmith[14].

2.2.1 Kalman Filter Overview

A Kalman�lter is a well establishedmethodtrackingthestateof a stochasticlinearequa-

tion
�������

.
�

�

���

�

�	� � ��


�

At eachdiscretetimestep,anoisymeasurementof thestateis made,�

���

�

� ��


�

�

���

�
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The � and 
 termsrepresentthe noisepresentin the motion andobservation equation,

respectively. Thesesourcesof noiseareassumedto beGaussianandindependentof each

other.
���


 	 ���

���

���

	

�

���

� 	 ���

� �

���

	

�

�

is calledthe processcovarianceand
�

is the measurementcovariance. Both of these

covariancematricesareallowedto varybetweentimesteps.

As well astrackingthestateitself, a Kalman�lter alsomaintainstheentirecovariance

matrix of thestateestimate
�

. At eachtime step,uponobservingthemeasurement� , the

KalmanFilter doesthefollowing:

1. Predictthenext stateaccordingto thetransitionmodel. Sincethenoiseis assumed

to bemeanzero,it is ignoredfor this step.
�

�

���

�

�	� �

2. Updatethecovarianceof thestate,thusincreasingtheuncertainty.
�

�

� �

�

��� �

�

3. ComputetheKalmangain,to determinetheamountof strengththat thenew obser-

vationshouldhave in updatingthestate.���

�

�



�

�




�

�



�

�

�

	�	

�

4. Updatethestateby averagingit with thenew observation,weightedby theKalman

gain.
�

� �

�

�

�

�
�

�

�

�




�

�

	

5. Updatethestatecovariance,to indicatetheincreasedcertaintyfrom thenew obser-

vation.
�

� �

�

���

�

��
2	

�

�

Kalman�lters arecommonlyusedasan exact solutionto trackinga wide variety of

linear systems.Unfortunately, the systembeing tracked during localizationis distinctly

nonlinear, asthereexists an inherenttrigonometricrelationbetweenthe lateralandrota-

tional motionsof the robot. Therefore,it is necessaryto usean ExtendedKalmanFilter

(EKF) to createanapproximatesolution.In theEKF, we usethe�rst Taylor seriesexpan-

sionof thenonlinearequationaroundthecurrentstateto createa linearapproximateto the
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system.This meansthatwe needto incorporatetheJacobianmatrix into theabove steps,

giving usa new seriesof equations.

1.
� �

���

�

� �

�
	

2.
�

�

���

�

� � ���

�

� �

3. � �

�

�


 �

�




�

�


 � ���

�

� � 	 	

�

4.
�

� �

�

�

�

� �

�

�

���

�

�

�

	(	

5.
�

� �

�

� �

�

��
 	

�

�

In the above equations,� and � are the Jacobianmatricesof partial derivativesof the

processfunction � with respectto the currentstateand the processnoise,respectively.

Similarly, 
 and � arethe Jacobiansof the measurementfunction
�

with respectto the

currentstateandthemeasurementnoise.Naturally, � and 
 will needto berecomputed

roundthenew stateestimateateachtimestep.

It shouldbe notedthat the ExtendedKalmanFilter is an approximatesolutionto the

inherentlynonlinearsystem.This possiblesourceof error shouldbe kept in mind when

consideringanEKF for thetheproblemof LAM. In addition,all distributionsareassumed

to be Gaussian,andthusunimodal. This assumptionshouldbe treatedskeptically in the

caseof trackingtherobot'spose.

2.2.2 Kalman Filters for SLAM

Oneof the major dif�culties for usingKalman�lters for SLAM is the problemof data

association.Theobservationmodelassumesthatthereis aknown transformationbetween

themeasurementsandtheobjectsbeingmodeled.However, mostaspectsof theenviron-

mentarevery similar, andit is not within thecapacityof thesensorto distinguishdirectly

whichspeci�c objectis beingobservedatany giventime.
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This is wheretheconceptof landmarksis used.Theassumptionis madethattherobot

canmakedirectobservationsof acertainsubsetof theobjectsin theenvironment,andrec-

ognizethesespeci�c objectsunambiguously. Therefore,wheneveranobservationis made,

it is possibleto know exactly which objectis generatingthatspeci�c measurement.Once

this problemof known dataassociationis solved, the stateestimationproblembecomes

signi�cantly moremanageable.

As wehavenotedbefore,thestatetrackedin SLAM is boththerobotposeandthemap.

In thecaseof landmark-basedSLAM algorithms,themapthattherobotis usingto localize

is the setof landmarkpositions.The maintenanceof this type of map�ts in very nicely

with the Kalman�lter framework. Eachlandmarkcanbe representedby a setof spatial

coordinatesin thestateestimation.This allowsthelandmarksto havecorrelatedGaussian

distributionsover their positions,asexpressedin thecovariancematrix. Therobot's own

poseis alsoincludedin thestate,andis theonly portionof thestateestimationaffectedby

thestateupdatestepof theKalman�lter; thelandmarksareall assumedto bestationaryin

theworld.

2.2.3 Variations on Landmark SLAM

Theuseof a Kalman�lter providesa principled,closedform solutionto theSLAM prob-

lem. However, thereexist several problemswith this formulation. First, many of the

assumptionsof Gaussiandistributionareinaccurate.In particular, thedistributionof robot

posescanbe distinctly multimodal,dueto sensorambiguity. This problemis especially

exacerbatedwhenlandmarksarenot completelyunambiguous.Second,maintainingthe

covariancematrixbetweentheentiresetof landmarksrequires�

�����

	 runningtime,where
�

is the total numberof landmarksin the map, in order to updatethe map. Notice that

thiscomplexity hastheundesirablequality thatit is dependenton thetotalsizeof themap.

Thus, the running time canquickly becomeimpracticalas the robot is deployed over a
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large area,even when the landmarksmaintaina constantdensity. Finally, and perhaps

most importantly, the mapwhich is maintainedis only a mapof landmarks;other, less

distinctive featuresin theenvironment,includingwalls andsimilar obstructions,will not

berepresented.As a result,themapis only usefulfor localizationandhigh level naviga-

tion. Any interactionwith theworld, includinglocalpathplanningandobstacleavoidance,

requiresamorecompletemapof theenvironment.

Anotherlimitation of landmark-basedmethodsis theselectionandrecognitionof the

landmarksthemselves. The problemof allowing the robot to selectfeaturesof the envi-

ronmentautonomouslyto useaslandmarksis still anopenquestion.Without someform

of object recognition,the taskof picking an aspectof the world which is distinct from

severaldifferentpointsof view, in a mannergeneralenoughto beusedin a wide variety

of environments,canbevery dif�cult. Furthermore,therecognitionof landmarkscanbe

a dif�cult dataassociationproblem.Attemptingto identify a certainfeatureuniquelyasa

speci�c landmarkthathasbeenseenbefore,particularlywhenleaving openthepossibil-

ity that this maybea new, previously unobservedlandmark,is a very dif�cult task. This

processis only hinderedby thenoisy, limited sensorsavailableto therobot.

Finally, the Kalman�lter representationis incapableof incorporatingnegative infor-

mationinto thestateestimation.Wheneveranobservationof a landmarkis made,thestate

canbeupdated.However, thereis no methodprovidedfor updatingthestatewhena land-

markshouldbeobserved,accordingto someportionof theprobablestatespace,but isn't.

This negative informationis potentiallya very importantsourceof informationwhich is

completelyignoredin landmarkbasedSLAM.

Someof theseproblemshavebeenaddressedby existingwork. Oneof themorepromi-

nentmethodsis theuseof thin junctiontreesto approximatethecovariancebetweenland-

mark positionestimates[12]. This treatsthe covarianceasa sparsersetof relationships

betweennearbylandmarks.Theability of a singlelandmarkto in�uence its neighborsis
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restrictedto allow propagationonly if thein�uencehasreachedacertainthreshold.There-

fore, mostupdatesto the mapaffect only a local setof landmarks,but moreinformative

events,suchasthecompletionof a loop, arestill allowedto propagatethroughtheentire

map. Therefore,the averagerunningtime of the Kalman�lter is greatlyreduced,while

still maintainingagoodapproximationof thefull covariancematrix.

A similar approachusesa sparseextendedinformation�lter to approximatetheEKF

by the most importantpairwiseconstraints[15]. Much like the thin junction trees,this

methodgreatlyreducesthe amountof informationthatneedsto be updatedat eachtime

step,by passinginformationalongthemostinformativeconstraints.

The otherpopularimprovementon landmark-basedSLAM is FastSLAM [11]. This

algorithm usesa Rao-Blackwellizedparticle �lter [16] to track the robot's pose. This

allows the mapto still be representedasa setof Gaussiandistributionsof the landmark

positionslike a Kalman�lter , while samplingdistincthypothesesfor therobot's pose,in

the samemannerasa particle�lter . Given the robot pose,all of the landmarkpositions

becomeindependent[10]. This importantconsequencegreatlyimprovestherunningtime,

sinceeachlandmarkcannow betreatedasaseparateKalman�lter , with trivial dimensions.

Furthermore,it no longer requiresthe distribution of robot posesto be constrainedby

a Gaussian,allowing for more�e xible, multimodaldistributions. It is importantto note,

however, thatthismethodof samplingrobotposesimpliesthatthemapsarenow dependent

directlyon theindividual robotpose,andthuseachparticleneedsto maintainits own map

of landmarkpositions,whichcanleadtoothercomplicationsfor runningtimeandmemory.

This methodhasmet with considerablesuccess,whenthe issuesof dataassociationare

solved,andcanproducehighqualitymapsin largeenvironments.

Sincethedataassociationproblemis suchacrucialpartof aneffectivelandmark-based

SLAM method,thereareanumberof methodsfor solvingthisrecognitionproblem.In one

effectivemethod,dataassociationsarealwayschosensoasto maximizetheprobabilityof
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the currentobservation [11]. In differentapproach,the raw sensorinformation is com-

posedinto a “template” for the landmark.Scancorrelationis thenusedto identify these

landmarks[17].

2.3 Hybrid TopologicalSLAM

The predominantalternative to landmark-basedSLAM methodsis a loosecollectionof

topologically basedmethods. This topology can be representedeither explicitly, in a

graph[7, 18, 19], or detectedindirectly, throughscanmatching[5, 6]. Regardlessof the

representation,thereareacoupleof importantunderlyingpropertiesof thisvarietyof algo-

rithms.They all attemptto representamorecompletemapthanjustasetof landmarks,and

moreimportantly, they all attemptto exploit the topologyof the environmentto achieve

consistency, and,hopefully, accuracy.

At thecoreof thesealgorithmsis a methodby which to detectwhena loop is closed.

Thatis, they arespeci�cally seekingto detectwhentherobot's trajectorydoublesbackon

itself. Theproperalignmentof theseloopclosingeventsgivesmuchthesameinformation

thatis capturedby theKalman�lter whena landmarkbasedmethodclosesa loop,andthe

entiretrajectorybetweenstartingatthatpointandreturningto it canbere�ned by thisextra

information. Therefore,thesemethodsattemptto leveragethe topological information

explicitly, while still maintaininga morecompletemapof theenvironment,andavoiding

thedataassociationdif�culties inherentin landmarkbasedmethods.

However, loop closing is a muchmoredif�cult problemwithout the useof explicit

landmarks.Dif �cult questionsariseof how to detectsuchanevent,andhow to align the

two perspectiveson thesamesceneproperly. Withoutexplicit landmarks,dataassociation

is ambiguous,andbothdetectionof aclosedloopandalignmentof thetwo piecescanlead

to errorsandfalsepositives.Furthermore,exactly how to propagatethis new information

is a dif�cult question.Correctingthe interveningtrajectoryis dif�cult to accomplishin a
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principledfashion,without a setof covariancesto use.Lackingany methodof enforcing

accuracy, the correctionis insteadusually performedin a manneremphasizingconsis-

tency. While not widely adopted,a methodhasbeenproposedfor modelingthe residual

errors[20]. Theseresidualscouldthenbeusedto distributetheerrordetectedby theloop

closure.

Themajordrawbackof thesemethodsis their failure to betruly “simultaneous”.De-

tectingloop closures,andevenmoreso,applyingtheadditionalinformationsuppliedby

them, is a very computationallyintensive process,which is likely to causea signi�cant

discontinuityin therobot's ability to processthealgorithmin real time. Furthermore,the

qualityof themapsarehighly variable.Eventhoughthe�nal mapswhichareproducedcan

look very good,they arestill not very accurate,asthecorrectionsto thetrajectoryarenot

necessarilyappliedto thecorrectportions.Resultantmapsoftenhave bends,elongations,

or otherdistortionsfrom the correctmap,as the loop closingevent attemptsto achieve

consistency in any way possible.Perhapsmoreimportantly, even theseconsistentmaps

canonly beproducedatdistinctintervals. In thetimebetweenloopclosures,themapscan

degradearbitrarily.
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Chapter 3

Map Representation

3.1 OccupancyGrids

Occupancy grids,alsoknown asevidencegrids,area popularmethodfor describingthe

parametersof anenvironment,asthey arevery intuitivemethodfor representingtheworld.

Occupancy grids were originally developedat Carnegie Mellon University in 1983 for

sonarnavigationin thelab [21, 22]. They quickly becamepopulardueto their easeof use

with sensorfusionandrobotnavigation[23].

Envision the entireworld divided up into a regular grid of squares,all of equalsize.

Eachof thesegrid squarescorrespondsto a physicalareain theworld, andassuch,each

squarecontainsadifferentsetof objectsor portionsof anobject.An occupancy grid is an

abstractrepresentationof thesesectionsof theworld, containinginformationon whether

thatsquarein therealworld is occupied.This notionof occupancy canchangedepending

ontheapplication,but generallyeitherindicateswhethertheareawouldblock thepassage

of a robot, or whetherthe areawould show up on the robot's sensors.Ideally thesetwo

conceptsshouldbeoneandthesame,but dueto noisysensors,“invisible” objects,“insub-

stantial”objects,andmany areasonly beingpartiallyoccupied,they sometimesdiverge.

Nearlyall early localizationmethodsweredevelopedfor occupancy grids. Similarly,

many pathplanningalgorithmsassumeeitheranoccupancy grid or a similar densemetric

map.This lastingpopularityis largely dueto thesimplicity of therepresentation,andthe

detailwhich is easilyavailableatdifferentresolutions.
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3.2 Deterministic and StochasticOccupancyModels

An occupancy grid canberepresentedin many differentways.It is importantto ensurethat

therepresentationis well tailoredto boththesensorbeingusedandtheapplication.Most

of thestandardapproachescanbegeneralizedinto two types:deterministicandstochastic.

Deterministicoccupancy gridsarethesimplestimplementation,andhaveadiscreteset

of valuesfor the grid squares.Thesetypically areEMPTY andOCCUPIED,andsome-

timesincludeavaluefor UNKNOWN or UNOBSERVED. Thisclearandsimpleapproach

tendsto bepopularfor mapsof theenvironmentcreatedby handor for simulatedenviron-

ments,for usewith pathplanningalgorithms,or othermethodshaving to dowith physical

interactionwith theworld. They giveaveryclearcutdescriptionof thephysicaloccupancy

of theworld from a spatialstandpoint.However, they tendto beanoversimpli�cation for

sensors,sincevery rarelywill thesensorever seesquarepatchof theworld which is both

completelyoccupiedand always accuratelyobserved. For this reason,stochasticmaps

are muchmorepopularfor localization,mapping,andothermethodswhich rely on an

observationalinteractionwith theworld.

Stochasticmapshave a notion of OCCUPIEDand EMPTY, just like deterministic

maps,but insteadof viewing thesevaluesasabsolutes,they have a sliding scaleof var-

ious degreesof occupancy. Thesevaluesareaffectedby a variety of factors,including

whatpercentageof thesquareis believedto beoccupied,andhow transparenttheobject

is to thesensor. Sincethesenumbersrepresentthebehavior of a speci�c sensorwith the

givenarea,it makessensethatthemethodfor representingthis uncertaintywould change

for differentsensors.Both thestochasticrepresentationandthecorrespondingobservation

modelneedto betunedproperlyfor thedeviceused.
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3.3 Laser Model

The recentdevelopmentof reasonablypricedlaserrange�nders hasquickly madethem

a dominantsensorfor usein mappingaswell aslocalization.Unlike othersensors,laser

range�nders cangive accuratemeasurementswithin a few centimeters,andareeffective

out to rangesof 20 metersor more. Another importantdifferencebetweenlaserrange

�nders andsensorssuchassonaris thatthelasertracesavery thin line throughtheworld,

as comparedto the wide conefrom sonar. As such,the lasercan provide much more

preciseandaccuratereadings,comparedto previoussensors.

Thereare threemain sourcesof uncertaintythat we would like to accommodatein

our model. The �rst hasto do with small objects,andirregular surfaces.Regardlessof

the resolutionof our grid, therewill always be objectswhich do not �t well within a

grid square.Roughsurfaces,suchasrocksandplants,aswell assmall itemslike fences

andbushesare very dif�cult to representexplicitly in a deterministicfashion. Another

issuearisesfrom the discretizationof the world. Most surfacesdo not align well with a

givengrid, sincethey do not happento be axis-parallel.Instead,they will only partially

occupy certainsquares,andthey will give differing readingsdependingon which portion

of the grid squareis scanned.This can be particularly problematicfor surfaceswhich

arenearlyparallel to the currentscan. Lastly, thereareobjectsin the world that behave

in mannerstoo complex to easilymodel,suchasmoving people,or surfaceswhich can

occasionallyre�ect thesensor. Wewouldlikeamethodwhichcanrecovergracefullyfrom

theseaberrantevents,insteadof placingpermanenterrorsin themap.

The idea of using probabilisticmap representationsis possiblyas old as the topic

robotic mappingitself [21]. Many of the earliestSLAM methodsemployed probabilis-

tic occupancy grids,which wereespeciallyusefulfor sonarsensorsproneto noisyand/or

spuriousmeasurements.However, by concentratingon a modelfor a laserrange�nder,

and the behavior of our own algorithm,we candevelop a moreappropriatemethodfor
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representinguncertaintyin themap,which takesinto accountthedistancethelasertravels

througheachgrid square.

Themainchallengesfor devisingaprobabilisticmaprepresentationarein developinga

representationof theenvironmentthatis consistent,�e xible, andeasilyupdated.Ourbasic

assumptionis thateachgrid squarerespondsto laserlight in a mannerthatis independent

of neighboringsquares.Moreover, thebehavior is independentof theangleof incidenceor

thepartof squarewhich is struck;thebehavior with respectto aparticularsquaredepends

only on thedistancethelasertravelsthroughthesquare.

Ourassumptionsare,of course,falsefor mostenvironments.However, they areaplau-

siblerelaxationof theratherstrict assumptionsmadein thedeterministicmap.Intuitively,

ourmodelcorrespondsto theassumptionthatbetweenscans,theobstructionsin eachgrid

squareareredistributeduniformly within the square.Obviously, moresophisticatedap-

proachesthat retainmoreinformationarepossibleandsomeareunderconsiderationfor

futurework. However, if the robot is not permittedenoughmemoryto recall theprecise

locationsof objectswithin a grid square(or if thelaserdoesnot have enoughaccuracy to

makesuchrecordsworthwhile),theassumptionof uniformity is quitenatural.

3.4 Map Representationand Observation Model

Sincemapsare alreadyfairly large datastructures,we would like to maintaina small

andconstantamountof additionalinformationfor eachgrid squarethat summarizesthe

propertiesof the square.With this restriction,it seemsnaturalto avoid overly complex

modelsby assumingthat the probability of stoppingat any particularpoint within the

squareis uniform over the square. From that point, the speci�c methodof developing

theseprobabilitiescanbetailoredto thebehavior of thesensor.

Oneimportantgoal of our model is the ideathat the probability of laserpenetration

shoulddependon thedistancetraveledthrougha grid square.Earlierapproachesto esti-
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Figure 3.1: Effectof angleon numberof grid cellspenetrated.

matingthethetotalprobabilityof thescanwouldtracethescanthroughthemap,andweigh

themeasurementerrorassociatedwith eachpotentialobstacleby theprobability that the

scanhasactuallyreachedtheobstacle[24]. In anoccupancy grid with partialoccupancy,

eachcell is a potentialobstacle.

ConsiderFigure3.1,wherewe canseetwo possiblescansof equallength,originating

from the sameposition,but with differentorientations.Note that the axis parallelscan

passesthroughthreegrid squares,while thediagonalscanpassesthrough4. (In general,

thenumberof squaresvisitedcandiffer by afactorof � � .) Withoutamethodof weighting

thevisitedgrid squaresbasedonthedistancethelaserhastraveledthroughthem,two scans

of equallengthtravelingthroughsimilargrid squarescanhavevastlydifferentprobabilities

(sincethey representa differentnumberof possiblelaserobstacles)basedsolely on the

orientationof the map. Notice alsothat someof the squaresthat the angledscanpasses

throughare only clipped at the corner, resultingin a very shortdistancespentin those

squares.Evenif thesesquaresareknown to interruptlaserscanswith highprobability, the

effectsof thesesquareson thethetotal probabilityof thescanshouldbediscounted.This

is largely dueto the fact that the sensoronly detectsthe boundariesof objects,andthus

mapsquareswhich are likely to be occupiedarealmostalwaysonly partially occupied.

Theseeffectscancausea localizationalgorithmto preferto align somescansalongaxes

for spuriousreasons.While this issuehasbeenrecognizedsomeexisting work [2], is

often ignoredin otherstochasticmodels,despitebeinga very importantconsiderationin

minimizing theeffectsof discretizationin themap.

Oursecondgoalin developinga laserpenetrationmodelwasthatthethemodelshould
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Figure 3.2: Effect of grid resolutionon scanprobabilities.If thegrid squaresall have the
samedensityto thesensor, thescanon theleft shouldhavethesameprobabilityastheone
on theright.

beconsistent. Wederiveournotionof consistency from thefollowing thoughtexperiment.

Considera lasercastthatpassesthroughtwo adjacentsquaresof identicalcompositionand

travels thesamedistancethrougheachsquare(Figure3.2). Theprobability that the laser

beamwill beinterruptedshouldbethesameasif thelaserhadtraveledtwice thedistance

througha single, larger squareof identical compositionto the two smallerones. More

generally, consistency suggeststhat our level of discretizationshouldnot directly affect

theprobabilitythata lasercastof givena lengthwill beinterrupted.

If we de�ne,
��� �

�

���

	 to be the cumulative probability that the laserwill have been

interruptedaftertravelingdistance� throughamediumof type
�

, ourconsistency condition

canbestatedmoregenerallyin termsof 
 divisionsas,
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Thissummationrepresentsthatthelasercouldbeinterruptedduringany segmentof length
�

�

. We accumulatetheprobabilityof stoppingin eachone. Insidethesummation,the�rst

termis theprobabilitythatthescanwouldbeobstructedin thegivensegment.Thesecond

termrepresentsthe probabilityof the scanmakingit that far; that is, the probability that

eachprevious segmentdid not obstructthe laser. As canbe seenby simplesubstitution,

the exponentialdistribution,
��� �

�

���

	 �

�

�������

� , for a positive scalar
�

, is a compact

representationwhich satis�esthis consistency condition.We will referto
�

astheopacity

of grid square.
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For any lasercast,we can expressthe interactionbetweenthe model and the trace

of the cast,up to somepoint
�

, as a vector of distancestraveled throughgrid squares

�

�

�

�

���	� �

�

�

	 and the correspondingopacities� �

�

� � �	�	� �

�

	 of thosesquares.As

notedearlier, thedistanceswill not be uniform. Dependingupontheangleof a cast,the

beamcouldcut acrossa grid squarein anaxisparallelmanner, go acrossit diagonally, or

possiblyjust clip a cornerof thesquare.Theprobability thata lasercastwill bestopped

at somepoint alongits trajectoryis thereforeequalto thecumulative probability that the

lasercastis interruptedby squaresup to andincluding
�

:
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Weexpresstheprobabilitythatthelasercastwill beinterruptedatgridsquare� as
���

stop �

� 	 , which is computedastheprobability that the laserhasreachedsquare�

�

�

andthen

stoppedat � ,

���

stop ���
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� 	 �
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where�
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�

and �
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�

havethenaturalinterpretationasfragmentsof the � and� vectors.

Supposethevector � �

�

�

���	�	�

�

�

	 is avectorof differencessuchthat �*� is thedistance

betweenthelaserdistancemeasurementandgrid square� alongthetraceof thelasercast.

We expresstheconditionalprobabilityof themeasurement,giventhatthelaserbeamthat

wasinterruptedin square� , as
��� �

� �

�

stop � � 	 , for which wemake thetypical assumption

of normallydistributedmeasurementnoise[25]. Notethethe � � termsareonly de�ned if

thelasermeasurementobservesaspeci�c stoppingpoint.

Theevents
�

�)�

�
���

��� � � 	 for all � form a partitionof all possiblelaserstoppingevents.

Therefore,theprobabilityof thelasermeasurement,� , with anobservedstoppingpoint, is

thenthesum,overall grid squaresin therangeof thelaser, of theproductof theconditional

probability of the measurementgiven that the beamhasstoppedat that point, and the
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probabilitythatthebeamstoppedin eachsquare,

���

�

�

stopped� true	 �

�

�

� �

�

���

� �

�

stop � �

�

�
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� 	 �
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���
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� � �
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stop � � 	

���

stop � �

�

�

�

� 	

�

3.5 Map Updates& Observation Model

Themeanof theexponentialdistributionwith opacity
�

is simply
�

, whichmakesupdating

our map particularly simple. For eachsquare,we maintainwhat is essentiallya laser

odometerthat sumsthe total distance�

� traveledby laserscansthroughthe square.We

alsokeeptrack of the numberof timesthat the laseris presumedto have stoppedin the

square,
�

. Our estimateof
�

is therefore
�

�

�

���

�

. In our initial implementationof the

occupancy grid wetreatthelaserasareliablemeasurementwhenupdatingthemap.Thus,

stopcountsandgrid odometersareupdatedunderthe assumptionthat the reportedlaser

depthis correct. We realizethat this remainssomewhatcontradictoryto our observation

modelandwe planto implementsoft updates,which will bring our approachcloserto an

incrementalversionof EM, in futurework.

Grid squareswhich have not beenobserved beforeare treatedin a specialmanner.

Thedif�culty with suchsquaresis thatit is dif�cult to estimatetheprobabilityof thelaser

stoppingin agivensquarewithoutpreviousexperiencewith thatsquare.Theusualsolution

to sucha problemis theuseof a prior. For our purposes,we usea gammadistribution as

a conjugateprior, with a shapeparameterof 1, anda scaleparameterthat hasa natural

interpretationasapreviouslyobservedratioof distancesto stops.Wewouldlike to setthis

ratio to onestopevery 8m (themaximumrangeof our laserrange�nder. Thestrengthof

this prior is alsokept low, equivalentto observingthis probability for a few centimeters

worthof distance.Thisgivesusaprior of ���
	 ���
	 �

�

�

���

m and
�

�
	 ����	 �

�

�

� ���

.

Sinceall grid squaresareat leastsemi-transparent,the line tracewill never terminate

on its own; thereis alwaysa somechancethatthelasershouldnot have beenstoppedyet.
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However, we know thatwhenthe laserreportsanobstruction,theremustbean objectat

somepoint within its range.Therefore,whena line tracereachesthemaximumrangeof

thesensor, wenormalizetheprobabilityof theobservationby thetotalprobabilitythatthe

laserhasbeenstoppedsofar. This hastheeffect of enforcingtheassumptionthata �nite

laserreadingmusthaveoriginatedfrom aphysicalobjectsomewherealongits trajectory:
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Conversely, whenthelaseris not observedto bestopped,theprobabilityof thelaserscan

is equalto theprobabilitythatno objectalongits trajectoryobstructedthelaser:
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�
� �

�����

�

� � false	 �
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�

��� �

�

�

� 	

�

This proposedobservationmodelassumesthatall of theerrorsin theobservationsare

normally distributed. Sinceeachobservation is independent,a single poor observation

canhave a drasticimpacton the total probability of a given pose. However, in reality,

thereexist many othercausesfor disagreementsbetweenthe observationsandthe map.

Re�ections from specularsurfaces,non-staticobjects,anddiscretizationerrorsarebut a

few sourceswhich cangive riseto highly erraticreadings.Fortunately, theseareall fairly

low probabilityevents,anddonotneedtobehandledspeci�cally by theobservationmodel.

However, their impact on the total probability shouldbe limited. Therefore,a certain

amountof “backgroundnoise”, � , is allowedin theobservations.Any singleobservation

hasa lower limit imposedon its probability, which canbe interpretedasthe probability

of anunmodeledeventcausinganerraticreading.In practice,this backgroundnoiselevel

wassetto berelatively low comparedto thenormalobservationmodel,lessthan0.5%:

���

�

�����

�

�'	 � � ���
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�

�

���

�'	 	
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Chapter 4

DP-SLAM

4.1 Algorithm

DP-SLAM implementsaparticle�lter overmapsandrobotposes,usinganoccupancy grid

to representthemap,to tracktheplacementof objectsin theenvironment.In this senseit

is a directextensionof many successfullocalizationalgorithms[9, 2, 25, 18]. However,

it is importantto notethat for purelocalization,eachparticleis trackingjust the robot's

pose.Eachparticleexists in thesamemap,andthereforewherea particlewasresampled

from in thelast time stepis irrelevant. How a particlearrivesat its currentlocationin the

mapis unimportant;all thatmattersis thatthecurrentposeis accurate.

Whenusingaparticle�lter for SLAM, eachparticlecorrespondsto aspeci�c trajectory

throughthe environmentand hasa speci�c map associatedwith it. Whena particle is

resampled,theentiremapitself is treatedaspartof thehiddenstatethat is beingtracked.

Sincethe ancestryof eachparticlematters,differentparticlesarenot interchangeablein

thesamesenseasin purelocalization,andaparticle�lter for SLAM is lessableto recover

from mistakes. Small errorsin the robot posecanbe reinforcedin later iterations,and

canquickly accumulateto form a poormap. Therefore,signi�cantly greaternumbersof

particlesarenecessaryin orderto cover the statespacesuf�ciently , not only in orderto

covertheextradimensionbeingtrackedacrossthespaceof maps,but alsoto ensurethatat

eachiterationwe aresuf�ciently closeto therobot's “true” poseat that time, soasto not

introducea tendency towardserrorinto themap.

For a particle�lter to track this joint distribution properlyover both robot posesand

maps,it is necessaryfor eachparticleto maintaina separate,completemap. During the

resamplingphaseof the particle �lter , eachparticlecould be resampledmultiple times.
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Therefore,it is necessaryto copy over theentiremapto eachnew particle,to allow each

hypothesisto maintainits own setof updatesto themap. This joint distribution, andthe

correspondingneedfor multiple maphypotheses,hasbeenrecognizedfor sometime as

beingcrucialto theSLAM process[26]. However, adirectapproachto thismethod,where

a completemapis assignedto eachparticle, is impractical. If the mapis an occupancy

grid of size � and
�

particlesaremaintainedby theparticle�lter , thenignoringthecost

of localization,�

�

�

�

	 operationsmustbeperformedduringtheresamplingstepmerely

copying maps. For a numberof particlessuf�cient to achieve preciselocalizationin a

reasonablysizedenvironment,this naive approachwould requiregigabytesworth of data

movementperupdate.

The major contribution of DP-SLAM over previous attemptsis an ef�cient represen-

tation of the mapto make mapcopying moreef�cient, while at the sametime reducing

the overall memoryrequiredto representtheselarge numbersof occupancy grids. This

is achieved througha methodcalleddistributedparticlemapping(DP-Mapping),which

exploits thesigni�cant redundanciesbetweenthedifferentmaps.

4.1.1 SingleMap

To appreciatefully the needfor multiple maps,we �rst considerthe behavior of usinga

singlemapto tracktheobservedenvironment.This is a commontrick usedby earlierre-

searchersin anattemptto avoid thecomplexitiesof mapcopying. In thismethod,asingle

mapis maintainedandusedfor localizationfor all of theparticles.At eachiteration,the

singlemost likely particleis chosen,andthe mapis updatedonly once,baseduponthis

greedychoiceof robot pose. All of the otherparticlesare ignoredduring the mapping

stage.This simplemethodis nicebecauseit looksalmostexactly like a problemof pure

localization,andcanbeexpectedto take equivalentresources.Theproblemwith it is that

althoughthemapmayseemconsistentfor shortlengthsof motion,smallerrorscanvery
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Figure 4.1: A SLAM algorithmin progress,demonstratingthe distribution of particles.
This illustratesthe possibledifferencesbetweenthe most likely particleat a given time
step,andthe truepose.This partialmapcorrespondsto theupperleft cornerof the �nal
mapin Figure4.2.

            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

Figure 4.2: Theresultsof ignoring the joint distribution over mapsandrobotposes,and
maintainingonly asinglemap.Thetwo sectionsof hallwayat thebottomaresupposedto
line up.
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quickly accumulate,to givepoormaps.Thesinglemaphasno ability to revisetheplace-

mentof earlierhypothesesasfutureinformationis acquired.It mustmake theassumption

that that the most likely poseat eachtime stepis the correctone,an assumptionwhich

is usually false. Any future observationsareunableto in�uence this choiceof the map

update.Thusthismethodof mappingis verybrittle andunableto recover from ambiguous

situations.

Let ustake acloserlook at how this methodperformsin anactualSLAM situation.In

Figure4.1wecanseetheresultsof asingle-mapSLAM algorithmin themidstof mapping

asectionof hallway. Hereweseeanoverheadview of theworld, with theedgesof objects

(occupiedgrid squares)depictedin black. In thecenterof thehall is aspreadof redpoints,

representingthecurrentsetof particleswithin themap. Sincethehallway at this point is

relatively featureless,it is dif�cult for thealgorithmto differentiateits positionalongthe

lengthof thehall, andthustheparticlesaremostlydistributedin a line alongthelengthof

thehallway. Themostlikely particleat this step,accordingto thesensormodel,is a point

nearthetop of thedistribution. However, therobot's truepositionalongthehallway was

actuallymeasuredto bemuchcloserto thebottomof thedistribution. Therefore,updating

the map basedupon our single most likely particle hasthe effect of foreshorteningthe

hallway slightly, andmoving all future observationsthat much closerto the top of this

hallway whenthey areenteredinto the map. Lacking any ability to keepmultiple map

hypotheses,futureobservationswhichcouldotherwisehelpresolvethisambiguityarestill

unableto correctthemap.

In Figure4.2,we canseetheendresultof this error, combinedwith many otherslike

it. Here,therobothascompleteda loop of thehallway, andhasphysicallyreturnedto its

startingpositionin theworld. However, becausetheSLAM algorithmwasinaccurate,the

robot's mapdoesnot re�ect this. Thetwo displacedsectionsof hallway at thebottomof

thismaparein factdifferentviewsof thesamehallway, andshouldbealignedin anaccu-
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ratemap. Unfortunately, sincethesinglemapSLAM methoddoesnot properlymaintain

thejoint distributionoverbothrobotposesandmaps,it is unableto completethis task.

4.1.2 Ancestry Trees

It shouldbeclearto thereaderby now thatcorrectlymaintainingthis joint distributionover

mapsandposes,andthusmaintainingmultiple maphypotheses,is crucial to solving the

SLAM problemaccurately, andproducinghighqualitymaps.However, aswehavealready

noted,if implementedin a naive fashion,this canbea very expensive task,both in terms

of processortime andmemoryrequirements.The bottleneckof theseapproachesis of

coursethesheersizeof themaps,andthecostof copying overeachmapwhenresampling

particles.

An astutereaderhasmostlikely observed that the naive approachis doing too much

work. Eachmapcarriesmuchin commonwith mostof theothermaps,andreproducingall

of this informationmultiple timesis aninef�cient useof resources.To make this concept

clearer, we will introducethe notion of a particle ancestry. Whena particle is sampled

from thedistributionat iteration � to produceanew successorparticleat iteration � �

�

, we

call thegeneration� particleaparentandthegeneration�"�

�

particleachild. Two children

with the sameparentaresiblings. From here,the conceptof a particleancestryextends

naturally. To seehow this canbeuseful,supposethat thelasersweepsout anareaof size

��� � andconsidertwo siblings,
� �

and
�

� . Eachsibling will correspondto a different

robotposeandwill make at most � updatesto themapit inheritsfrom its parent.Thus,

themapsfor
� �

and
�

� candiffer in at most � mappositions.Theentireremainderof the

mapis identical.

Whentheproblemis presentedin thismanner, thenaturalreactionfrom mostcomputer

scientistsis to proposerecordingthe“dif f ” betweenmaps,i.e, recordinga list of changes

thateachparticlemakesto its parent's map. While this would solve theproblemof mak-
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ing ef�cient mapupdates,it would createa badcomputationalproblemfor localization:

Tracinga line thoughthemapto look for anobstaclewould requireworking throughthe

currentparticle's entireancestryandconsultingthestoredlist of differencesfor eachpar-

ticle in the ancestry. The complexity of this operationwould be linear in the numberof

iterationsof theparticle�lter . Thechallengeis, therefore,to provide datastructuresthat

permitef�cient updatesto themapandef�cient localizationquerieswith time complexity

thatis independentof thenumberof iterationsof theparticle�lter . We call our solutionto

this problemDistributedParticle Mappingor DP-Mapping, andwe explain it in termsof

thetwo datastructuresthataremaintained:theancestrytreeandthemapitself.

4.1.3 Maintaining the Particle Ancestry Tree

The basicideaof the particleancestrytree is fairly straightforward. Every nodein this

treerepresentsa distincthypothesis,possiblyoriginatingfrom a previous iterationof the

particle�lter . Thetreeitself is rootedwith aninitial particle,of whichall otherparticlesare

progeny. Eachparticlemaintainsapointerto its parentandis assignedauniquenumerical

ID. Finally, eachparticlemaintainsa list of grid squaresthatit hasupdated.

Thedetailsof how wewill usetheancestrytreefor localizationaredescribedin thesub-

sequentsection.In this sectionwe focuson themaintenanceof theancestrytree,speci�-

cally onmakingcertainthatthetreehasboundedsizeregardlessof thenumberof iterations

of theparticle�lter .

We maintaina boundedsizetreeby pruningaway unnecessarynodes.First, notethat

certainparticlesmay not have children,due to resampling,andcansimply be removed

from the tree. Of course,the removal of sucha particle may leave its parentwithout

children as well, and we can recursively pruneaway deadbranchesof the tree. After

pruning,it is obviousthattheonly particleswhicharestoredin ourancestrytreeareexactly

thoseparticleswhichareancestorsof thecurrentgenerationof particles.
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This is still somewhatmoreinformationthanweneedto remember. Whatwe truly are

interestedin is whereandhow theparticlesdiffer from eachotherin termsof therobot's

trajectory, andthusthemap.Therefore,if aparticlehasonly onechild in ourancestrytree,

we canessentiallyremove it, by collapsingthatbranchof the tree. This hastheeffect of

merging theparent'sandchild'supdatesto themap,aprocessdescribedin thesubsequent

section. By applying this processto the entire tree after pruning,we obtaina minimal

ancestrytree,whichhasseveraldesirableandeasilyprovableproperties:

Independentof thenumberof iterationsof theparticle�lter , aminimalancestrytreeof
�

particles

� hasexactly
�

leaves,which arethesetof particlesfor thecurrentiteration;

� hasbranchingfactorof at least � , asadirectconsequenceof our treemaintenance;

� consequently, it hasdepthno morethan
�

.

Theprocessof maintaininganancestrytreeis perhapsbestillustratedthroughasimple

example. Figure4.3 depictsthe startof this process.Here, the robot is traveling down

a featurelesshallway, andwe will observe how the ancestrytreeis updatedasthe robot

moves.At thetopof the�gure is asingleparticle,wheretherobot'sposeis representedby

areddot,andthecurrentmapadditionsareshown in black.Thisoneparticleis resampled

from severaltimes,to givea numberof identicalchildren.Sincethemapfor eachparticle

is inheritedfrom their parent,it is shown in grey, insteadof black. Thesenew particles

aretheneachpropagatedforward by meansof the probabilisticmotion model. Thus in

Figure4.4eachparticlerepresentsa differentpose,andconsequently, eachhasa different

setof mapupdates.Theseparticlesarethenscored,basedon how well the new updates

agreewith the existing map,andrandomlyresampledproportionatelybaseduponthese

weights(Figure4.5).
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Figure4.3: An ancestrytreejustbeginning

Figure4.4: Thechildrenparticlesarepropagatedthroughtheparticle�lter .
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Figure4.5: Thechild particlesareresampledfor thenext generation

Figure 4.6: Unnecessaryancestorparticlesarepruned.
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Figure 4.7: Resamplingin thenext generation

Figure4.8: Irrelevantancestorsarepruned,andthecolumnon theleft is collapsed.
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Notice that at this point someparticleshave scoredhigherthanothers,andtherefore

wereresampledmorethanonce. Sincethe total numberof particlesat eachiteration is

keptconstant,this impliesthatthereareotherparticleswhich werenot resampledfrom at

all. Thesechildlessparticlescanberemovedfrom theancestrytree,asthey will have no

in�uence on any future particles(Figure4.6). In Figure4.7, the new setof particleshas

againbeenpropagatedforward,andthenscoredandresampled,to givethenext generation

of particles.However, at this step,therearetwo importantupdatesto bemadeto thean-

cestrytree.Ontheright, thereareapairof childlessparticlesfrom thepreviousgeneration

which canberemovedfrom theancestrytree.However, whenthis is done,their common

parentwill no longerhaveany childrenof its own. Thisolderancestorparticlecanalsobe

removedfrom thetree,asit alsonow hasno descendantsin thecurrentgeneration.

Theotherinterestingupdateis ontheleft sideof Figure4.7.Here,weseethatoncethe

childlessancestorparticlesareremoved,therewill beachainof ancestorparticles,eachof

whichwill haveonly onechild. Sinceweareinterestedonly in how thecurrentgeneration

of particlesdivergefrom eachother, this chaingivesusno pertinentinformation. There-

fore, thesenodescanall be mergedinto a singleancestorparticle,effectively collapsing

thechain.Thissingleancestorparticlewill containall of therelevantmapupdatesfrom all

threeancestorparticles,aswell asrepresentingthepointatwhich its descendantsdiverged

from theotherparticles.Figure4.8 shows theprunedancestrytree,with all unnecessary

nodesremoved,andthenon-branchingchainscollapsed.

4.1.4 DP-Map Representation

Thechallengefor ourmaprepresentationis to deviseadatastructurethatpermitsef�cient

localization,updatesand resampling. The naive approachof a completemap for each

particle is inef�cient dueto the high costof resampling,while the somewhat lessnaive

approachof simplymaintaininghistoryof eachparticle'supdatesis alsoinef�cient because
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it introducesa dependency on the numberof iterationsof the particle �lter during the

localizationstage.

Our solution to the map representationproblemis to associateparticleswith maps,

insteadof associatingmapswith particles.DP-mappingmaintainsjustasingleoccupancy

grid, wherethe particlesare distributed over the map. Unlike a traditional occupancy

grid, which storesa singlevalueat eachgrid square,we proposestoringtheentiresetof

observationsfor all of the particles. This setcaninitially be thoughtof beingstoredas

a tree,keyedon the IDs of the particlesthat have madechangesto theoccupancy of the

square.For ef�cient implementation,this treecanbekeptbalanced,usingared-blacktree,

or a similar method.In thenext chapter, we will show a moreef�cient way of storingthis

informationateachgrid square.

Thegrid is initializedasamatrixof emptytrees.Whenaparticlemakesanobservation

abouta grid squareit insertsits ID andthe observation into the associatedtree. Notice

that this methodof recordingmapsactuallyallows eachparticleto behave asif it hasits

own map. The only complicationis that eachlookup andupdateis now performedon a

balancedtree,ratherthana singleentry. To checkthevalueof a grid square,theparticle

checkseachof its ancestorsto �nd themostrecentonethatmadeanobservationfor that

square.If no ancestorhasmadeanentry, thentheparticlecantreatthis positionasbeing

unknown.

Wecannow describetheeffectsof collapsinganancestorwith asinglechild in thean-

cestrytreemoreprecisely. Thegoalof thisstepis to mergeall of thepertinentinformation

from thesetwo ancestrynodes,the parentandthe child, into a singlenode. This allows

for theremoval of oneof thenodesfrom theancestrytree,preventingbranchesof thetree

from growing arbitrarily, andtherebyensuringour �

���

	 minimalboundon thesizeof the

tree.Weaccomplishthis throughthefollowing steps:

Eachancestryparticlecurrentlymaintainsa list of thegrid squaresit hasobserved,
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andthusupdated.For eachitem in thechild's list:

– ChangetheID of theobservationto matchthatof theparent.

– If theparentalsohasanobservationat thisgrid square,removetheobservation

associatedwith theparent.

– Add thisobservationto theparent's list of observedsquares.

� Redirectall childrenof thechild node(i.e. grandchildrenof theparent)to recognize

theparentnodeastheirnew parent.

� Removethechild nodefrom theancestrytree.

4.1.5 SLAM usinga DP-Map

Accessinga givengrid squareonaDP-mapis slightly morecomplicatedthanwith astan-

dardoccupancy grid. Sinceeachgrid squarecontainsanentiresetof observations,�nding

out whethera speci�c particlehasmadean observationat this locationrequiresa search

acrossthis setof observations. However, eachparticleinheritsthe mapupdatesinserted

by its ancestors.Therefore,we needto stepbackwardsthroughthe particle's ancestry,

comparingeachancestorto thesetof observationsat thisgrid square.Thiswill giveusthe

mostrecentmapupdatefor this locationthatthisparticleshouldhave its own map.

Making an updateto the map is a simpler processthan accessingit. When a new

observation is made,the updatedvalue is addedto the set of observationsat that grid

square.At thesametime, theancestorparticlewhich madetheupdatekeepsa pointerto

thespeci�c observationin themap.

Deletionsof entriesto themapareonly performedwhenanancestorparticleis removed

from theancestrytree.Usingthelist of mapupdatesfor this ancestorparticle,which was

createdwhenthemapupdateswereoriginally addedto themap,we caneasilyremoveall

of thepertinentobservations.
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4.2 Complexity

Theonenicething aboutthenaive approachof keepinga completemapfor eachparticle

is thesimplicity: If we ignorethecostof copying maps,thenlookupsandchangesto the

mapcanall be donein constanttime. In theseareas,distributedparticlemappingmay

initially seemlessef�cient, dueto the searchover observations. However, we canshow

thatDP-mapsarein factasymptoticallysuperiorto thenaiveapproach.We�rst presentan

analysisof thedirect implementationof DP-SLAM, resultingin �

�

�

� ���

���

�

	 worst-case

runningtime. With somecarefulchanges,it is possibleto improve this runningtime to

�

�

�

� �

	 [27]. However, that result is completelysupersededby our resultsin the next

chapter, wherewe show how the algorithmcanbe implementedmuchmoreef�ciently .

Thosemethodsreducetherunningtime for DP-SLAM to �

�

�

�

	 , arguablythemostef�-

cientboundthatwecouldhopefor.

4.2.1 Naive Implementation

As we have alreadynoted,maintainingthe joint distribution over mapsand poseshas

beenattemptedbeforein SLAM. Thenaive approachto maintainingthesemultiple maps

involvedkeepingasinglefull mapfor eachparticle.Thishasthenicefeatureof fastlookup

time;accessingany givengrid squarefor aparticularparticlecanbedonein constanttime.

If theareaobservedateachtimestepis boundedby � , and
�

particlesareused,thismeans

thatthelocalizationstepof SLAM canbeperformedin �

�

�

�

	 time. Similarly, updating

a grid squaretakesonly constanttime, andsothemappingstepshouldonly take �

�

�

�

	

time.

However, themainbulk of computationlies in theresamplingstep.Keepingmultiple

completemapsmeansthat the robot will needto copy over an entiremapfor eachpar-

ticle, which will require �

�

�

�

	 time, where � is the sizeof the map. Sincetypically

� � � , this obviously is thedominantterm in thecomputation.Likewise,thememory
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requirementsfor this methodwill be �

�

�

�

	 space.It is theenormoussizeof �

�

that

quickly hamperstherobot in implementation.Vastmemoryrequirementsandprocessing

timeneededfor implementationhavemadethismethodinfeasiblefor usein any reasonably

sizedenvironment.

4.2.2 Initial Analysisof DP-SLAM

Themaingoalsfor usingdistributedparticlemapsareto removethecostlystepof copying
�

mapsat every iteration,andsimultaneouslyreducethe spacerequirementsto a more

reasonablebound. To achieve thesegoals,we are willing to acceptan increasein the

complexity of theothersteps.As wewill seelater, this sacri�ce is not in factnecessary.

LookuponaDP-maprequiresacomparisonbetweentheancestryof aparticlewith the

observationtreeat thatgrid square.Let � bethedepthof theancestrytree,andthusthe

maximumlengthof aparticle'sancestry. Therefore,wecancompleteour lookupafterjust

� accessesto theobservationtree.Strictly speaking,astheancestrytreeis notguaranteed

to be balanced,� canbe asmuchas �

���

	 . However, in practice,this is almostnever

thecase,andwe have found ��� �

������� �

	 , asthenatureof particleresamplinglendsto

very balancedancestrytrees.Sincetheobservationtreeitself canhold at most
�

entries,

anda singlesearchtakes �

�	���
� �

	 time. Accessinga speci�c grid squarein themapcan

thereforebedonein �

�

�

����� �

	 time.

For localization,eachparticlewill needto make �

�

� 	 accessesto themap. As each

particleneedsto accessthe entireobserved spacefor its own map,we need �

�

�

�

	 ac-

cesses,giving localizationwith DP-mapsacomplexity of �

�

���

�
���
���

	 .

To completetheanalysiswe musthandletwo remainingdetails:Thecostof inserting

new information into the map,and the costof maintainingthe ancestrytree. Sincethe

observationtreefor eachgrid squareis balanced,insertionsanddeletionsonourmapboth

take �

������� �

	 perentry. Eachparticlecanmake at most �

�

� 	 new entries,which in turn
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will only needto beremovedonce.Eachnew mapupdaterequiresaccessingthemap,in

orderto �nd thepreviousentryfor thisparticle.Thustheprocedureof addingnew entries

canbeaccomplishedin �

�

� �

���
���

	 perparticle,or �

�

���

� ����� �

	 total,andthecostof

deletingchildlessparticleswill beamortizedas �

�

���

� �����'�

	 .

It remainsto be shown that the housekeepingrequiredto maintainthe ancestrytree

hasreasonablecost. Speci�cally, we needto show that the costof collapsingchildless

ancestrytree nodesdoesnot exceed �

�

���

�
�����'�

	 . This may not be obvious at �rst,

sincesuccessive collapsingoperationscanmake thesetof updatedsquaresfor a nodein

the ancestrytree as large as the entire map. We now argue that the amortizedcost of

thesechangeswill be �

�

���

�
���
� �

	 . First, considerthecostof merging thechild's list

of modi�ed squaresinto the parent's list. If the child hasmodi�ed
�

squares,we must

perform �

��� ����� �

	 operations(n observation treequerieson the parent's key) to check

thechild'sentriesagainsttheparent's for duplicates.

The �nal stepthat is requiredconsistsof updatingthe ID for all of the child's map

entries.This is accomplishedby deletingtheobservationwith theold ID, andinsertinga

new copy of it with the parent's ID. The costof this is again �

� � ����� �

	 . Considerthat

eachmapentrystoredin theparticleancestrytreehasa total potentialof � timesthat it

canbeinvolvedin a collapseover thecourseof thealgorithm,since � is thetotal number

of nodesbetweenits initial positionandtheroot, andno new nodeswill ever beaddedin

between.At eachiteration,
�

particleseachcreate� new mapentrieswith potential � .

Thusthetotal potentialat eachiterationis �

�

� �

� �����'�

	 .

The computationalcomplexity of DP-SLAM can be summarizedas follows: For a

particle�lter thatmaintains
�

particles,with a laserthatsweepsout � grid squares,and

anancestrytreeof depth� , DP-SLAM requires:

�

�

�

� �

� ����� �

	 operationsfor localizationarisingfrom:

–
�

particleschecking� grid squares
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– A lookupcostof �

�

�

���
� �

	 pergrid square

�

�

�

� �

� ����� �

	 operationsto insertnew datainto thetree,arisingfrom:

–
�

particlesinsertinginformationat � grid squares

– Eachinsertrequiresa lookupto retrieve theprevious information,at a costof

�

�

�

����� �

	

– Insertioncostof �

������� �

	 pernew pieceof information

� Ancestrytreemaintenancewith amortizedcost �

�

� �

� ����� �

	 arisingfrom

– A costof �

�	���
� �

	 to remove an observation or move it up one level in the

ancestrytree

– A maximumpotentialof � �

�

introducedateachiteration.

Thespacecomplexity of DP-SLAM is a little harderto put a tight boundon. At �rst

glance,it appearsthatthemapcouldhaveaworstcasescenarioin whicheachgrid square

hasa completesetof
�

differentobservations. Therefore,the spacecomplexity of DP-

SLAM couldapproach�

�

�

�

	 , andbeasymptoticallynobetterthanthenaiveimplemen-

tation. However, the robot's uncertaintyvery rarelystretchesfar enoughbackin time to

allow for sucha case.Much moreoften, thereis onerecentiterationin the past,before

which all of the currentparticlesagreeon the trajectory. This point is referredto asthe

pointof coalescence, andwill bedescribedin moredetailin Chapter7. If weestablishthis

point of commonancestryasexisting
�

iterationsin thepast,thenwe canimposea very

weak �

�

� ���

�

�

	 memoryboundonDP-SLAM, where�

���

� . Theimportantpoint

to bemadeby thisobservationis thatfor largermaps,thememoryrequirementsarecloser

to thatof maintainingonly a singlemap,insteadof
�

separateones.
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4.2.3 Empirical Evaluation of DP-SLAM

To evaluatethe resultsof DP-SLAM, we ran several experimentsusing threedifferent

methods.The�rst experimentsweredesignedto comparetheresultsfrom usinga single-

mapSLAM algorithm,suchasthe onedescribedin section4.1.1,againstthe resultsof

DP-SLAM, usingasimpledeterministicoccupancy grid for bothmethods.Thesecondset

of experimentsdemonstratethebene�ts of usingthestochasticoccupancy grid described

earlier, over thedeterministicoccupancy grids.

Thesetestwereperformedon datafrom sensorlogs, in order to ensureconsistency

betweenexperiments.Thesensorlogswerecollectedby our iRobotATRV Jr. in a cyclic

hallway environment,with observationsmadeapproximatelyevery 15cm. The robot is

equippedwith a SICK laserrange�nder, which scansat a heightof 7cm from the �oor .

Readingsaremadeacross
�������

, spacedonedegreeapart,with aneffective distanceof up

to
�

m. Theerror in distancereadingsis typically lessthan
�

mm. The logswerethenrun

of�ine on a fastPC(2.4 GHz Pentium4), in a mannersimulatingtheactualrun, in order

to allow for bettercontrolin ourexperiments.

We examinedresultsfrom two differentenvironments.The �rst is a smallerloop of

a carpetedof�ce environment, from the D-Wing of Duke University's LSRC building,

approximately30mx 25m,with therobottraversingapath16mx 14m.Thesecond,larger

loop is also from the LSRC building, including C-Wing anda catwalk above the foyer.

This secondenvironmentis muchmorecomplicated,and includesboth carpetandtiled

�oor , aswell astransparentwindows andmany small,clutteredobjects.Thesizeof this

environmentis roughly25mx 60m,with therobotcompletinga loop approximately14m

x 40m.

The sensorlogs for theseexperiments,aswell asadditionalexperiments,annotated

maps,andpicturesareavailableathttp://www.cs.duke.edu/˜par r/dps lam/ .

For theresultswepresent,it is importantto emphasizethatouralgorithmknowsabso-
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lutely nothingabouttheenvironmentor theexistenceof loops.No assumptionsaboutthe

environmentaremade,andnoattemptis madeto smoothovererrorsin themapwhenloops

areclosed.Theprecisionin our mapsresultsdirectly from therobustnessof maintaining

multiplemaps.

Deterministic Maps

In our initial implementationour map representationis a deterministicoccupancy grid.

At �rst, we are ignoring the stochasticmaprepresentationdescribedat lengthearlier in

this document,andinsteadareallowing only two differentoccupancy valuesfor thegrid

squares,eitheroccupied, indicatedin black, or empty/unknown, in white. In the next

section,wewill seetheeffectsof astochasticmaprepresentation.

This �rst sensorlog thatweuseasa testof DP-SLAM is thesmaller, lesscomplicated

environment. This is the samesensorlog that we have usedbefore,in order to demon-

stratethe failingsof usingonly a singlemapfor all particles(Figure4.2 andrepeatedin

Figure4.9). In this test,therobotbeganin themiddleof thebottomhallwayandcontinued

counterclockwisethroughthe restof the map,returningto the startingpoint. The result

shown in Figure4.10shows thehighestprobabilitymapgeneratedby DP-SLAM afterthe

completionof theD-Wing loopusing9000particles.

This exampledemonstratesthe accuracy of DP-SLAM whencompletinga loop, one

of the moredif�cult tasksfor SLAM algorithms. After traveling 60m, the robot is once

againableto observe the samesectionof hallway in which it started.At that point, any

accumulatederrorwill readilybecomeapparent,asit will leadto obviousmisalignments

in the corridor. As the �gure shows, the loop wasclosedperfectly, with no discernible

seamor misalignment.

To underscoretheadvantagesof maintainingmultiplemaps,wereferthereaderbackto

theresultsobtainedwhenusingasinglemapandthesamenumberof particles.Figure4.9
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Figure 4.9: SLAM usinga singlemap.

shows the result of processingthe samesensorlog �le by generating�

�����

particlesat

eachtimestep,keepingthesingleparticlewith thehighestposterior, andupdatingthemap

baseduponthe robot's posein this particle. Thereis a considerablemisalignmenterror

wheretheloop is closedat thebottomof themap.

StochasticMaps

Figure 4.10 demonstratesthe successfulperformanceof DP-SLAM using deterministic

occupancy grids. However, as can be expected,deterministicmapshave dif�culties in

larger, morecomplex situations.ThepreviousD-Wing environmentwasfairly regularand

well behaved– clearwalls arealwaysapparent,andmostobjectsinteractpredictablywith

thelaserrange�nder. In theC-Wing environment,walls areoftenclutteredandirregular,

at timesdisappearingaltogether, suchasalongthecatwalk (seeFigure4.13).In addition,a

numberof windowsareapparent,whichareonly semi-opaqueto thelaser, andthethin rails
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Figure4.10: A DP-SLAM mapwith 9000particles.

alongthecatwalk aresmallerthanthegrid resolutionfor themap.Thismorecomplicated

environmentexposesthe shortcomingsof deterministicoccupancy. Figure 4.11 shows

what happenswhen this type of a map representationencountersthe more challenging

C-Wing section. The robot begins the run at the very top left cornerof the map, and

travelsdown the long hallway on theleft, beforeturningup at thebottomof themapand

returningalongtheright hallway. Theloop is �nally closednearthetop right of themap.

Predictably, thealgorithmrunsinto serioustroubleearlyinto therun,whichhascontinuing

effectsthroughouttherestof themap.

Whenstochasticoccupancy gridsareused,a dramaticimprovementis apparent.Fig-

ure4.12showsamapproducedby stochasticoccupancy gridswith aresolutionof 3cmper

grid square,using10,000particles.Weagainemphasizethatouralgorithmknowsnothing

aboutloopsandmakesnoexplicit effort to correctmaperrors.Theextraordinaryprecision

andseamlessnatureof our mapsarisessolely from the robustnessof maintaininga joint
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Figure4.11: Deterministicoccupancy gridsfail to handlethedif�culties of C-Wing
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Figure 4.12: Properstochasticmappingcansuccessfullyclosetheloop in C-Wing, using
thesamenumberof particles.

48



            ��������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������������

Figure4.13: Robotperspectiveon thecatwalk andrailing, takencloseto theRailing label
in Figure4.12. Slight changesin therobotpositionwill affect which balustersarehit by
thelaserrange�nder, andwhicharemissed.

distributionover robotpositionsandmaps.

Details aboutthe map, the environment,and the robot's trajectorygive insight into

the robustnessandaccuracy of the algorithm. The areain which the robot startsis on a

raisedcatwalk, with a railing supportedby many thin balusters(Figure4.13), which at

our scanningheightappearasa seriesof small,evenly spacedobstacles.(The individual

balustersare visible when the map is enlarged.) Thesesmall balustersprovide a very

dif�cult challengefor both localizationandmapping,due to both their sizeand lack of

distinction. Anotherchallengeis a large setof windows alongthe left handsideof the

map,nearthetop edge.Theglassis a semi-opaquesurfaceto thelaser, only occasionally

stoppingthe laser, due to dirt andangleof incidence. On closeinspection,this areaof

themapmayappearblurry, with somepossibleline doubling.This is actuallybecausethe

window is doublepaned,andthelaserhasachanceof beingstoppedby eitherpane.

Otherfeaturesof notearetheinterveningopenings,whichoccurbetweenthetwo long

stretchesof hall. When the robot moves from top to bottom along the left hallway, it

seesonly the lower walls of thesepassages,andit seestheupperwalls on thereturntrip.

Therefore,thesepassagesprovide no cluesthatwould make it any easierfor therobot to
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closethelargeloop in themap.

The loop is closedon the top right of the mapon a catwalk parallelto the �rst. The

accuracy in this mapis high enoughto maintainthe correctnumberof balustersfor the

handrail betweenthe two catwalks. Thereis onesectionof mapthat may appearto be

inaccurate,at the bottomright handcornerof the map. Here, therearetwo intersecting

hallways,which meetat a slightly acuteangle.This is enoughof a disparityto make one

endof thetwo “parallel” hallwaysin our mapapproximately20cmclosertogetheron the

top endwhencomparedto thebottom. We were(pleasantly)surprisedto discover, upon

measuringthe correspondingareasin the real world, that therewasin fact a disparityof

approximately20cmin the real building. Our algorithmhaddetectedan anomalyin the

construction.

We performedseveralotherexperimentson thesamedatalog. Our �rst testinvolved

thesamealgorithmwith agrid resolutionof 5cm.With thesameparameters,andanequal

numberof particles,theloopstill successfullyclosed.Our lastexperimentinvolvedamore

simplisticapproachto representingoccupancy probabilities,which merelyuseda ratio of

thenumbertimesthelaserhadstoppedin thesquarecomparedto thenumberof timesthat

it wasobserved. This method,while still able to handlesomeof the uncertaintyin the

environment,hadsigni�cant skew andmisalignmenterrorsuponclosingtheloop,asseen

in Figure4.14.

Figure4.15demonstratestheresultsof runningthestochasticmappingmethodon the

sensorlog from D-Wing. Sincethedeterministicmapwasableto correctlymaptheenvi-

ronment,it is notsurprisingto seethatthestochasticmethodwasalsoableto closetheloop

correctly. Theimportantresultis that theseresultswereobtainedwith signi�cantly fewer

particles,only 3000,whencomparedto thedeterministicmethod,whichrequired9000for

thesameaccuracy. Sonotonly dowe�nd thatstochasticmapshelpushandlelarger, more

dif�cult environments,but they arealsocapableof handlingthesimplerenvironmentswith
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Figure4.14: A simplisticoccupancy grid of C-Wing.
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Figure 4.15: Stochasticoccupancy grid of D-Wing, createdusing3000particles.

fewer particles. This demonstratesthat it is not only thoseareaswith semi-transparency

andsigni�cant amountsof partialoccupanciesthatbene�t from thestochasticoccupancy,

but alsoobjectswith muchbetterbehavedsurfacesaswell.
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Chapter 5

Linear Time Complexity

A straightforward implementationof the DP-SLAM algorithm can provide us with an

asymptotictimecomplexity of �

�

� �

� �

� �

�

	 . As wehaveshown, this is good,but canwe

dobetter?To performSLAM in larger, morecomplex environments,it becomesnecessary

to usemoreparticles,andthefeasibility for real-timeimplementationis threatened.A sim-

pleanalysissuggeststhat �

�

�

�

	 is a lowerboundfor any methodthatconsiderseachgrid

squarecoveredby � . How closecanwe get to this optimalbound,usingthedistributed

particlemapstructure?

What we detail in this chapteris a clever mannerof usingdynamicprogrammingin

order to speedup computation,and in fact achieve this optimal �

�

�

�

	 , undermild as-

sumptions.In orderto develop this ef�cient implementation,we �rst needto restructure

how westoreobservationswithin themap.Wecanthenconstructanadditionaldatastruc-

ture, the observationcache, to allow for constanttime referencesto the map for every

particle.

5.1 Map Data Structur e

RecallthattheDP-SLAM mapis aglobaloccupancy grid-likearray. Eachgrid cell holdsa

setof observations,with oneentryfor eachancestorparticlethathasmadeanobservation

of thisgrid square.Previously, thissetof observationswasstoredasabalancedtree.How-

ever, this addssigni�cant overhead,bothconceptualandcomputational,to thealgorithm

andis not requiredin the linear time implementationof DP-SLAM. Instead,we simply

storethis informationasavectorof observations,whichwewill referto astheobservation

list. Eachentryin this list is anobservationnodecontainingthefollowing �elds:
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opacity A datastructurestoringsuf�cient statisticsfor thecurrentestimateof theopacity

of the grid cell to the laserrange�nder. For the purposesof the stochasticoccu-

pancy gridsdescribedearlier, this consistsof the total observed laserdistancetrav-

eledthroughthissquare,alongwith with thetotal numberof timesthatthelaserhas

beenobservedto stopin thesquare.

parent A pointerto anotherobservationnodein thesamelist, for which this nodeis an

update.If thisgrid squarehadpreviouslybeenunobservedby thisparticle'sancestry,

thispointeris null. Notethatif anancestorof a currentparticlehasseenthissquare

already, thentheopacityvaluefor thissquareis consideredanupdateto theprevious

valuestoredby theancestor. However, boththeupdateandtheoriginal observation

canbe stored,sinceit may not be the casethat all successorsof the ancestorhave

madeupdatesto this square.

anodeA pointerto thenodein theancestrytreewhich is associatedwith thisobservation.

In addition to this observationlist, eachgrid alsocontainsan ocachepointer anda

generationcounter, bothusedfor thedynamicprogramming,andexplainedfurtherlater.

5.2 Ancestry tr eenodedata structur e

For referencepurposes,we list the elementsof the ancestrytreedatastructure. This is

no different from the implementationdescribedearlier, but is enumerateda little more

speci�cally here.Eachnodein theancestrytreeconsistsof thefollowing �elds:

parent A pointerto thisnode'sparent.

ID Theuniqueidenti�cation numberassignedto thisancestorparticle.

childrenThenumberof nodesin theancestrytreewhicharechildrenof thisnode.When

thisnumberis reducedto zero,thisnodecanberemovedfrom thetree.
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onodesA list of pointersto all of theobservationnodesin themapwhichwereaddedby

this speci�c node.

5.3 Map cachedata structur e

The main sacri�ce that wasmadewhenoriginally designingan occupancy grid for DP-

SLAM wasthatmapaccessescouldno longerbe performedin constanttime, dueto the

needto searchacrossthe setof observationsat eachgiven grid square.The mapcache

providesawayof returningto thisconstanttimeaccess,by reconstructingaseparatelocal

mapfor eachparticle.This localmapis consistentwith thehistoryof mapupdatesfor that

particle.

As Figure5.1 indicates,thesizeof eachof theselocal mapsdoesnot needto bevery

large. We only needto maintainin thecachethosegrid squareswhich areobservableby

thecurrentsensorreading.Usingatypical laserrange�nder thatsweepsoutasemicircular

area,with amaximumlaserrange
�

, usingagrid resolutionof � , andassumingareasonably

concentratedposterior, the numberof grid squaresneededfor any one local map in the

cachewouldbeapproximatelyequalto �

	

�

���

� .

For a localizationprocedureusing
�

particlesandobservinganareaof � grid squares,

therearea total of �

�

�

�

	 mapaccesses.For theconstanttime accessesprovidedby the

mapcacheto beuseful,the time complexity to build themapcacheneedsto be �

�

�

�

	 .

This resultcanbeachievedby constructingthecachein two passes.

The�rst passiteratesoverall grid squaresin theglobalmapwhichcouldbewithin the

sensorrangeof therobot.For eachoneof thesegrid squares,theobservationvectorstores

all of the observationsmadeat that grid squareby any particle. We traversethis vector,

andfor eachobservation visited, we updatethe correspondinglocal mapwith a pointer

backto the correspondingobservationnode. This createsa setof partial local mapsthat

have beenseededwith their directmapupdates,but no inheritedmapinformation. Since
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Figure 5.1: An illustration of how the mapcacheworks. (a) The robot is only able to
observeasmallportionof thetotaloccupancy grid. (b) Eachgrid squarein theglobalmap
maintainsanentiresetof observations,identi�ed by theancestorparticlewhichaddedthat
update.(c) Theancestrytreede�nesthehow theseobservationsareinherited.(d) Themap
cachemaintainsa completelocal occupancy grid of thecurrentlyobservedareafor each
leafof thisancestrytree.Recallthatthesetof leavesin theancestrytreede�nesthecurrent
setparticles.
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thesizeof theobservationvectoris no larger thanthesizeof theancestrytree,which has

�

� �

	 nodes,the�rst passtakes �

���

	 timepergrid square.

In thesecondpass,we�ll theholesin thelocalmapsby propagatingtheinheritedmap

information. The entireancestrytreeis traced,depth�rst, andthe local mapis checked

for eachancestornodeencountered.If the local mapfor the currentancestornodewas

not �lled in during the �rst pass,thenthe hole is patchedby the ancestornode's parent.

Sincewe aretracingtheancestrytreefrom top to bottom,this will �ll in any gapsin the

localmapsfor grid squaresthathavebeenseenby any currentparticle.If agrid squarehas

not been�lled in by this process,thenno ancestorof thegivenparticlehasobservedthis

square,andit canbetreatedasunknown. As this passis directly basedon thesizeof the

ancestrytree,it is also �

� �

	 pergrid square.Therefore,the total complexity of building

themapcacheis �

�

�

�

	 .

For eachparticle,this algorithmconstructsa local mapof pointersto theappropriate

observation nodes. This provides constanttime accessto the opacity valuesconsistent

with eachparticle'smap.Localizationnow becomestrivial with this representation.Laser

scansaretracedthroughthecorrespondinglocalmap,andthenecessaryopacityvaluesare

extractedvia thepointers.With theconstanttimeaccessesaffordedby thelocal maps,the

total localizationcostin DP-SLAM is now �

�

�

�

	 .

5.4 Updates

Whenthe observationsassociatedwith a new particle's sensorsweepareintegratedinto

themap,thefollowing stepsareperformedfor eachgrid squareobserved:

1. Retrieve theappropriatepreviousobservationinformationfor thisgrid square.

2. Inserta new observationnodeinto theobservationlist for this grid square,which is

anupdateof theinformationretrieved.
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3. Insertapointerto thisnew observationnodeinto theparticle'sonodeslist.

The costof this operationis obviously no morethanthecostof localization. In fact,

thesamemapcachecanbeusedto speedup theaccessesfor eachgrid square,thussaving

asigni�cant portionof thework.

5.5 Deletions

We will �rst considerthe mechanismandcostof individual deletionsfrom the ancestry

tree,andthenconsiderthecomputationalimpactof performingmultiple deletionswithin

a singleiteration. Therearetwo situationsthat requiredeletingnodesfrom the ancestry

tree.The�rst is thesimplecaseof removing a nodefrom which theparticle�lter hasnot

resampled.This involvestheconstanttime operationof removing theancestrynodefrom

theancestrytree,andtheprocessof removing theobservationsassociatedwith this node

from theobservationlists in theglobalgrid. Sincepointersto thesearestoredat thenode,

this simply involves �

�

� 	 constanttimedeletionsfrom theobservationlist.

Thesecondcasefor deletinganodeoccurswhenanonly child is mergedwith its parent

in theancestrytree.This involvesthefollowing steps:

1. Remove thechild nodefrom theancestrytree.

2. For eachobservationnodein thechild'sonodeslist.

(a) Replacetheopacityvalueof theobservationnode's parentwith opacityof the

currentchild'sobservationnode.

(b) Remove thechild'sobservationnodefrom its grid cell observationlist.

Note that merging hasthe effect of replacingthe parent's mapwith the child's map.

This is the desiredbehavior, sincethechild's mapis morecurrentthanthe parent's map
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andthereareno siblingsleft to inherentanything from theparentmap.As in thecaseof a

simpledeletion,this involves �

�

� 	 constanttimedeletions.

So far, we have discussedonly the costof individual deletions,but determiningthe

overall timecomplexity of deletionsis somewhatcomplicatedbecausethenumberof dele-

tionsperformedat any mappingiterationcanvaryquitesigni�cantly. Whenanambiguity

is resolved,entirebranchesof theancestrytreecouldrequiredeletionand/ormerging. For

this reason,weanalyzethecomplexity of deletionsin anamortizedsense.

In thecaseof simpledeletions,we establisha potentialnumberof deletionsbasedon

the total informationinsertedper iteration. Notice thateachiterationcreatesprecisely
�

new ancestrynodes.Eachaddednodehas�

�

� 	 new observationsassociatedwith it. Since

eachnew observationcanonly beremovedonce,thisintroduces�

�

�

�

	 potentialdeletions

ateachiteration.

For thecaseof merges,rememberthata mergeonly occurswhena parenthasexactly

onechild. Therefore,only a singlesetof �

�

� 	 observationsfrom a giveniterationcanbe

inheritedup an edgein the ancestrytree. This meansthat the total potentialfor merges

introducedby any iterationof theparticle�lter is boundedby thenumberof interiornodes

in thetree,which is �

� �

	 . Sincethecontribution to eachmergefrom a giveniterationis

�

�

� 	 , thetotalpotentialmergingwork introducedateachiterationis just �

�

�

�

	 , andthe

amortizedcostof all deletion-relatedwork is just �

�

�

�

	 periteration.

5.6 Summary of Computational Complexity

We have shown that localizing,addingnew observations,andmaintaininga minimal an-

cestrytreeeachrequire �

�

�

�

	 time. Ironically, the only part of the our algorithmwith

superlinearcomplexity is the simplestpart of the resamplingphaseof the particle �lter .

For resampling,we mustconvert samplesfrom theuniform distribution generatedby our

pseudo-randomnumbergeneratorto samplesfrom our weightedsetof particles. This is

59



log particles quadraticmethod linearmethod
D-Wing 1500 55 14
D-Wing 3000 124 28
C-Wing 11000 1345 690
C-Wing 20000 3609 826

Table 5.1: Comparisonof the running times for the original, quadraticversion of
DP-SLAM versusthelinearimplementation.

typically doneby imposingatotalorderingontheparticles,computingthecumulativedis-

tribution,andthenperformingbinarysearchto �nd theeventcorrespondingto thesampled

probability. For
�

particles,this would take �

��� ���
� �

	 time, so the overall complexity

of our algorithmshouldbe statedas �

��� �����'�

� �

�

	 . However, theareasweptout by

the laserwill be muchlarger than
���
���

for any typical laserandreasonablenumberof

particles,so
�

�

�

	 is accurate.

5.7 Implementation and Empirical Results

In the precedingsection,we presentedthe algorithmin a mannerintendedto maximize

clarity andeaseof analysis.Theonly negativeaspectof theobservationcacheis thatit can

befairly memoryintensive. Our actualimplementationhasthesamecomputationalcom-

plexity, but usesfewer pointersand�elds to reducememoryconsumptionandconstructs

theobservationcachefor eachgrid cell in a lazymannerto improvespeed.

For a complex algorithmlike DP-SLAM, asymptoticanalysismay not alwaysgive a

completepictureof realworld performance.Therefore,weprovideacomparisonof actual

run timeson our two differentdatalogs,with severaldifferentparticlecounts.

The linear implementationis merelya moreef�cient methodof arriving at the same

numbersproducedby a morestraightforward implementation.Therefore,themapspro-

ducedby thesetwo methodsareidentical,anddisplayingthesemapswould not be infor-
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mative.
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Chapter 6

Motion Modelsand ProposalDistrib utions

Robot motion modelsplay an importantrole in modernrobotic algorithms. The main

goalof a motionmodelis to capturetherelationshipbetweena control input to therobot

anda changein the robot's con�guration. Goodmodelswill capturenot only systematic

errors,suchasa repeatedtendency of therobotto drift left or right whendirectedto move

forward,but will alsocapturethestochasticnatureof themotion.Thesamecontrolinputs

will almostneverproducethesameresultsandtheeffectsof arobot'sactionsare,therefore,

bestdescribedasdistributions[9]. Thesedistributionsplayanimportantrole in algorithms

thatuseparticle�lters for localizationandmapping.Speci�cally, they form theproposal

distribution for theparticle�lter .

In general,it is well known that a poor proposaldistribution in a particle �lter may

requireaprohibitively largenumberof particlesto trackthestateof asystemsuccessfully.

If thetruebehavior is not well within thesamplingregion of theparticle�lter , theproba-

bility of generatinga particleconsistentwith thestateof thesystemwill bevery low. In

application,aSLAM procedurewith apoorproposaldistributionwill requireanexcessive

numberof particlesandyet maystill losetrackof therobotstate.Thus,themotivationfor

acquiringagoodmotionmodelis quitestrong.

6.1 Other ProposalDistrib ution Impr ovements

Poorproposaldistributionsareacommonproblem,andresearchershavedevelopedanum-

ber of methodsfor dealingwith the issue. Onecommonmethodusedfor particle�lters

in generalis a techniquecalledadaptive importancesampling[28]. This methodtakes

a proposaldistribution andevaluatesa small numberof sampleswithin that distribution.
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Thosesamplesarethenusedto successively re�ne the proposaldistribution, basedupon

their positionandweight. This methodhasbeeneffective in a numberof otherparticle

�lter applications,but its usefulnessfor DP-SLAM is minimal. The improvementin the

proposaldistributionateachstageis not largeenoughto offsetthecostof evaluation.This

is exacerbatedby the immensesizeof the joint distribution over mapsandrobot poses;

eachhypotheticalmapshouldhave a slightly differentproposaldistributionafteronestep

of re�nement.In practice,it hasbeenfoundthatmerelyincreasingthenumberof particles

usedis moreef�cient thanattemptingto re�ne thedistribution usingadaptive importance

sampling.

Anothermethodfor improving theproposaldistribution in SLAM relieson matching

the observationsfrom onetime stepto the next. Using scanmatchingto align the laser

endpointsof oneobservationto thelaserendpointsof thenext, it is possibleto �nd abetter

estimationof themotion thanodometryalonewill allow [29, 30]. Similar in conceptto

adaptiveimportancesampling,thismethodreliesontherangesensorobservationsto re�ne

theproposaldistribution. Therefore,it hassimilar issuesof acontinuedrelianceonanini-

tial distribution,andcanrequireadditionalcomputationalpower. Themajorimprovement

for scanmatchinglies in the fact that it dependssolely on the two mostrecentobserva-

tions,andnot on themapor the trajectoryof therobot. Therefore,scanmatchingcanbe

performedjust onceeachiteration,andit will provide a re�ned distribution over possible

posesfor all particles.Adaptive importancesampling,on theotherhand,is dependenton

themapto givethere�ned distribution. Consequently, adaptiveimportancesamplingmust

beperformedfor eachparticleseparately, or elseit will giveabiasedestimate,with greater

variance.
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6.2 PreviousCalibration Methods

Previouswork in automaticacquisitionof motionmodelsfor mobilerobotshasbeenfairly

sparse.Mostof theeffortshavedealtwith theproblemof systematicerrors,ratherthanthe

levelsof noisethatcanbepresent.BorensteinandFeng[31] describea methodfor cali-

bratingodometryto accountfor systematicerrors. This methodassumesa fairly smooth

surfacefor calibration,with low non-systematicerrors,andattemptsto modeleachwheel

independently. This methodwould becomesigni�cantly moredif�cult for a robot with

morethantwo drive wheels.VoylesandKhosla[32] useshapefrom motion to learnthe

motionmodelparameters,but insteadof usingtheshaftencoders,attemptto modeltheob-

servationof appliedforcevectorsdirectly. This would requireanadditionalsensorwhich

is not typically availableon many robots,andhaslimited accuracy. Roy andThrun [33]

proposea methodwhich is moreamenableto the problemsof localizationandSLAM.

They treat the systematicerrorsin turning andmovementas independent,andcompute

theseerrorsfor eachtimestepby comparingtheodometricreadingswith thepositionesti-

mategivenby a localizationmethod.They canthenuseanexponentialestimatorto learn

thesetwo parametersonline,assumingthatshorttermlocalizationresultswill beaccurate

enoughto re�ne themotionmodel.

The goalsof our approacharemost similar to thoseof Roy andThrun. We aim to

haveamethodthatcanstartwith acrudemodelandbootstrapitself towardsamorere�ned

motion model,giving the robot the ability to adaptto changingmotion parameters.In-

steadof merelylearningtwo simpleparametersfor themotionmodel,aswith themethod

proposedby Roy andThrun,we seekto usea moregeneralmodelwhich incorporatesall

of the interdependencebetweenmotion terms,including the in�uence of turnson lateral

movement,andvice-versa.Furthermore,theproposedmethodextendsthescopeof thecal-

ibrationbeyondthesystematicerrorsdealtwith in previousmethods.Webelievethatgreat

gainsin performancecanbeachievedby estimatingthenon-systematicerrors,to quantify
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thevariancein thedifferentmovementterms.This canbecrucial to themotionmodelof

SLAM methods,asdifferentamountsof noisein themovementtermscanproducevastly

differentproposaldistributions[34]. A properlycalibratedsetof varianceparameterswill

provide thelocalizationalgorithmwith a moreappropriateproposaldistribution,allowing

it to betterfocusits resourceson themostlikely posesfor therobot.

The algorithmfor learningthe motion model is integratedwith a SLAM algorithm,

giving increasedautonomyto the system. The robot now hasthe potentialto learn the

mostappropriatemodelbaseduponrecentexperiences,andin directconjunctionwith its

currenttask. This is especiallyusefulastherobot's motionmodelwill changeover time,

both from changesin the terrainandfrom generalwearon therobot. It is alsoimportant

that this calibrationmethodcanbe performedin a remotelocation,without the needof

externalsensorsto measurethe robot's true motion. (A rover landingon anotherplanet

with unknown surfaceconditionswouldbeanobviousapplicationof thisapproach.)

With thisview in mind,wecanidentify two categoriesof hiddenvariablesin ourprob-

lemformulation.Weareattemptingto learnboththemapof theenvironmentandthesetof

motionmodelparametersthatdescribestochasticrelationshipbetweentheodometryand

theactualmovementof the robot. To estimatetheparametersof this model,we propose

usingan EM algorithm: The expectationstepis provided by a SLAM algorithm,imple-

mentedwith someinitial motion modelparameters.The possibletrajectoriespostulated

arethenusedin themaximizationstepto createasetof parameterswhichbestdescribethe

motionsrepresentedby thesetrajectories.

6.3 Motion Model Details

Let therobot's poseat any giventime stepberepresentedas
�

�

�

�

�

�

�


�	 , where 
 is the

facingangleof therobot. Themotionmodelthenseeksto determine
���

�

� �

�

�

�#	 , where
�

�

is therobot's poseonetime stepin thefuture,and � �

�

�

�
�

	 is theamountof lateraland
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rotationalmovement(respectively) thatodometryhasreportedover thattime interval.

Roy andThrun[33] proposethefollowing motionmodel:

�
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� ��� ���

��� �


 �

�

	

�

�

� � � �

����� �


/�

�

	




�

� 
/�

� 	 ��


�
�

Here,� is theactualdistancetraveledby therobot,and
�

is theactualturnperformed.This

is correctonly if theturn anddrivecommandsareperformedindependently, asimplifying

assumptionwhich eventheir own experimentsviolate. A simpleimprovementto account

for simultaneousturningandlateralmovementwouldbe:

�

�
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�

�
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This modelassumesthat theturningvelocity of therobot is constantthroughoutthetime

step,andthat therobotcanonly move in thedirectionit is facing.Theseimprovedequa-

tionsdo not take into accountthat,evenin this case,thedistancetraveledwill actuallybe

an arc,andnot a straightline. However, whenT is reasonablysmall, this error is minor

andcanbeabsorbedaspartof thenoise.

A bettermodelwould take into accounttheability of therobot to move in a direction

that is not solely determinedby the beginningandendfacingangleof the robot. Sucha

modelwouldbeableto accountfor variablespeedturnsandsidewaysshifts,bothof which

havebeenapparentwith our robots,evenon thebestof surfaces.

�

�

� ��� ���

���"�


��1	

�

�

� � � �

����� �


��1	




�

� 
 �

� 	 ��


�
�

�
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Here 


�

is the true movementangleof the robot. In this method,the directionof move-

menthasbeenexpressedseparatelyfrom 
 and
�

, which permitsmovementin adirection

distinctfrom thefacingangleof therobot. In practiceit is oftendif�cult to determinethis

independentlyfrom 
 and
�

, but with somerobots,theshaftencoderson eachwheelcan

bereadindependently, andcangivea moredirectobservationof thisparameter.

Evenin therarecaseswhereit mightbepossibletoobserve 


�

, it wouldbeverydif�cult

to developa goodnoisemodel.Representingthenoisein 


�

asa Gaussianwould require

somechoicefor a mean.For a robotwhich canperformholonomicturns,thelateralshift

of the robot could very easily be in any direction,while the lateralmovementreported

by theodometrywould benegligible. In this case,


�

would moreaccuratelybemodeled

as a uniform distribution. For thesereasons,we prefer a slightly different model that

decomposesthemovementinto two principlecomponents:

�

�

� � � � �

��� �


/�

�

�

	 �

�

�
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 �

�
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�
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	 �

�
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 �

�

� �
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�

� 
/�

� 	 ��


�
�

Weapproximate


�

with
�


 �

�

�

	 andreferto thisdirectionasthemajoraxisof movement.
�

is an extra lateral translationterm, which is presentto model shift in the orthogonal

directionto themajoraxis,which we call theminor axis. This axisis at angle
�


 �

�

�

�

�

	 ,

andis de�ned soasto haveaconsistent(left-hand)orientation.

This motionmodellendsitself to a fairly naturalnoisemodel.We expectthatthetrue

valuesof � and
�

will bedistributednormallywith respectto thereportedvalues,� and
�

, but that the meanof eachwill scalelinearly with both � and
�

while the variancewill

scalewith �

�

and
�

�

. This is plausibleif thetotalnoiseis thesumof two independentnoise

sourceswith magnitudethat scaleslinearly with � and
�

. We expect that
�

will have a

similar dependenceon � and
�

. In this view,
�

, � and
�

areall conditionallyGaussian
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given � and
�

:
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where ����
 is the coef�cient for the contribution of odometryterm � to the meanof the

distributionover � . It is thesesetsof meanandvariancetermsthatweproposeto learn.

6.4 Parameter Estimation

Thelearningproblemfor our robotis thatof discoveringtheparametersof thedistribution
���

�

�
�

�

�




�

�

�

� 	 , where 
 is the reportedodometry, � is the set of observationsof the

environment,and � is themapof theenvironment.With this in mind, considera SLAM

algorithm,whichusesaparticle�lter to produceadistributionovermapsandposesateach

time step.For a givensetof motionmodelparameters,our particle�lter providesa setof

possibletrajectorieswith forwardprobabilities(normalizedparticleweights)at eachtime

step. To completethe � step,we mustperformbackward smoothingover our particles.

Therearemany waysto do this with a particle �lter , but we usethe simplest,which is

to computetheprobabilityof eachtrajectoryandaverageacrosssuccessortrajectoriesfor

particlesthatareresampledmultiple times.

Thecompleterunof theparticle�lter with smoothingcannow beviewedasproducing

a setof � weightedestimatesof thetruemotionof therobot,wheresample� with weight


.� can be expressedas ����� , ����� , � 
*� . From algebraicmanipulationof the previous
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equations,weobtain
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(6.1)
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(6.2)

�
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*� (6.3)

To completetheM stepof our EM procedure,we mustcomputethemaximumlikeli-

hoodvaluesof theparametersin our model. Themeansin our modelhave linearcontri-

butionsfrom thereportedodometryvalues.We thereforedeterminethe in�uence of each

term on the motion parametersusinga weightedleastsquaresmethod. For example,let

��� bethecolumnvector
�

� �
�

���
���

� , 	 bean ��
 � matrix,whereeachrow is thereported

odometricmovement
�

� �

�

�

� , and � be the � 


�

matrix of the estimated
�

� terms. We

obtaintheleastsquaressolutionof �
� from theoverdeterminedsystem:

�

	

���

�

�

�

�

where
�

is an ��
 � diagonalweightmatrixwith diagonalelement� as
�


.� . Theprocess

canberepeatedfor theothertwo motionterms.

The variancein our model hasa quadraticdependencein the odometryterms. To

computethevarianceparametersfor the
�

termin ourmodel,
!��

�

�

�
!

�
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!
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� , wede�ne

	

�

asan ��
 � matrix whoserows arethesquaredodometryreadings,�%� �

�

�

�

�

�
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�

� . We

de�ne ����� asthe ��


�

matrixsuchthat
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� �
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. As before,weareinterested

in theleastsquaressolutionto anoverdeterminedsystemof linearequations:
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�

Thecalculationis similar for thevarianceparametersof theothermotionmodelterms.

The leastsquaressolution for all
�

� parametersof the motion modelconstitutesthe

� stepof our EM procedure.Thenew modelparameterscannow beusedfor a new run
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of the SLAM algorithmon the samesetof sensordata,andthe processcanbe repeated

until (near)convergence.Thismethodcanbeappliedto varyingquantitiesof motiondata.

Run over the entiresetof data,it canbe appliedoff-line asa meansof determiningthe

bestmotionmodelfor a robotin futuredeploymentsin thesame,or similar, environment.

This is useful,asit allows thealgorithmto learn,with high con�dence,thepropersetof

motionparameters,dueto thelargeamountof trainingdata.It alsoprovidestheoperator

theability to checktheperformanceof �nal motionparameters,by observingtheaccuracy

of the�nal trajectory.

An alternative,quasireal time applicationof this methodwould run EM on a smaller

setof data,allowing the robot to learnthe motion modelasit explores. In this case,the

robotwouldusea �x edsizechunkof recentobservationsto �ne tunethemotionmodelto

changesin its behavior. For example,therobotmight applythis techniqueif it encounters

a typeof terrainthatit hasneverseenbefore.Thiscanslow any mappingactivitiesunder-

takenby therobot. If therobotis usinga SLAM algorithmfor mapping,theEM natureof

themodellearningalgorithmwill requirethat the localizationberun multiple timesover

eachsectionandthemappingwill no longerberealtime. In practice,weexpectthatmodel

tuningprocedureswould not beusedcontinuously, but would beusedprimarily at sparse

intervals or whenthereis somereasonto believe that an inaccuratemodel is degrading

mappingaccuracy.

6.5 Empirical Results

We testedthe learningalgorithm on the D-Wing sensorlog usedin previous sections.

During this setof experiments,we noticeda small anomalywherelaserreadingssome-

timeschangedin amannerimplying motion,whennochangeswerereportedin odometry.

This couldpossiblybecausedby readingsfrom the laserrange�nder not beingperfectly

synchronizedwith thereadingsfrom thefrom theodometers.Sincethemotionmodelde-
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scribedis directly dependenton the magnitudeof reportedmotion, the variancein these

situationswould be zero,andthe SLAM algorithmwould have no ability to recover the

correctmotion for that time step. To handlethis problem,we found it necessaryto seta

minimumamountof noisethatmustbepresentat eachtimestep.Theselevelsweresmall

(varianceslessthan2cm alongthe major axisandlessthan
� �

in facing),andthe model

exceededthesevariancelevelsin all but a few timesteps.

The�rst experimentfor thisalgorithmdemonstratestheability of theproposedmethod

to calibratethemotionmodelparametersfor a robotwith little or no previousknowledge

of the environment. The learningprocessis performedover the entire loop of hallway

from theD-Wing dataset.Notethatthecompletionof a loopis notnecessaryfor eitherthe

SLAM algorithmor the learningmethod,but merelyservesto help illustratethe quality

of the map at eachEM iteration. The motion model is set initially with no systematic

biases(meanzeronoise),but highvariances.Figure6.1showsthehighestprobabilitymap

producedat theendof the�rst run of EM. Theresultingmaphastheright generalshape,

but in thetop left areawheretherobotreturnsto its startingpositionthereis a signi�cant

errorin themap,resultingin doublewalls. A closeupof this region is shown in Figure6.2.

After threeEM iterations,themodelparametersarere�ned to thepoint wheretheSLAM

algorithmsuccessfullyclosestheloopwithoutany blemishesin themap.A closeupof the

sameareais shown in Figure6.3.

Oneconcernthat we hadwhenlearninga motion modelwasthe possibility of over-

�tting the speci�c trajectorythat wassuppliedto the SLAM algorithm. We would like

thelearnedparametersto betunedto thepropertiesof therobotandenvironment,but not

thequirksof individual datacollectionruns,sinceit would be it would beinef�cient and

contraryto thespirit of SLAM to learna new motionmodelwith EM every time that the

robotis redeployed.To verify this generalityof themotionmodel,we usedonerun of the

robot to learntheparametersin thesameindoorenvironmentasbefore.Then,usingthis
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Figure6.1: A completeloopof hallway, generatedusinganaivemotionmodel.Therobot
startsat the top left andmovescounterclockwise.Eachpixel in this maprepresents3cm
in the environment. The total path length is approximately60 meters. White areasare
unexplored.Shadesbetweengrayandblackindicateincreasingprobabilityof anobstacle.
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Figure 6.2: Closeup of theareawherethe loop is closed,usingthenaive motionmodel.
Doublewalls re�ect anaccumulatederrorof approximatelyonehalf meterover thepath
of therobot.

Figure 6.3: Closeup of the sameareaas Figure 6.2, using the learnedmotion model
learnedby EM.

setof learnedmotionparameters,wehadtherobotremapthesameenvironmentusingdata

collectedfrom severaldayslater. Theresultingmapshown in Figure6.4 is thesamehigh

qualityasif wehadlearnedthemotionmodeldirectly from thesecondtrajectoryitself.

A strongtest of the robustnessof our methodis its ability to recover from a poor

motionmodel.Thisis alsoimportantto theapplicabilityof themethodsincechangesin the

environmentor in therobotitself cancausetheappropriatemotionmodelto change.In this

experiment,weusedasetof datacollectedin anof�ce environmentto learnagoodmotion

model.We thentestedthemodelusingasecondsetof datacollectedin thesamearea,but
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Figure 6.4: Themapcreatedusingthemotionmodellearnedfrom onesensorlog to on a
differentsensorlog generatedseveraldayslater.
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Figure 6.5: First iteration in correctingan inaccuratemotion model: closeup of loop
closing.

with approximatelyayearof timeseparatingthetwo datasets.Whenattemptingto usethe

samemodelontheseconddataset,wequickly noticethatthemapproducedby theSLAM

algorithm is obviously �a wed where it attemptsto completethe loop (Figure 6.5). A

yearof useandsomeroughhandlingduringshippingcausedsigni�cant wearin therobot

andchangesin its behavior, resultingin an alteredmotion model. In the next iteration

(Figure 6.6), the learnedmotion model can be seento be improving the quality of the

mapasa resultof increasedaccuracy. Figure6.7 depictsthemapfrom thenext and�nal

iteration,wherethetwo endsof theloopareseamlesslyaligned.

Figure6.6: Seconditerationin correctinganinaccuratemotionmodel

Most of our resultsarevisualor anecdotal,sincetheactualparameterswouldbefairly
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Figure 6.7: Final iterationin correctinganinaccuratemotionmodel

meaninglessto all but thosevery familiar with this modelof robot. However, in this ex-

perimentthedifferencein variancesis particularlytelling. Predictably, thevarianceshave

all increasedsigni�cantly over the courseof the year, as wear on the robot hascaused

movementsto becomemoreerratic. Themostsigni�cant of theseis the
!

�
� term,which

changesfrom �

���

�

�

	

�

� to
� �

�

�

�

�

	

�

� , indicatingsigni�cantly moreerraticlateralshiftsduring

turns,a resultconsistentwith ourobservationsof therobotin action.

We alsoperformedan experimenton a smallersegmentof sensordata. We wanted

to usea sectionwith a signi�cant amountof both lateralmotion and turning within its

trajectory, sowe choseanareaconsistingof two cornersconnectedby onelateralstretch

of hallway, for a total of approximatelyonequarterof a full sensorlog. Theinitial model

providedwasthesamenaive modelpresentedin the �rst experiment.We performedthis

experimentto verify theability to learnamodelwith lessinformationandto illustratethat

traversinga loop is not necessaryfor accurateperformanceof the learningmethod.This

experimenttookteniterationsto convergewhile thosebaseduponfull sensorlogstypically

took lessthan� ve. However, the�nal motionmodelparametersuponconvergenceof EM

wereaccurateenoughto result in seamlessmappingwhen the algorithmwaspresented

with a full sensorlog. Theresultingmapsareindistinguishablefrom thoseproducedwith

modelslearnedfrom full sensorlogs,andassuch,arenotshown here.
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Finally, weconsideredthepossibilityof usingvery largevariancesanda largenumber

of particlesasanalternative to learninga goodmodel.Theproblemwith this approachis

thatadequatelycoveringthecon�guration spaceof therobotwhenthemodelparameters

have high varianceis quitedif�cult. Evenwith four timesasmany samplesasour re�ned

models,ournaivemodelwasunableto produceseamlessmaps.

Perhapsthe most signi�cant test of this method's ability to learn the motion model

parametersfor a givenrobot is to apply it to otherrobots,without any knowledgeof that

robot or its construction.Several sensorlogs wereobtainedfrom otherresearchgroups,

eachrecordedusingtheir own robot. Using a meanzero,high variancenoisemodelas

our initial model,thisEM algorithmwasrunon a shortsection(200iterations,or approx-

imately5m of motionwith turns)of thesensorlog. Usingno otheralterations,theentire

datalog wassuccessfullymapped.Wepresenttwo of thelargerdatasetshere.

Figure6.8 shows a mapof theconventioncenterin Edmonton,AlbertawhereAAAI

2002washeld [1]. This sensorlog, providedby Nick Roy, coversanareaapproximately

75mx 95m.Themapshown wasgeneratedusing2000particles,andusedamotionmodel

learnedaftersix iterationsof ourEM algorithm.

Figure6.9is amapof anotherconferencesite,thisonein Acapulco,Mexico,at thesite

of IJCAI 2001 [1]. Therobotbegins in the lower right handcorner, andobservesa total

areaapproximately60mx 110m.Thestrangezig-zagpatternat thetop aretheposterson

display, andthesetof threesmall “rooms” on theright sideof theimageis thecoursefor

the robotic searchandrescuecompetition.This mapwasmadewith 1500particles,and

spenteightiterationslearningthemotionmodel.

Theseresultsshow thatthemethodis capableof learningaccuratemotionmodelswith

very little userinput. Beginningwith a general,naive setof motionparameters,it is pos-

sible to re�ne themodelto besigni�cantly moreaccurate.In addition,this modelcanbe

generallyappliedto similar environments.Furthermore,whenpresentedwith anincorrect

77



Figure6.8: A mapof theconferencecenterin Edmonton,Canada,whereAAAI 2002was
held.Themotionmodelusedwaslearnedwithouteverhaving seentherobotthatcollected
thedata.
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Figure 6.9: A mapof thelocationof IJCAI 2001,in Acapulco,Mexico.
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model,theproposedmethodquickly adapted,andwasableto learnmoreappropriatepa-

rameterssuccessfully. Finally, we demonstratedthepower of this methodto learna good

modelthat is applicableto a largeareawhenpresentedwith datafrom only a smallpiece

of thisarea.
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Chapter 7

Coalescence

Our researchinto particle�lters is unusual,in that it speci�cally observestheancestryof

eachparticle,andkeepstrack of the relationsandsimilaritiesbetweeneachparticle. In

doingso,wehaveobservedaninterestingphenomenon,calledcoalescence. As onetraces

theancestryof thecurrentparticlesbackin time,theparticlediversitydecreases,indicating

a generalagreementamongthecurrenthypothesesaboutsomeearlierstate.Thepoint at

whichall currentparticlessharea singleancestoris calledthepointof coalescence.

As canbeexpected,thenumberof iterationsbetweenthecurrentgenerationandthis

pointof coalescenceis a functionof theuncertaintypresentin thesystem.During periods

of increaseduncertaintythis differencewill grow, as the available particlesspreadout

to cover a largerareaof thestatespace.As moreinformationis gathered,it is possibleto

resolveuncertaintiesin thepast.Oncethisuncertaintyis resolved,thepointof coalescence

will jump backtowardsthepresentiteration,indicatingthatall alternative hypothesesup

until thatpointhaveanegligible probability.

7.1 Empirical Behavior of Coalescence

Let us examinethe behavior of coalescencein a speci�c run of DP-SLAM. Figure 7.1

shows how the distribution of ancestorparticleschangesduring the D-Wing experiment

shown in Figure 4.10. The higher, red line indicatesthe numberof ancestorparticles

maintainedin theancestrytreewhich wereinsertedat least� ve iterationsearlierthanthe

currentiteration.Thelower, greenline plotsthenumberof ancestorparticleswhich were

createdat leastten iterationsago. As canbeseen,thesenumbersvary signi�cantly over

thecourseof theexperiment.
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Figure 7.1: A graphof thecoalescencebehavior for DP-SLAM duringthecreationof the
D-Wing mapin Figure4.10,using3000particles.

Figure 7.2: Thecoalescencebehavior of a particle�lter with 3000particles,usingcom-
pletelyuninformativedata.All coalescenceis purelytheresultof particledepletion.
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Therearea few sectionsof the graphwhich areparticularly interesting. The initial

uncertaintyof therobot,asthe�rst observationsarebeingenteredinto themap,is apparent

at the very startof the graph. Iterations100 and180 both mark the startof risesin the

graph,andcorrespondto startof two new hallways: theright sidehall, andthehall at the

top of the map. As the robot �rst entersthesehallways, thereis very little information

to disambiguatetherobot's position,asthereexist few featuresalongthewalls which the

robot is able to observe very well. Similarly, the spike in the graphbeginning around

iteration350 correlateswith the robot enteringthe long sectionin the left hallway. The

lack of doorways,or any otherdistinguishingfeature,leavesthealgorithmwith very little

informationwith which to con�dently localize.

The�nal risein uncertainty, from iterations420to 530,arisesfrom a differentsource.

In this area,therobothasclosedtheloop, andthereforehaspreviously mappedthis area.

The robot is not lackingaccuratemapinformationto localizewith. Instead,asthe robot

hasnot visited this sectionof themaprecently, someof the datawhich wasenteredear-

lier is no longervalid, dueto traf�c in the halls. Most obviously, thereis a door which

previously wasobservedto beempty, andnow theobservationsindicatethat it is closed.

Theseinconsistenciesbetweenthe old mapandthe new observationshave the effect of

decreasingthealgorithm'scertaintyof any particle,asnocombinationof mapandpose�t

theobservationsverywell. This lackof con�dencetranslatesinto amarkedincreasein the

diversityof particles,which slowly returnsto previous levels,asthemapis updatedwith

thenew stateof theworld.

It is importantto realizethat this point of coalescenceis not merelya sideeffect of

randomparticledepletion.Thepoint of coalescenceis actuallydrivenby the information

presentin theobservations.To comparetheresultsaboveto thebehavior of anuninformed

particle�lter , a dummyparticle�lter wasconstructed.This dummyparticle�lter ignores

theobservationscompletely;eachparticleis automaticallygiventhesameweightasall of
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theothers.Thenumberof particlesandthe resamplingmethodstayedthesameasthose

usedin DP-SLAM for Figure7.1. This dummyparticle �lter wasrun several times, to

comparethe coalescencebehavior in DP-SLAM againstthe particle depletionwhich is

observedin anuninformedparticle�lter . Figure7.2plotstheresultsof oneof theseruns,

shown by thepointsin thegraph,aswell astheaverageresultsover twentydifferentruns,

indicatedby the solid line. The higher set of tracesrepresentsthe numberof ancestor

particlescurrentlykept in the ancestrytreewhich werecreatedmorethan� ve iterations

ago. The lower traceindicatesthenumberof ancestorparticlesolder thanten iterations.

As the �gure shows, an uninformedparticle �lter quickly reachessigni�cantly greater

amountsof diversityin thepopulationof ancestorparticles,andmaintainsthosehighlevels

throughoutthe experiment. The amountof uncertaintyin the systemneedsto be much

higherbeforeparticledepletionbeginsto seriouslyaffect thebehavior of DP-SLAM.

7.2 Implications of Coalescence

This examinationof coalescencein DP-SLAM providesimportantinsight into the prop-

ertiesof DP-SLAM. Primarily, it establishesthat theparticle�lter is maintainingtheun-

certaintyin the properareaof the statespace. This uncertaintyis reducedasa natural

consequenceof the particle �lter when future observationsresolve the ambiguity. The

reductionin thediversityof particlesfrom earlieriterationsis theresultof informationef-

fectively propagatingbackin time,affectingthedistributionsat previousiterations,rather

thanresultof randomparticledepletion.

A niceconsequenceof maintaininga relatively recentpoint of coalescenceis a reduc-

tion in spacecomplexity. All mapupdatesmadeprior to the point of coalescencenec-

essarilyagreeacrossall particles,allowing us to representthosesectionscompactly. As

mentionedin previously in section4.2.2,if thepoint of coalescenceis de�ned asexisting
�

iterationsin thepast,thenthespacecomplexity of maintainingdistributedparticlemaps
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is �

�

� ���

�

�

	 . Thissuggeststhatasthemapincreasesin size,thememoryrequiredto

representthemapapproachesthesizeof maintainingonly a singlemap.

Sofar, examinationof coalescencehasonly beenpreliminary. DP-SLAM relieson the

behavior of coalescenceto be able to maintainmultiple maphypothesespractically, yet

it hasnot beenthoroughlyexaminedfor otherbene�ts. Thereremainsa numberof other

potentialapplicationsfor exploiting coalescencein particle �lters. Thesepossibleuses

could includevariableparticlenumbers,adaptive resamplingof pastiterations,andmore

ef�cient datacompression.
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Chapter 8

Hierar chical SLAM

8.1 Drift

TheDP-SLAM algorithmpresentedhereprovidesa highly accurateandef�cient method

for building maps.However, for certaintrajectorieswhichcoverasuf�cient amountof dis-

tancebeforecompletingacycle,theaccuracy of themapcandegrade.Thisproblemof drift

over largedistancesis a signi�cant problemthat is facedby essentiallyall currentSLAM

algorithms. Small errorscanaccumulateover several iterations,andwhile the resulting

mapmayseemlocally consistent,therecouldbelargetotalerrors,whichbecomeapparent

after therobotclosesa large loop. Dueto aninability to representthefull joint probabil-

ity distribution in suf�cient detail, it becomesimpossibleto recover from theseerrors. In

theory, drift canbeavoidedby somealgorithmsin situationswherestronglinearGaussian

assumptionshold [11]. In practice,it is hardto avoid drift, eitherasa consequenceof vi-

olatedassumptionsor asa consequenceof particle�ltering. Thebestalgorithmscanonly

extendthedistancethat therobot travelsbeforeexperiencingdrift. Errorscomefrom (at

least)threesources:insuf�cient particlecoverage,coarseprecision,andresamplingitself

(particledepletion).

The �rst problemis a well known issuewith particle�lters. Givena �nite numberof

particles,therewill alwaysbe unsampledgapsin theparticlecoverageof thestatespace

andthe proximity to the true statecanbe ascoarseasthesizeof thesegaps.This is ex-

acerbatedby thefactthatparticle�lters areoftenappliedto high dimensionalstatespaces

with Gaussiannoise,makingit impossibleto cover unlikely (but still possible)eventsin

the tails of distribution with high particledensity. The secondissueis coarseprecision.

This canoccurasa resultof explicit discretizationthroughanoccupancy grid, or implicit
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discretizationthroughtheuseof asensorwith �nite precision.Coarseprecisioncanmake

minorperturbationsin thestateappearidenticalfrom theperspectiveof thesensorsandthe

particleweights.Finally, resamplingitself canleadto drift by shifting a �nite population

of particlesaway from low probabilityregionsof thestatespace.While this behavior of a

particle�lter is typically viewedasa desirablereallocationof computationalresources,it

canshift particlesaway from thetruestatein somecases.

Theneteffectof theseerrorsis thegradualbut inevitableaccumulationof smallerrors

resultingfrom failureto sample,differentiate,or rememberastatevectorthatis suf�ciently

closeto the true state. In practice,we have found that thereexist large domainswhere

high precisionmappingis essentiallyimpossiblewith any reasonablenumberof particles.

Figure8.1demonstratestheresultof DP-SLAM attemptingto mapCarnegie Mellon Uni-

versity's WeanHall with 20,000particles,requiringmorethansix hoursof computation.

As canbeenseenby themisalignmentin theright hallway, theloop in thisdomainis large

enoughthatexisting particlediversity is insuf�cient to correctthe inevitablesmall errors

thatoccur.

8.2 Hierar chical SLAM

TheDP-SLAM algorithmthatwe have constructedsofar presentsanapproachto SLAM

that reducesthe asymptoticcomplexity per particle to that of pure localization. This is

likelyaslow ascanreasonablybeexpectedandshouldallow for theuseof largenumbersof

particlesfor mapping.However, thediscussionof drift in theprevioussectionunderscores

that the ability to uselarge numbersof particlesmay not be suf�cient. If we acceptthat

drift is an inevitable resultof a samplingbasedSLAM algorithm,thenwe would like to

have techniquesthatdelaythe onsetof drift aslong aspossible.We thereforeproposea

hierarchicalapproachtoSLAM thatis capableof recognizing,representing,andrecovering

from drift.
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Figure 8.1: A map of CMU's WeanHall, using a non-hierarchicalimplementationof
DP-SLAM with 20,000particles.Thereis a distincterror in theclosingof theloop in the
right hallway.
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8.2.1 RelatedWork

Other methodshave also attemptedto preserve uncertaintyfor longernumbersof time

steps. One approachseeksto delay the resamplingstepfor several iterations,so as to

addressthetotal noisein a certainnumberof stepsasoneGaussianwith a largervariance

[29,30]. Theinformationbetweenresamplingstepsis notneglected,however. Theweights

usedfor resamplingaretheaccumulationof thescoresat theinterveningsteps.In general,

thereexist other look-aheadmethodsthat can “peek” at future observationsto usethe

informationfrom later time stepsto in�uence samplesat a previous time step[35]. The

HYMM approach[17]createsa numberof small local maps,andseeksto combinethem

by overlayingthemona topologicalmap.

A differentway to interprethierarchicalSLAM is in termsof a hierarchicalhidden

Markov modelframework [36]. In a hierarchicalHMM, eachnodein theHMM hasthe

potentialto invokesub-HMMsto producea seriesof observations.Themaindifferenceis

thatin hierarchicalHMMs, thereis assumedto beasingleprocessthatcanberepresented

in differentways. In our hierarchicalSLAM approach,only the lowest level modelsa

physicalprocess,while higherlevelsmodeltheerrorsin lower levels.

8.2.2 Hierar chical Algorithm

The basicideais that the main sourcesof drift canbe modeledasthe cumulative effect

of a sequenceof randomevents.Throughexperimentation,we canquantify theexpected

amountof drift overacertaindistancefor agivenalgorithm,in muchthesamewaythatwe

createa probabilisticmotionmodelfor thenoisein therobot's odometry. Sincethe total

drift over a trajectoryis assumedto be a summationof many small, largely independent

sourcesof error, it canbewell approximatedby aGaussiandistribution.

If weview theactof completinga smallmapsegmentasa randomprocesswith noise,

we can then apply a higher level �lter to the outputof the map segmentprocessin an
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attemptto track the underlyingstatemoreaccurately. Therearetwo bene�ts to this ap-

proach.First, it explicitly modelsandpermitsthecorrectionof drift. Second,thecoarser

timegranularityof thehigh level processimpliesfewer resamplingstepsandfeweroppor-

tunitiesfor particledepletion.Thus,if we canmodelhow muchdrift is expectedto occur

overasmallsectionof therobot's trajectory, wecanmaintainthisextrauncertaintylonger,

andresolve inaccuraciesor ambiguitiesin themapin anaturalfashion.

Therearesomespecialpropertiesof theSLAM problemthatmake it particularlywell

suitedto this approach.In thefull generalityof anarbitrarytrackingproblem,oneshould

view drift asaproblemthataffectsentiretrajectoriesthroughstatespaceandthecomplete

belief stateat any time. Samplingthespaceof drifts would thenrequiresamplingpertur-

bationsto theentirestatevector. In this fully generalcase,thebene�t of thehierarchical

view would beunclear, astheendresultwould bequitesimilar to addingadditionalnoise

to thelow level process.

In SLAM, wecanmaketwo assumptionsthatsimplify things.The�rst is thattherobot

statevectoris highly correlatedwith theremainingstatevariables,andthesecondis that

we have accessto a low level mappingprocedurewith moderateaccuracy andlocal con-

sistency. Undertheseassumptions,theeffectsof drift on low level mapscanbeaccurately

approximatedby perturbationsto theendpointsof therobot trajectoryusedto constructa

low level map. By samplingdrift only at endpoints,we will fail to samplesomeof the

internalstructurethatis possiblein drifts, e.g.,we will fail to distinguishbetweena linear

drift anda spiral patternwith the sameendpoints.However, the existenceof signi�cant,

complicateddrift patternswithin amapsegmentwouldviolateourassumptionof moderate

accuracy andlocal consistency within our low level mapper.

To achieve a hierarchicalapproachto SLAM, we usea standardSLAM algorithmfor

the low level mappingprocess.The input to the low level algorithmis a shortportionof

the robot's trajectory, alongwith the associatedobservations. This SLAM processruns
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normally, with no alterations.Theonly differenceis that theoutputthatwe usefrom this

algorithmis notonly adistributionovermaps,butalsoadistributionoverrobottrajectories.

We cantreatthesedistributionsover trajectoriesasa distribution over motionsin the

higher level SLAM process,to which additionalnoisefrom drift is added. This allows

usto usetheoutputfrom eachof our smallmappingefforts astheinput for a new SLAM

process,workingatamuchhigherlevel of timegranularity. Sincethesampledtrajectoryis

treatedasasingle,atomicmotion,thisde�nestheplacementof theassociatedobservations.

Theobservationmodelat thehighlevel is thenjust thecollectionof observationsthatwere

madeateachstepalongthistrajectory. Thehighlevelalgorithmotherwisebehavesin much

thesamewayasany otherSLAM method,andwill combinealargeseriesof iterationsinto

a largermap.

For thehigh level SLAM process,we needto becarefulto avoid doublecountingevi-

dence.Eachlow level mappingprocessrunsasanindependentprocessinitialized with an

emptymap. Thedistribution over trajectoriesreturnedby the low level mappingprocess

incorporatestheeffectsof theobservationsusedby thelow level mapper. To avoid double

counting,thehigh level SLAM processcanonly weighthematchbetweenthenew obser-

vationsandtheexistinghighlevel maps.In otherwords,all of theobservationsfor asingle

high level motionstep(singlelow level trajectory)mustbeevaluatedagainstthehigh level

map,beforeany of thoseobservationsareusedto updatethemap.Wesummarizethehigh

level SLAM loop for eachhigh level particleasfollows:

1. Sampleahigh level SLAM state(high level mapandrobotstate).

2. Perturbthesampledrobotstateby addingrandomdrift.

3. Samplea low level trajectoryfrom thedistribution over trajectoriesreturnedby thelow level

SLAM process.

4. Computea high level weightby evaluatingthetrajectoryandrobotobservationsagainstthe

sampledhigh level map,startingfrom theperturbedrobotstate.
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5. Updatethehigh level mapbaseduponthenew observations.

In practicethiscangiveamuchgreaterimprovementin accuracy oversimplydoubling

theresourcesallocatedto a singlelevel SLAM algorithmbecausethehigh level is ableto

modelandrecover from errorsmuchlongerthanwould beotherwisepossiblewith only a

singleparticle�lter . In our implementationswehaveusedDP-SLAM at bothlevelsof the

hierarchy. However, thereis reasonto believe that this approachcouldbeappliedto any

othersampling-basedSLAM methodjust aseffectively. We also implementedthis idea

with only onelevel of hierarchy, but multiple levelscouldprovide additionalrobustness.

We felt thatthesizeof thedomainsonwhich we testeddid notwarrantany furtherlevels.

Thecomputationalcomplexity of hierarchicalSLAM requiresaslightly differentanal-

ysis thanthe oneswe have performedalready. Sincewe usea linear implementationof

DP-SLAM at both levels,eachlevel itself canrun in �

�

�

�

	 time. However, the � and
�

termsaredifferentfor the two levels,so the complexity is really �

�

���

�

� � ���

�

�.	 .

We canassume
�

�

�

�

�

�

�

�

�

. Unfortunately, it appearsthat ��� � ��� . If we assume

thelow level of thehierarchyrunsat a frequency 
 timesgreaterthanthehigh level, then

���

�

�


 ��� . Therefore,the high level is only run
�

�

asoften, implying that the total run

time for the high level, comparedto the run time of the low level, is
�

�

�


 ���

�

	 � ���

�

.

Thusthetotal complexity for bothlevelsis still �

�

�

�

	 .

8.3 Implementation and Empirical Results

To demonstratethebene�tsof hierarchicalSLAM, wechoseto useadatalog of Carnegie

Mellon University's WeanHall, shown in Figure8.2. In this domain,the robot travels

approximately220mbeforereturningto an earlierposition. This datasethaspreviously

beenfoundto bevery dif�cult for non-hierarchicalSLAM algorithms.LinearDP-SLAM

wassuccessfullyableto maptheenvironment,but requiredat least120,000particlesand
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Figure 8.2: CMU'sWeanHall at 4cmresolution,usinghierarchicalSLAM.

93



Figure 8.3: A depiction of the current uncertainty in the map, shortly before the
non-hierarchicalapproachattemptsto completethe loop. Pink areasindicatesectionsof
themapwherethegivenmaphasno observations,but alternative hypothesesdo have en-
tries. 94



Figure 8.4: The amountof uncertaintyin the map(onceagainshown in pink) is much
greaterfor thehierarchicalapproach.
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took morethan42 hourson a 3.2GHz processor. This is signi�cantly moreparticlesthan

thefew thousandtypically acceptedasa reasonablenumber.

Whenwe rana hierarchicalversionof DP-SLAM on thedata,eachlow level SLAM

processwasrun for 75 iterations,with anaveragemotionof 12cmfor eachtimestep.This

processwasableto mapthebuilding successfullywith signi�cantly fewer particles,2000

for the low level and3000for the high level, and it took only 4 hoursand53 minutes.

This extremedifferencein particlecountsandcomputationtime demonstratesthe great

improvementthatcanberealizedwith thehierarchicalapproach.(TheWeanHall dataset

hasbeenmappedsuccessfullybeforeat low resolutionusinga non-hierarchicalapproach

with run timeperiterationthatgrowswith thenumberof iterations.[29].)

Thereasonthata non-hierarchicalmethodhassucha dif�cult time mappingthis data

is theextremelongevity of theuncertainty. Giventhe largesizeof the loop, small ambi-

guitiesin thebeginningof themaparenot resolvedfor several thousanditerations.Non-

hierarchicalDP-SLAM requiresa tremendousnumberof particle to maintainthis early

particlediversity long enough. As Figure8.3 indicates,thereis little uncertaintyin the

mapastheloopnearscompletion.

Comparethis to the amountof uncertaintymaintainedby hierarchicalDP-SLAM, as

shown in Figure8.4. Shortlybeforecompletingthe loop, thehigh level particle�lter can

beseento maintainmultiplehypothesesall thewaybackto thebeginningof thetrajectory.

In fact,at thispoint, thepointof coalescencefor thehigh level is at thevery �rst iteration.

For the non-hierarchicalapproachto maintainthis sameamountof uncertainty, it would

needto havea point of coalescencenearly2000iterationsago.In fact,its point of coales-

cenceat this stageis closeto twenty iterationsago. As the robotcompletesthe loop, the

uncertaintyin thehierarchicalmethodis nearlyeliminated,astheadditionalinformation

from revisiting thestartingareais suf�cient to resolve theremainingambiguities.

HierarchicalDP-SLAM is alsouseful for simplerdomains,suchasthe C-Wing data
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setusedearlier. The non-hierarchicalversionof DP-SLAM required11,000particlesto

reliably mapthis domain,andeven with the linear time implementation,it required690

minutes.Theusingthehierarchicalversionrequired2000particlesfor both thehigh and

low levels,andwasableto completethemapin 123minutes.Thusthesigni�cant reduc-

tion in particlecountsfor thehierarchicalimplementationprovidesdramaticimprovements

in runningtime,evenin situationsthatwould otherwisebepossiblemapwithout thehier-

archy.

8.4 Extensionsof Hierar chal SLAM

So far, we have only extendedthe hierarchicalframework for SLAM to two levels, as

this hasbeensuf�cient for our datasets.For thepathstraveledduringtheseexperiments,

thedistanceis smallenoughbetweenloop closingeventsthatthereis not yet a signi�cant

amountof drift at thehighlevel. However, for suf�ciently largedomains,it is reasonableto

expectthatsuchdrift couldoccur. In thatcase,onecouldextendthehierarchicalframework

further, andaddanadditionallayer to thehierarchy. Naturally, it hasbeendif�cult for us

to empirically test the feasibility of this ideawithout arti�cially altering the datasetor

signi�cantly hamperingtheunderlyingSLAM method.

This ideaof hierarchicalSLAM doesnot needto be restrictedto being usedsolely

with DP-SLAM. The sourcesof drift outlinedabove areinherentin any samplingbased

SLAM method.Likewise,noneof theelementsof thehierarchicalstructurewe createare

speci�c to DP-SLAM; sincethehierarchicalstructuresolelyfocusesonengineeringinputs

andoutputs,this methodshouldbe equallyeffective whenusedin conjunctionwith any

otherSLAM method.
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Chapter 9

Practical Impr ovements

9.1 Culling

At eachiterationof DP-SLAM, we generatemany moreparticlesthanwe keep. Evalu-

ating a particle requiresline tracing181 lasercasts. However, mostparticleswill have

signi�cantly lowerprobabilitythanothersandthis canbediscoveredbeforethey arefully

evaluated.Usinga techniquewe call particle culling we divide thelaserscansinto 
 par-

titions, andevaluateour setof particlesin 
 passes.At eachpass,the particle's poseis

evaluatedagainstthemapfor those
��� �

�

lasercasts,andthat total probability is multiplied

by thepreviousprobabilityfor thatparticle.Thehighestprobabilityparticlecanbeidenti-

�ed, andasinglescanthroughthesetof particlescanremovethoseparticleswhichhavea

signi�cantly lowerprobabilitythanthecurrentbestparticle.In thismanner, particleswith

very low probabilityof gettingresampledarenever fully evaluated.In practice,this leads

to largereductionin thenumberof lasercaststhataretracedthroughthegrid.

Thetrick to ourculling methodis to removeasmany particlesaspossible,while keep-

ing all of theparticleswhich would normallyhave a high probabilityof beingresampled.

Let us examinethe probability of any given particle being resampled.For the sake of

simplicity, we canassumethat their weightsarenormalized.Givena weightedsetof
�

particles,theprobabilityof choosinga speci�c particle �

� , is equalto thatparticle's nor-

malizedweight 


� . For resampling,wemake
�

independentselections,with replacement,

sothechanceof choosingagivenparticleis now
�

�

� �

�




�

	

�

. For purposesof culling,we

would like to remove thoseparticleswhich areleastlikely to beresampled,sowe canset

somesortof threshold,andany particlewhosenormalizedweightis lessthanthatthreshold

canbeeliminated. If we wereto ignoretheparticleweights,theprobabilityof choosing
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any speci�c particlewould be
�

� . Requiringthateachmaintainedparticlebemorelikely

thanthisuninformedchoicegivesusa thresholdvalueof
�

� . In practice,this hasprovided

uswith goodresults.This numbercanof coursebealtered,dependingon how aggressive

theuseris aboutculling.

Expandingon this ideaof earlyheuristicevaluation,we canalsopreprocesstheentire

setof particlesfor obviouspoorposes.To scanthroughthedifferentparticlesquickly, we

initially evaluatethemsolelyon theevidenceof apartialline trace.This is a muchshorter

line trace,centeredaroundthelaserendpoints,andis only afew grid squareslongin either

directionfrom the endpoint. Sincethis heuristicdoesnot includeall of the information

presentin a full line trace,it is unableto detectobjectswhich shouldobstructthe laser

earlyon in thescan,andthereforeit is a somewhatcoarseevaluation.However, it is able

to quickly determinewhich particlesdo not have a signi�cant portion of their endpoints

line upwith well establishedobstacles,which is suf�cient to identify a largenumberof the

poorparticlesin avery fastmanner.

Whencombinedtogether, thesetwo heuristicssigni�cantly reducethetotal numberof

particlesthatneedtobecompletelyevaluated,andgiveanaveragepracticalspeeduponthe

orderof �

�


 . Extensive comparative empiricalanalysisof thesemethodshasconvinced

usthatno particleswhich areeliminatedearlywould have otherwiselastedfor morethan

oneiteration.Thustheapproximationdoesnotdegradetheaccuracy of ouralgorithm.

9.2 Important Parameters

Perhapsone of the most obfuscatedand annoying aspectsof implementinganotherre-

searcher's algorithm is attemptingto infer the valuesof importantparameters.These

“magic knobs”representimportantvaluesin thealgorithmwhich werearrivedat through

experimentationor intuition, andare often dif�cult for other researchersto understand,

much lessduplicate. Hopefully to make this somewhat clearerfor DP-SLAM, we will
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brie�y review the most importantof theseparameters,anddiscusstheir role aswell as

reasonablevaluesfor them.

9.2.1 Observation Model

Within the robot's observationmodelaretwo importantparameters.The �rst of theseis

the laservariance. This numberexpressesthe expectedamountof error that shouldbe

presentin any oneof the laserscans,whencomparedto the robot's map,assumingthat

boththemapandthecurrentrobotpositionarebothcorrect.Noticethatthis is not purely

theamountof noisepresentin thesensor. Althoughthis is a majorcontributing factor, it

is alsoaffectedby noiseandclutter in theenvironment(which canleadto 'blurry' object

boundaries)aswell asthethescaleof themapitself, sincetheprecisionof theobservation

modelis in�uencedby theresolutionof themap. Themaineffect that this parameterhas

on the algorithm is to affect the resamplingstage. A smallervariancecreatesstronger

distinctionsbetweenparticles' weights,and thusmakes it lesslikely for many particles

to be resampledeachiteration. A goodvaluethat we tendto usefor mostdomainsat a

resolutionof 3cmtendsbeastandarddeviationof 4cm.

Theotherimportantparameterin theobservationmodelis themaximumallowederror.

Thisis atermwhichlimits thetotalamountof errorthatasingleobservationcanhave. Seen

a little differently, this termrepresentsa certainamountof backgroundnoise,pastwhich

point any readingis equallylikely. This helpsto modelseveralseeminglyaberrantevents

thatcanoccurin theenvironment,suchassemi-transparentor semi-re�ective surfaces,or

objectswith smallholesor sharpboundaries.Sincetheprobabilityof a singlerobotpose

is the productof the probability of eachlasercast,this term is importantto ensurethat

a singlepoor observation (with probability nearzero)doesnot completelyeliminatean

otherwisegoodpose.In practice,weuseavalueof
�����

���

�

, where
!

is thestandarddeviation

of thelaser's noisediscussedabove,asthelower boundfor theprobabilitythatany single
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lasercastcanbeassigned.

9.2.2 Motion Model

Themostobviousparametersrelatingto themotionmodelof arobotarethemotionparam-

etersthemselves.This includesameanmotion,usuallyderivedfrom therobot'sodometry,

anda setof variances,which describethesizeandshapeof a multidimensionalGaussian

distribution aboutthat mean. A full discussionof the motion model that is usedin our

implementations,andhow the valuescanbe obtained,is describedin greatdetail in the

earlierchapteron proposaldistributions.

Oneof theimportantissuesin implementingaSLAM algorithmthatis rarelydiscussed

is thespeedof the robot,or moreprecisely, thespeedof sensoryinput into the the algo-

rithm. Dueto thecrucialissueof particledepletion,it shouldbeobviousthattheseparation

betweeniterationsshouldbebasedondistancetraveled,ratherthantimeelapsed.In partic-

ular, if therobotis notmovingatall, continuingto model“motion” in therobotis pointless.

We have foundthattheappropriatedistancebetweenobtainingobservationsabouttheen-

vironmentshouldbecloseenoughtogetherasto allow for signi�cant overlapbetweenone

observationandthenext, yet far enoughapartsothatthereareminimal resamplingerrors.

While previous work hascomeup with methodsfor resamplingoccasionallywhile still

usingall of theincomingdata[29], wehave foundthatthesimplerapproachof merely�l-

teringout theintermediateinformationis suf�cient for ourpurposes.Theintervalsthatwe

generallyuseareaminimumof 10cmof lateralmotion,or 0.04radiansof angularmotion.

9.2.3 Map Parameters

Thereexist severalmapparametersthatcanbecontrolledby theuser. The�rst of theseis a

practicallimitation onthesizeof themapallowed.Themapwidth andmapheightdescribe

thesizeof environment,and,assuch,de�ne thesizeof many internaldatastructures,and
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by extensionhave a profoundimpact on the amountof memoryused. This parameter

naturally can vary greatly, dependingon the domainthat the robot will be expectedto

cover.

Another map parameterthat shouldbe acknowledgedis the map prior. This is the

probabilityof occupancy which is assignedto any previouslyunobservedgrid square.This

valuecanof coursebechangedaccordingto theclutterin theenvironment.Recallthatthe

probabilityof laserbeingobstructedby agivengrid squareis determinedby anexponential

distribution
��� �

�

�
�

	 �

�

� ��� �

� , where� is thedistancethatthelasertraveledthroughthat

square.As describedearlier, weuseagammadistributionasaconjugateprior, with ashape

parameterof 1. This conjugateprior hasthe samepracticaleffect on eachunobserved

grid squareasif therehadbeena previous observation with parameters� �

�

�

���

m and
�

�

�

�

�����

.

The last mapparameteris the scaleof the map. This dictateshow muchareain the

realworld is representedby a singlegrid squarein themaprepresentation.Themapreso-

lution canaffect thespeed,accuracy andmemoryrequirementsof thealgorithm. Coarser

resolutionswill of coursetendto befasterandrequirelessmemory, but canfail to repre-

sentimportantfeaturesin theenvironmentaccurately, andcanincreasetheamountof drift.

However, if theresolutionis too �ne, this canleadto problemswith accuracy aswell; due

to thespreadof thedifferentrayscastout from the laserrange�nder, a �ne enoughgrid

canfail to have signi�cant overlapfrom onetime stepto thenext, evenwhenthe robot's

relative motion is small. In our experience,we have found that resolutionsof 3-5cmto a

sidefor eachgrid squareto be best,thoughin certaindomains,10cmcanbe suf�ciently

precise.
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9.2.4 Hierar chical Parameters

ThehierarchicalSLAM structurecreatesmultipleSLAM processesrunningalongsideeach

other. Thelowestlevel is thebasicSLAM algorithm,working unperturbed.However, the

higherlevelsareworking with slightly differentdata,andassuch,requirea differentlaser

noisemodel.While theactualnoisein thelaserhasnotchanged,a largenumberof factors

aboutthe maphave. With a rigid trajectorypassedup from the lower level, thereis less

roomfor minorperturbations,andcertainamountof assumeddrift. In addition,thenumber

of observationshasscaled,andassuch,thedifferencebetweenvery similar posesscales.

All of this is includedin thehigh level laservariance,which needsto becorrespondingly

larger. Empirical resultsfor our domainsshow thatusinga standarddeviation of 7cm at

thehigherlevel workswell.

As the observationmodelchangesin hierarchicalSLAM, so doesthe motionmodel.

No longerarewe modelingthe noisein the odometryreadings,but insteadthe noisein

thelower level'smappingaccuracy. This “motion” modelis assumedto beGaussian,and

evenlydistributedaboutthelateralaxes.Thespeci�c valuesfor thesevariancesarehighly

mutable,affectedby the speci�c SLAM algorithmusedat the low level, andamountof

resourcesused,aswell aselementsfrom therobotor theenvironment.This valuescould

eitherbealteredby hand,or learnedin asimilarmannerastheodometricmotionmodelat

thelower level.

Beyondmodelingparameters,hierarchicalSLAM alsoneedsto decidethedurationof

thelowerlevel mappingprocess.Typically expressedin numbersof iterations,thisnumber

shouldre�ect how long the low level mappercanreliably be trustedto createmapswith

noseriousmisalignmentsor errors.This is anothernumberthatvariesconsiderably, but in

ourexperiments,we tendto keepit between75-150iterations
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Chapter 10

Summary of 2-D DP-SLAM

Throughthedevelopmentof DP-SLAM, we have madesigni�cant progresstowardscre-

atinganaccurate,principledSLAM algorithm,capableof ef�ciently maintainingmultiple

maphypotheses.At thecoreof thissolutionis theconceptof maintaininganancestrytree,

in orderto betterrepresentthedifferencesbetweentheseparatehypotheses.Theinforma-

tion containedin thisancestrytreeis suf�cient to allow usrepresentthemapdatain avery

compactmanner, without having to maintainany informationmultiple times,andwithout

a needfor mapcopying. This coreideaof distributedparticle mappingis thekey concept

thatallows practicaluseof multiple maphypotheses,whereearlierattemptswerebogged

down.

This distributedparticlerepresentationhasa very nice implementation,which allows

for a linear time asymptoticcomplexity, in both the numberof particlesandthe sizeof

the observations. By expandingthosegrid squareswhich are to be observed in a given

iterationinto easilyaccessibleobservationcaches,we canreducetheaccesstime of each

grid squareto constanttime, andachieve a time complexity which is identicalto that of

purelocalizationwith a singlemap. The co-developmentof methodssuchasculling, to

remove poor particlesbeforethey are fully evaluated,allow us to run DP-SLAM with

suf�ciently largenumbersof particlesin realtime to mapmany interestingenvironments.

The stochasticmapformulationdescribedhereprovidesa rigorousand�e xible rep-

resentationof the environment,andeffectively modelsthe behavior of the laserthrough

variousmediaandsurfaces. By properlymodelinginconsistentbehavior within certain

areas,we arenot constrainedto treatingasmany differenteventsas“backgroundnoise”,

andarebetterableto distinguishthesub-gridsquareresolutionin therobot'spose.
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Table10.1: Summaryof ComputationalComplexity

Thelastmajorcontribution to two dimensionalSLAM wasthedevelopmentof hierar-

chicalSLAM. Eventhemostprecisemappingmethodscanaccumulatedrift astherobot

travels increasinglylong distances.HierarchicalSLAM is a principledmethodof recog-

nizing thisdrift, andrepresentingthedrift in away thatmakesit possibleto easilyrecover

from the tiny, inescapableerrorsthat build up. Using hierarchicalSLAM on the largest

of our environments,we ableto mapsigni�cantly larger loopsthanwould otherwisebe

possible.Eventhosedomainsthatweremappedpreviouslycanbedonesoin lesstimeand

with fewerparticlesthroughtheuseof hierarchicalSLAM.

All of thistogetherputsusclosetoachieving ourgoalsin two dimensions.A principled

approachto maintainingmultiplemapsis possible,producingverydetailed,accuratemaps

which areproducedregardlessof the pathof the robot's trajectory; loop closingis used

asa measureof accuracy, andnot asa tool to provide accuracy. All of this is possiblein

real time, usingreasonablecomputingresources.To this effect, researchhasmadegreat

progresstowardsconsideringtwo dimensionalSLAM solved. However, thereare still

improvementsleft to achieve for thetwo dimensionalcase,andmuchwork to bedonefor

effective threedimensionalmapping,theultimategoalof SLAM.
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Chapter 11

3-D SLAM

11.1 Preliminary 3-D SLAM Work

ExistingSLAM methodstendto berestrictedto planarcases,wherethemapproducedis a

two dimensionalcrosssectionof theworld, androbotmotionis restrictedto motionwithin

this plane. Not only doesthis constraintprohibit usein many interestingenvironments,

effectively exiling therobotto the�oor of abuilding, it is alsoinsuf�cient to representob-

jectsandobstacleswhichmaybedisplacedfrom theplane,suchastabletopsor stairwells.

While somemethodsexist for threedimensionalmotion, they tend to representthe

world in termsof a few sparse,point-sizedlandmarks.Thesemaps,while usefulfor lo-

calization,andpossiblyfor navigation,give very little informationaboutthepresenceof

objectsin the world. Carnegie Mellon University's Mine Mappingproject is a notable

exception,which built volumetric threedimensionalmapsusinga seriesof laserrange

�nders setatdifferentangles[37]. Usingacombinedmethodof bothlocalandglobalscan

matchingtechniques,a two dimensionaloccupancy grid is created.Usingthecorrespond-

ing trajectoryfor therobot,theremaining,threedimensional,datais �lled in to createthe

volumetricmaps.Thusa threedimensionalmapis constructed,while motion in thethird

dimensionis ignored.

TheDP-SLAM architecture,asit existsnow, hasonly beenappliedto two dimensional

mapping. However, the restrictionto planarmotion is unrealisticin most applications

of mobile robots. Wheeledrobotstraveling acrossuneven terrain, and underwater au-

tonomousvehicles(UAVs) canmove with six degreesof freedom,threelateralandthree

angular. For the robot to operatein this environment,we not only needto track these

threenew degreesof motion(roll, pitchandheight),but alsomaintaina threedimensional
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representationof theenvironment.

This expansionof theproblempresentstwo typesof challenges,technicalanddimen-

sional. The technicalproblemsaremainly issuesof sensing.Previoussensorsusedwere

well suitedfor a two dimensionalworld, but areunableto make observationsoutsideof

theplane.In particular, odometryis unableto detectany motionin thethreenew degrees

of freedom. Also, laserrange�nders, which are so popularfor two dimensionalmap-

ping,aretypically a planarsensor. While threedimensionallaserrange�nders exist, they

areprohibitively slow, anddo not allow the robot to move while makingan observation.

Therefore,3-D SLAM notonly needsanew measureof estimatedmotionfor theproposal

distribution of theparticle�lter , but alsoa new sensorfor theprimaryobservationsof the

environment.

Dimensionalchallengesareproblemsof scale. As new dimensionsareaddedto the

problem,theresourcesneededto dealwith SLAM grow exponentially, sothatmerelyex-

tendingprevious methodsis infeasibleon any computerarchitecturewe might expectto

seein thenearfuture.Oneof thesechallengesdealswith spacerequirements.Two dimen-

sionalmapsarelargedatastructures,andpropermaintenanceof multiplemaphypotheses

canalreadytake on theorderor gigabytesof memoryfor reasonablysizedenvironments.

Adding a third dimensionto thesemapsin a straightforward mannerwould, of course,

increasethe memoryrequirementsfrom �

�

to �

�

, where � is the linear sizeof the en-

vironment,quickly placingthememoryrequirementsoutsidetherealmof feasibility. The

otherchallengethatneedsto beaddressedhereis oneof time complexity. Robotmotion

in threedimensionsallows for six degreesof freedom,which is twiceasmany parameters

to track as in the planarcase. This meansnot only that moreparticlesare likely to be

neededby theparticle�lter , but thatthesensoralsoneedsto gathermoreinformation,e.g.,

by makingmoreindependentobservationsof theenvironmentto disambiguatetherobot's

pose.Maintainingtheseextra particles,comparingtheseextra observationswith themap,
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andaddingeachof thenew observationsto themapall takesigni�cantly moretime. In our

preliminarywork, we attemptto addressall of thesechallenges,but focusparticularlyon

decreasingthecomplexity of mapupdates.

11.2 TechnicalIssues

As canbe expected,extendingSLAM to handle3-D mapsdoesnot merelyincreasethe

dimensionalityof the problem. The sameset of sensorsthat were effective for motion

within a planeareno longersuf�cient to give useful informationin a threedimensional

environment.Odometryis no longersuf�cient to capturethemotionof therobot,asshaft

encoderscannotmeasureroll, tilt, or changesin elevation.Likewise,aplanarrangesensor,

suchasthe laserrange�nders which arepopularin 2-D SLAM, is of limited usein three

dimensions.Evenslight motionout of theplanewill causea new observationto misalign

with previousscans.

Fortunately, bothof theseissuescanbeaddressedusingexisting methodsin computer

vision. Motion estimatescanbe obtainedthroughmaintaininga “visual odometer”. In

addition,the�eld of stereovisionhasprovidedawealthof methodsfor gettinguseful3-D

sensordata,if oneis willing to accepttheassociatedrunningtime for thetime being.We

takeacloserlook now at theimplicationsof usingthesemethodsfor SLAM.

11.2.1 ProposalDistrib ution / Motion Estimation

Oneof the mostbasicstepsin almostall existing SLAM methodsis the generationof a

proposaldistribution. Basedupontherobot's lastposition,aninitial estimateof therobot's

currentpositionis generated,baseduponeithercontrol inputsor a secondarysensoryin-

put. Theuseof odometryfor this stepis almostuniversal,but ashasbeenalreadynoted,

odometryis insuf�cient for capturingthreedimensionalmotion.

Oneoptionis to augmentthestandardshaftencoderswith asetof inclinometers.These
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sensorsareableto directlymeasuretherobot'spitchandroll. However, they areat leastas

noisyasshaftencoders,andcanbeexpensive. Also, thechangein elevationcanonly be

indirectlyobserved.

Anotheroption is theuseof accelerometers,in orderto measuredisplacementby ob-

servingchangesin velocityovertime. Thishasthenicepropertythattherobotis nolonger

requiredto havewheels,or eventravel over land.However, theproblemof excessivenoise

is evengreaterfor thesesensors,andgoodaccelerometersremaincostly.

Visualodometrymethods,suchasLowe'sScaleInvariantFeatureTracker(SIFT),pro-

vide a very nice, low costalternative approachto tracking incrementalmotion[38]. By

identifyinganumberof pointsof interestin aseriesof stereoimagepairs,SIFT solvesthe

dataassociationproblemin orderto tracktherelativemotionof thecamerawith respectto

theworld.

SIFTkeypointshavemany niceproperties,whichhavegeneratedsomeinterestin using

themasfeaturesfor a landmark-basedSLAM method.However, thesefeaturesof interest

arenot alwaysfound at the exact sameworld coordinateposition in eachframe,dueto

uncertaintyin the SIFT algorithm. In addition, SIFT keypointsare usually short lived,

andusuallyarenot observablefrom substantiallydifferentperspectives. However, they

still performvery nicely asa dead-reckoning system,andareperfectfor usea proposal

distribution in otherSLAM methods.

11.2.2 Observation Dependence

As statedbefore,sensorswhich make rangemeasurementsdirectly, suchas laserrange

�nders, aredif�cult to usewith threedimensionalmotion. Instead,we usestereocorre-

spondencemethodsto createa threedimensionaldepthobservation. This works well in

conjunctionwith SIFT, sincethemethodfor extractingkeypointsin SIFTautomaticallyre-

jectsany potentialkeypointswhich arenot suf�ciently distinctive for a givenimage.This
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virtually eliminatesthepotentialfor falsematches,which is theprimarysourceof errorin

stereoalgorithms.Therefore,whenthecamerasareproperlycalibrated,thenoisein one

methodcanbeassumedto beindependentfrom noisein theother.

Unfortunatelythe independenceassumptionis not true for differentdepthmeasure-

mentswithin a singlestereopair matching.Stereoalgorithmswork by takinga sectionof

the left cameraimage,andcomparingit with differentsectionsof theright image.How-

ever, a singlepixel is not enoughto createreliablematchesbetweenthe images,so an

entirewindow aroundeachpixel is usedto computethecorrespondences.Thesewindows

overlapacrossneighboringpixels,sothattheerrorin onedepthestimateis nolongerinde-

pendentof thedepthestimatesnearby. However, thesedependenciesbecomeweaker the

furtherthepixelsarefrom eachotherin theimageplane.In fact,for somestereomethods,

if apixel is notwithin thestereowindow of anotherpixel, thosetwo pixelsarenotdirectly

dependent,andassumingtheir independenceintroducesnegligible bias.
�

Therefore,in us-

ing stereodepthestimatesfor localization,we useonly every
�

th row andcolumn,where
�

is the sizeof the stereowindow. We thentreatthis subsetof readingsasindependent,

andcomputetheprobabilityof eachmeasurementseparately, giventhemapandtherobot

pose,andtake theirproductasthetotal (unnormalized)weightfor aparticle.

It is importantto notethatmapis merelya recordof the observations,which is used

anassumptionof the futurebehavior of thesensorin thatarea.For this purpose,we can

make a goodapproximationof theempiricalopacitiesby treatingthenoisefor eachpixel

matchingas independentwhen building the map. Therefore,we expect that it is more

informative to useeverypixel matchingto updatethemap.
�

Independencealongtheverticalaxis is commonin stereovision algorithms.However, horizontaldepen-
dencemayexist for somealgorithms,suchasdynamicprogrammingmethods.
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11.3 Data Explosion

Oneof the mostdif�cult problemsof expandingSLAM into threedimensionalenviron-

mentsis thesimpleproblemof dimensionality. By allowing movementoutsideof a plane,

the scopeof the problemincreasesdramatically. Not only doesthe maprepresentation

movefrom two dimensionalto three,but trackingnow expandsfrom threedegreesof free-

dom to six. This implies that a naive extensionof two dimensionalwork in SLAM will

not suf�ce. Thevastamountof resourcesneeded,bothin termsof time andspace,would

make implementationinfeasible.More cleveralgorithmsareneededto managethesenew

dimensionsbeforethemoresubtledif�culties of threedimensionalSLAM canbeidenti�ed

andaddressed.

11.3.1 3-D Mapping with Voxels

Themostnaturalextensionto thegrid-basedmaprepresentationof DP-SLAM is theuseof

voxels.Thesemetriccubescantakeonthesamepropertiesof stochasticgridsquares,while

representingvolumetricspace.Like the previous implementationsof grid squares,these

voxelsaresmall in scale,on the orderof a few centimeters.The problemis that a three

dimensionalmapis equivalentin sizeto a largenumberof two dimensionalmapsstacked

on top of eachother, onefor eachheightincrement.For a mapresolutionof centimeters,

this caneasilymeanthevoxel mapis severalhundredor eventhousandtimesthesizeof

a grid-basedmap.Giventhelargeamountsof memoryneededto maintaina singleplanar

mapfor DP-SLAM, thememoryrequirementsfor a completevoxel representationof the

world wouldbeinfeasible.

What I proposeinsteadis to maintaina datastructurewhich behavesvery muchlike

a full voxel representation,while on averagerequiringonly theequivalentspaceof a map

which is just a few voxelshigh. This is achievedby condensinga seriesof emptyvoxels,

whichall sharethesame(x, y) coordinatesin theworld, into asingleinterval.
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Figure 11.1: Left: a planargrid-basedmap.Center:a 3-D voxel-basedmap.Thedensity
coef�cients for eachvoxel arelistedbesidethem.Right: A 3-D map,condensingadjacent
emptyvoxelsin thesamecolumninto asingleinterval.
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Considera single,planargrid for the maprepresentation.Let eachentry in this grid

correspondnot to asinglegrid square,but insteadcontaintheentirecolumnof voxelsthat

exist at this
�

�

�

� 	 location. If the entriesof this columnare indexed with an array, the

maprepresentationdegeneratesback into a full voxel representation.However, we can

do betterthanthat. In nearlyall environments,the total observablespaceof theworld is

overwhelminglydominatedby emptyspace.Mostapplicationsfor themapdata,including

localization,treatthis emptyspaceasall equivalent;thereis very little to distinguishone

partof emptyspacefrom another. Furthermore,observableemptyspacetendsto comein

long stretches.Therefore,it is reasonableto considercondensinglarge intervalsof these

emptyvoxels into a singleentry, describingthe scopeof the entireinterval. Sincethese

intervals are dynamicwhile the map is still beingbuilt, the set of all voxels in a given

columnare storedin a balancedtree, keyed on � position,with empty spaceusing the

lowerendof theinterval asthe � value.

Theresultingmaprepresentationrequiressigni�cantly lessspaceto storethana com-

pletevoxel representation,dueto thecompactrepresentationof emptyspace.For acolumn

of spacehundredsof voxelshigh which crossesbut a few objectboundaries,thespacere-

quiredto representthe observed voxels in this columncould easily to lessthana dozen

entries.Furthermore,any unobservedvoxelsarenotevenincludedin theset.

Thesebene�tsof coursecomeat a price.First, thereis a slight increasein therunning

time neededto accessa voxel. Thesearchthroughthesetof observationsrequires
�

� � �

time,where� is thenumberof entriesfor thecolumn.Luckily, thesameargumentwhich

impliesagoodspacereductionalsoensuresthatthistimeincreasewill besmall,sinceboth

aredependenton thenumberof columnentries.

The otherdrawbackof this methodis that it becomesnecessaryto introducean ap-

proximationto theSLAM process.Sinceeachemptyinterval is storedasa singleentry,

the entireinterval necessarilyhasto be homogeneous.This meansthat unlike the previ-
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ouslydescribedapproachto stochasticoccupancy in DP-SLAM, we areunableto keepa

meaningfulobservationodometerfor any portionof the interval over emptyspace.That

is to say, we arenot storinghow muchthatareahasbeenobserved,andcorrespondingly,

we do not have a measurementof how con�dent we arein thedesignationof thatareaas

unoccupied.Therefore,if an object is ever detectedin any oneof the voxels along the

interval, thenew occupiedvaluefor thatvoxel will only beanapproximationof theactual

observedoccupancy.

Thisall describeshow to build asinglethreedimensionalmapef�ciently . Westill need

to addressthe corepropertyof DP-SLAM, describinghow this canbe usedto maintain

multiple mapsfor eachof thedistinctparticlesef�ciently . Recallthat in two dimensions,

we representthe distinctionsbetweenthe differentmaphypothesesat eachgrid square,

by storingup to
�

differentopacityvaluesin the observation vector. Given the useof

intervals to representemptyspace,it is dif�cult to extendthis conceptef�ciently to the

threedimensionalcase,by maintainingthedistinctionsbetweenmapsateachvoxel. Each

particlecanhave a differentstartandendpoint for a givenemptyinterval. Thusit either

becomesnecessarytomaintaintheseemptyintervalsonly atareaswhereall particlesagree,

or elseamorecomplicatedmethodwouldbeneededto describethecombinedintervals.

Our approachtakesa stepbackfrom the entire issue,and insteadmaintainsthe dis-

tinctionsbetweenparticlesata slightly coarserlevel. For each
�

�

�

� 	 location,we let each

particlemaintainits own column. As eachparticleaddsa new observation to themap,it

cancreateits own setof columnentries. Justlike two dimensionalversionsof the dis-

tributedparticlemap,any sectionwhich is not observedby thecurrentobservationcanbe

seamlesslyinheritedfrom theparent's hypothesis,simply by not creatinga new entry for

thatparticle.Whenlocalizationrealizesthattheparticlehasnoentryfor thedesiredvoxel,

it will continuebackup theancestryto theparentof theparticle.

Thismechanismcanbeexploitedfor emptyspaceaswell. Wearenow representingall
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emptyspaceidentically, sincewe do not keepa recordof how muchwe haveobservedan

emptyvoxel. Therefore,if avoxel hasalreadybeendesignatedasempty, any furtherobser-

vationsthatcontinueto indicatethatthevoxel is emptydonot requireupdatingthatvoxel.

Thisdrasticallyreducesthenumberof ancestorparticleswhichcreatenew, updatedentries

for thatemptyvoxel, further reducingthe spacenecessaryto storethe threedimensional

maps.

This threedimensionalapproachcanbe viewed asa direct extensionof two dimen-

sionalDP-SLAM. Lookingat it thisway, themapis still a two dimensionalgrid, maintain-

ing multiple observationsat eachgrid square.Themaindifferencein themaprepresenta-

tion is thatthenotionof anobservationis changing;thedatastoredby eachparticleis now

representingan entirecolumnof space.Consequently, eachaccessto the mapreturnsa

complex setof datafor thegivenparticle,ratherthanasingleopacity. For a givenparticle

to retrieve theinformationfor a speci�c voxel at location
�

�

�

�

�

�,	 , we �rst needto access

the observation for this particleat grid square
�

�

�

� 	 . Thenwe needto searchover the

columnof datain thatobservationto returnthespeci�c voxel (or emptyinterval) atheight

� .

11.3.2 Localization

Localizationusingoneof thesethreedimensionalmapsis very similar to localizationfor

DP-SLAM with a two dimensionalmap. Thetwo maindifferences– thesubsamplingof

the observationandthe useof a columnof dataat eachgrid square– have alreadybeen

described.

The stereovision depthmap is �rst subsampledto createa set of individual range

measurements,which aretreatedaspossessingindependentnoise.For eachparticle,this

setof observationsis treatedin muchthe sameway asany other rangesensor:a ray is

tracedthroughthemapfrom theorigin of thesensorto theendpointof theobservation.For
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each
�

�

�

� 	 positioncrossedby this threedimensionalray trace,DP-SLAM retrievesthe

correspondingdatafor thegivenparticleat thatgrid square.As describedearlier, thisdata

consistsof a setof individual voxelsandintervalsof emptyspace;�nding theappropriate

� valuewithin thecolumnrequiresa searchover thesetof data.Otherwise,the tracefor

eachobservation is performedin a manneridenticalto two dimensionalDP-SLAM. The

probabilityof eachmeasurement,giventhemapandthe robot's pose,is computedusing

anappropriateobservationmodel.As before,theprobabilityof eachparticleis simply the

productof theprobabilitiesof eachindividualobservation.

11.3.3 Map Updates

Anotherissueof dimensionalityconcernsthe sensordirectly. Using a stereomethodfor

the rangeobservationsintroducesits own jump in complexity. PlanarSLAM algorithms

primarily uselaserrange�nders, or similarsensors,whichhaveon theorderof
��� �

sensor

readingscomprisinga singleobservation. Stereo,on theotherhand,canhave millions of

depthestimatesfor asingleobservation.Thisis signi�cantly morethanthe
����� �

thatwould

producedby athreedimensionalrange�nder of thesameobservationdensityasthecurrent

planarLRFs. Stereoproducesmuchdenserinformation,andit would beunfortunatenot

to useasmuchof thatdataaswe canto reducetheuncertaintywithin themap.However,

performingmillions of line tracesthroughthe mapis a dauntingtask. A moreef�cient

methodis neededif usingall of thedatais to befeasible.

As describedearlier, theproblemis alreadyreducedfor thecaseof localization. Ap-

proximatinganindependenceassumptionhasforcedusinto usinga subsampleof theob-

servation. This is not necessarilya seriouslossof data;useof the subsampleddatawill

likely give a very closeapproximationto the particleweightsobtainedby usingthe en-

tire observation. However, for updatingthemap,it is importantto have denseupdates,so

thata futureobservationcanline up with themap,without falling alonggaps.Therefore,
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subsamplingis not thepreferredoptionfor mapping.

Thesolutionfor ef�cient mapupdatescomesfrom thevery densityof theobservation

data.For a typicalcameraandlens,thenumberof pixelsacrossasinglerow is suf�ciently

large,so thatevenout to a distanceof 8m, adjacentpixelscorrespondto pointsno more

than1cm apart. Therefore,for a reasonablemapresolutionof 3cm to a voxel side,any

voxel within the�eld of view of thecamerawill beobservedby multiple pixels,unlessit

is occludedby anobjectcloserto thecamera.

This densityof observationsmeansthattheobservationsdo not needto beconsidered

a setof raysto be tracedanymore,but insteadcanbe viewed asa singlepolyhedronof

emptyspace,resemblinga pyramid originatingfrom the camera,with an irregular base,

correspondingto theobservedobjectsin theframe.If we candescribetheexterior of this

polyhedronin termsof voxels, the actualmap updatescan be madequickly, similar to

drawing a polyhedronusingrasterlines in graphics. Even better, the boundariesof the

polyhedronrepresentthe upperandlower boundariesof an emptyinterval, which is the

naturalform for ourmaprepresentation.

Figure11.2illustratesanexampleof oneof thesepolyhedronsof observations.In the

top imagewe seea simplecrosssectionof thecameraviewing theenvironment.Thearea

observedis denotedby thegrey area.The�rst two boundariesdescribethetwo sidesof a

triangle,andaretheperimeterof thecamera's �eld of view. Theobservationsarelimited

to acertaindistance,creatingthecurvedboundaryontheleft. Theblacksectionrepresents

theobservedterrain,andservesasanother, irregularsectionof thepolyhedron'sperimeter.

The �nal sectionof the perimeteris the occlusionboundarycreatedby the obstruction

jutting up out of the ground. Taken together, we canseethe enclosingperimeterof the

observation in the middle �gure. This completelydescribesthe areaof the environment

which is currentlyobservedasempty. As describedabove, we caneasily�nd theheight

atwhicheachcolumnin themapwill intersectwith theperimeterof theobservation.This
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Figure 11.2: A crosssectionof a singleobservation, illustrating how the areabeingob-
served forms a polyhedron. The perimeterof this polyhedronis all that is neededfor
updatingthemap.

allows usto describethenew intervalsof emptyspace,accordingto a givenobservation,

in anef�cient manner.

To describethis polyhedronin termsof voxels, someray tracingis required,though

signi�cantly lessthana full traceper pixel. We begin by performinga full ray tracefor

eachpixel on the�rst row of theimage.Thiswill form asingle�at sideof thepolyhedron

from whichtobuild. Subsequently, thenext rowsof pixelsareaddedto thedescription.For

theselaterpixels,however, it is only necessaryto traceasmallportionof thecorresponding

ray. Sinceweareonly concernedwith tracingtheperimeterof theobservationpolyhedron,

weonlyneedtoperformthatsectionof theline tracewhichextendsbeyondthesurrounding

polyhedron.Ourpartial line tracesthereforeproceedasfollows:

For eachpixel, � , we �rst considerall of thepixelswhich areadjacentto � within the

imageplane,payingattentionto theonewhosecorrespondingdistancefrom thecamerais

thesmallest.Startingfrom theendpointof � , wetracearaybackwardstowardsthecamera,
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Figure 11.3: An exampleof a partial line tracefor a densesensorreading. The darker
lines indicatewhich portion of the individual rays would needto be tracedin order to
ensurecoverageof theperimeterof theobservationpolyhedron.

until we arecloserto the camerathanany of the adjacentpixels. This ensuresthat any

portionof theline tracefor � which couldpossiblybeon theperimeterof theobservation

polyhedronhasbeencovered.Theremainingsectionof theline tracewhich hasnot been

coveredis all ensuredto beon theinterior of thepolyhedron,sincetheadjacentpixelsall

projectout pastthatportionof theline trace.

This point is illustratedin Figure11.3. Here,theobservationhasagainbeenreduced

to a two dimensionalcrosssectionfor easeof illustration. A numberof rays, � through
�

, areemittedfrom a sensor, andareassumedto bedenseenoughto be treatedtogether

asa singlepolyhedron.Lines � and
�

areboth on the far edgesof the polyhedron,and

thusneedto performa completeline trace,as indicatedby the thicker line, in order to

de�ne thefaredgesof thethepolyhedron.Lines � and � bothconsidertheirneighboring

scans,and�nd that
�

is theshortestadjacentline. Therefore,they only have to tracethat

portionof their ray tracewhich extendsbeyond
�

. Therestof theray tracewould always
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have anotherscanon all sidesof it, which extendsfurther out. This guaranteesthat the

remainingportionof thescanwill notbeontheperimeterof thepolyhedron,andthusdoes

not needto be traced.The line
�

itself is a local minimum; all surroundinglinesextend

further than
�

. This meansthatonly theendpointof line
�

couldpossiblybeexposedto

theexterior, andthereforenoportionof thatline needsto betraced.

Along eachpartial line trace,we placea marker at eachvoxel we passedthrough,

indicating its possiblestatusas a portion of the perimeter. After all pixels are visited,

this collectionof perimetermarkerscanbe combinedto createa setof empty intervals,

correspondingto the interior of the polyhedron. Theseempty intervals aretheneasyto

incorporateinto the mapasa new setof updates.Occupiedobservations,by de�nition,

will only occurat theendpointof a ray, andcaneasilybeinsertedinto themapseparately.

We havedescribedhow to updateacolumnof spaceef�ciently . However, wehavenot

speci�edwherethedatathatwemodify comesfrom. Recallthatthemapcachemaintains

only asinglepointerateach
�

�

�

� 	 location.Therefore,eachdataentryfor agrid squarein

thedistributedparticlemapneedsto maintaintheentirecolumnof datafor agivenparticle,

not justwhatwasobservedby thatspeci�c particle.Otherwise,for eachgapin thecolumn,

correspondingto unobservedspace,any particleattemptingto accessthisdatawouldneed

to searchacrossall of its ancestors,to seeif any of themhadobservedthatprecisevoxel.

This would eliminatethe constanttime accesswhich the mapcachewasbuilt for. This

impliesthateachtimethataparticleupdatesavoxel in any given
�

�

�

� 	 position,theentire

columnof informationinheritedby thatparticlewould needto becopiedover into a new

entry, beforeany updatescouldbemade.As we will seewhenweanalyzethecomplexity

of this algorithm,this copying stepis not a limiting factoron the runningtime of entire

method.
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11.4 Computation Complexity

3-D DP-SLAM offersaniceextensionof theframework of DP-SLAM into a threedimen-

sionalrepresentationof theworld. Muchof thesamestructureandmethodsarepreserved,

which helpsto provide anef�cient runningtime. However, therearea few changesin the

asymptoticlimits.

Oneof theimportantdifferencesin thecomplexity of thelocalizationstageis thesub-

samplingof the observations. Insteadof using the entireset of observations,we usea

distinct subsetof the rangemeasurements.Let usdenotethe areacoveredby this subset

of dataas ��� . Using themapcachedatastructure,we canpreserve constanttime access

to each
�

�

�

� 	 positionin themap. However, this only providesthecolumndatafor each

grid square.In orderto retrieve theappropriatevoxel informationfor a givenheight,we

needto searchacrossthis column. If we de�ne themaximumnumberof entriesin oneof

thesecolumnsas � , eachsearchis limited by �

�	�����

� 	 . This providesuswith anupper

boundfor localizationof �

�

���

� �����

� 	 . For any naturalenvironment,it is reasonableto

expect �

�������

� 	

�

�

�

���

	 , asthenumberof objectboundariesin any givencolumnwill be

small.Evenfor manmadeenvironments,theprobabilitythata �at surface,suchasawall,

is perfectlyparallelwith thez axisis negligible.

An importantadditionalconsiderationis thecostof building themapcache.While we

performline tracesonly on asubsetof thedata,thetotal areacoveredby all particleswith

thissubsetis likely to bemuchcloserto �

�

� 	 . However, sincetheparticledistinctionsare

maintainedatthelevel of thegrid, themapcacheonly needsto beaslargeastheprojection

of � onto thegrid, �

�

. Thedatastoredat eachgrid squarein the threedimensionalmap

is still no morethanone(complex) observationperparticle. Therefore,building themap

cachein thethreedimensionalcaseis nomoredif�cult thanthetwo dimensionalcase;this

stepcanbecompletedin �

�

�

�

�

	 time.

Deletionsfrom the mapare very easyto perform. Using the list of map updatesat
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eachancestorparticle, the observationscanbe deleteddirectly from the grid. Sinceall

observationsmadebyasingleparticleareremovedatthesametime,theinformationwithin

the column dataset can be ignored. Given that the projectionof the areaobserved at

eachtime steponto thegrid is �

�

, eachiterationwill only addthepotentialfor �

�

�

�

�

	

deletions.

Merging datafrom thecollapseof a branchin theancestryis simplefor thesamerea-

son. Recallthat theexpensive portion of a merge involvescomparingthe list of updated

maplocationsfor a parentparticlewith that of the child. In the threedimensionalmap,

theselists of updatespoint to columnsof datastoredin the
�

�

�

� 	 grid. Therefore,thepo-

tentialnumberof observationsinsertedatany giveniterationis �

�

�

�

�

	 . Whencomparing

thelists,eachentirecolumnfrom thechild is insertedinto theparent's list asanentireunit.

Similarly, anentryfrom theparentwhich is beingreplacedby thechild'supdatecanbere-

movedasasingleunit. Therefore,theamortizedanalysisof mergesprovidesacomplexity

of �

�

�

�

�

	 .

The �rst stepin updatingthe mapis for eachparticleto createa new observation in

the
�

�

�

� 	 grid for eachgrid squarewithin the projectionof the currentobservation. As

currently described,this requiresthe particle to make a copy of all of the data in this

columninheritedfrom its parent.Givena columnof size � , this will require �

�

�

�

�

� 	

time.

To updatethemapfor a givenparticle,thesurfaceof thecurrentobservationis traced.

Recordingeachvoxel of thesurfacedoesnot requireany accessto themap;this recordof

surfaceis kept separatelyfor the time being. Therefore,eachstepin tracingthe surface

canbeperformedin constanttime. If we denotethesizeof thesurfaceof theobservation

polyhedronas ��� , thetime requiredto tracethesurfacefor eachparticleis �

�

���

�

	 .

In the processof tracing the surfaceof the observation polyhedron,eachcolumn is

assigneda list of � positions,indicatingwherethe surfaceinsectswith this column. As
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wearetracingthesurfaceof theobservedareain orderfrom top to bottom,this list canbe

assumedto alreadybesortedby � value. Thesepointsof intersectionde�ne the intervals

overwhichthemapwill beupdatedwith anemptyobservation.Thedatawithin thecolumn

is storedin a balancedtree,keyedon the � value. Therefore,the itemsin thecolumncan

be traversedin order, in �

�

� 	 time. Giventhesetwo orderedlists, a comparisonto �nd

which itemsin thecolumnneedto beupdatedcanbeperformedin �

�

� � � 	 , where � is

thenumberof intersectionsfor thatcolumn. This updateneedsto beperformedfor each

grid squarein �

�

, andfor eachparticle,providing acomplexity of �

�

�

�

���

� � � 	(	 . Note

that �

�

� is in fact the sizeof the surfaceof the observation, ��� . Therefore,this bound

canbesimpli�ed to �

�

� �

�

� �

�

�

� 	 , which is thesamecomplexity requiredfor thetwo

preliminarystepsof themapupdate.

In analyzingthetotalcomplexity, wearriveat �

�

���

� ���
�

� � �

�

� � �

�

�

� 	 . Thisis a

complex boundto placeontherunningtime,but onethataccuratelydescribesthedifferent

in�uenceson therunningtime. Theamountof resamplingusedfor localization,thecom-

plexity of theobservations,andthedensityof small objectsin theenvironmentcaneach

de�ne thedominanttermfor theupperbound.Thereareacoupleof nicepropertiesof this

bound,however. First, thecomplexity is still linear in thenumberof particlesused.This

aspectis particularlyimportant,asthenumberparticlesneededto tracktherobot'smotion

in threedimensionsis typically greaterthanthe two dimensionalcase.Second,noneof

the areatermsincludethe entiresizeof observation. Using this methodof storingthe �

dimensionin columnsof dataallowsusto avoid includingthetremendousareacoveredby

thesensorin ourcomplexity bound.

11.5 Initial Results

To demonstratetheeffectivenessof theproposedmethods,weperformedaseriesof exper-

iments.All of theseexperimentswereperformedon stereodatacollectedfrom theNASA
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AmesMarscape,usingtheK9 rover. In theseexperiments,therobotobserveda total area

of approximately15mby 17m,with atotalheightobservedof 3m. Thedatacollectedwere

thenrunof�ine, in simulationof theactualexploration,with amapresolutionof 3cm.

First, after giving sucha pessimisticdescriptionof the memoryrequirementsfor a

voxel-basedmap,we needto prove thatour proposedmaprepresentationcanactuallybe

implementedwithin reasonablememoryrequirements.To representthis areawith a full

voxel mapwould requirean estimated15Gbof memory, which wasmorethanwe have

available.Implementedwith theproposedmapstructure,thetotal memoryusedwasonly

511Mb.

Oursecondexperimentwasto demonstratetheeffectivenessof updatingthemapusing

the perimeterof the observed polyhedron. During an experimentalrun of the data,we

recordedthetime requiredto updatethemapfor a singleparticle.Updatingthemapwith

a full setof line tracestook anaverageof nearlyanhour. By usingonly theperimeterof

thepolyhedron,themapupdatetimewasreducedto anaverageof 2.5seconds.

Our �nal empiricalresultwasto demonstratethe early resultsof voxel mapping. In

theseexperiments,a signi�cant amountof distortionwasobservedin thestereomatches,

for whichwewereunabletocorrect.Therefore,givenpoorinputdata,wewouldnotexpect

very goodaccuracy for themaps.However, theresultsarestill impressive. In therun, the

robotenteredtheMarscape,andtraversedtheperimeterof acraterbed.Figure11.5shows

theresultingmapastherobotcompletesa loop,andis ableto seetheentranceto thecrater

again. Themapdisplayedis a topographicalview, with lighter areasrepresentinghigher

elevationsof the terrain. Several bulgescan be seenin the centerof the crater, which

correspondto rocksanddebris. Paying particularattentionto the rocksat the top of the

map,nearwheretheloop is closed,it canbeseenthatwhentheserocksareobservedfrom

a new angle,the mapplacesthemat a very similar location,but dueto warpingeffects

of distortedstereo,therocksdo presenta slight “doubleimage”. This sensorerrorwould
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Figure11.4: Initial mappingresultsfromtraversingpartof thewayaroundtheperimeterof
a15mradiuscrater. Themapshown is atopographicalview, with lighterareasrepresenting
higherelevations.

Figure 11.5: Theresultingtopographicalmapaftercompletingthe loop of theperimeter
of thecrater.
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needto becorrectedin futureexperiments.However, theseresultsareencouraging,in that

evenwith poordata,theresultantmapis reasonableandrelatively consistent.
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Chapter 12

Futur e Dir ections

12.1 Alter nateSensors

With theexceptionof thepreliminarythreedimensionalexperimentsin thepreviouschap-

ter, DP-SLAM hasfocusedprimarily ona laserrange�nder asourprimarysensor. This is

a nice tool, in that it canmake very accuraterangemeasurements,andcanreliably sense

objectsout to distancesof 10-30m,dependingon theparticularmodelused.

However, laserrange�nders do have certaindrawbacks.A lasernecessarilytracesa

single,nearlyonedimensionalline throughtheworld. Thismeansthata laserrange�nder,

emittingseveralof theselaserbeamsalongaplane,is necessarilyatwodimensionalsensor,

andcannotdetectoverhangsor clif f ledges.Theotherimplication is thatasthe rangeto

anobjectincreases,thedensityof thepoint rangeestimatesacrossits surfacecandecrease

dramatically. At a distanceof even5m, thereadingsarebecomingvery sparse,andlarge

sectionsof thesurfacewill notbeobservedatall, evenovermultiple timesteps.Likewise,

many smaller, distinctive variationsin the environmentwhich could be very informative

arecompletelymissed,andarenotusableto estimatetherobot'sprecisepose.

To createa bettersetof observationsabouttheworld, we would like to includesensor

fusionwith othertypesof sensors,suchassonaror infraredsensors.Also, we would like

to considera greaterrelianceon computervision techniques,not just stereo,to provide a

gooddensityof sensoryinformation. Theseinclusionswould entailmuchmorecomplex

observation models,and possiblystoring more information within the map. However,

we expectthis approachwould resultin muchgreateraccuracy, andmoreef�cient useof

particlesto localizetherobotcorrectly, while building amorecompletemap.
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12.1.1 Adapting Better StereoVision

In the threedimensionalversionof DP-SLAM that we have proposed,stereovision is

alreadyusedastheprimaryrangesensor. However, stereosuffersfrom a numberof com-

plicationsfor ourapplication.

Oneof the mostdif�cult aspectsof usingstereovision for SLAM is the lack of an

appropriateobservationmodel.As wehavenotedbefore,thedepthmapreturnedby stereo

necessarilyhasdependentnoise.Thiswill naturallycreatedif�culties in modelingthesen-

sor. Perhapsequally importantis that the amountof noisefor any given depthestimate

canchange,dependingon thetexture in thescene.Usingstereovision, it is muchharder

to determinethedistanceto a blankwall thana texturedone. However, currentmethods

for stereovision do not includeany indicationof the amountof certaintyin a given ob-

servation, or possiblealternatedepthmapsthat could result from the given imagepair.

Quantifyingtheuncertaintyin thedepthmaps,or providing somemeansof samplingfrom

possibledepthmapswould greatlyaffect thepotentialaccuracy of SLAM methodswhich

usestereovision.

As wasnotedearlier, anotherlimitation of usingstereocamerasastheprimarysensor

is the assumptionof perfectcalibration. While thereexist many methodsfor achieving

goodstereocalibration,mostof themoreaccurateonesaretime consuming,andrequire

signi�cant humanintervention. Giventhat thealgorithm's performancedoesnot degrade

gracefully as the calibrationaccuracy decreases,it would be useful to develop a better

methodfor correctingthe stereocalibrationin the �eld. This could eitherbe tracked as

extraparametersin theSLAM formulation,or couldbeplacedin anexternalloop,suchas

theEM framework usedfor odometrycalibration.
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12.2 ProposalDistrib utions

As with all samplingbasedmethod,DP-SLAM is heavily reliantonagoodproposaldistri-

butionfor fast,accurateresults.Maintaininga joint distributionovermapsandrobotposes

createsa high dimensionalspacewithin which to sample,andkeepingthis spaceassmall

aspossibleis crucialto real-timeperformance.

Autonomouslearningof therobot'smotionmodelis agreatbene�t to generatingaccu-

rateproposaldistributions.However, this is speci�cally a singlesetof parametersfor the

proposaldistribution,basedentirelyon theodometryreadings.Thepossibilitystill exists

to allow themotionmodelparametersto change,evenwhile therobotis exploring,to adapt

to changesin terrainor degradinghardwareon therobot.

Also, the inclusionof thesensordataitself couldbeusedto aid thegenerationof the

proposaldistribution. Re�ning themotionbasedupontherangesensorshasbeenusedby

otherresearcherswith differentSLAM methods[11, 30]. It seemslikely thatthereexistsa

similar methodwhich canbeappliedto DP-SLAM.

Anotherareaof futureresearchincludesthedevelopmentof alternatesensorsto useas

a motionestimate.Odometryis known to bea very poorestimateof theactualmotionof

a robot. Furtherinvestigationis neededinto thesuitability of adaptingor designingother

sensorsto solve theproblem.Thepreliminarywork for 3-D DP-SLAM indicatesthat the

useof visualkeypoints,suchasSIFT, hastremendouspotentialfor giving accuratemotion

estimateswith lessnoise.

12.2.1 Adaptive Particle Numbers

Beyond the questionof how to generateproposaldistributionsis the questionof how to

usethem.Many situationsarisewheretheuncertaintyin thesystemis signi�cantly lower

than normal. In thesecases,it is natural to questionwhetherthe resourcesshouldbe

distributed in the sameway. In fact, perhapseven fewer particlescanbe usedat these
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times, thus freeing the processorfor otheruseful tasksfor the robot. Alternatively, the

extra resourcescould be usedfor processingmoredata,in orderto give a moredetailed

mapof theenvironmentin thatarea,andperhapsfurther reducingtheuncertaintyat later

timesteps.

In theoppositedirection,it wouldbeusefulto know how many particlesareneededto

estimatetherobot'sposefor agivenproposaldistribution,to betterhandlethosesituations

wheretheuncertaintyhasgrown larger thannormal. This canreducetheamountof drift

in the map,andgreatly reducethe possibility of losing track of the robot's poseduring

unlikely events.

In general,determiningan appropriatenumberof particlesfor a given proposaldis-

tribution couldgreatlyimprove thereliability of DP-SLAM underparticularlydif�cult or

uncertaincircumstances.In a largersense,usinganappropriateamountof resourcescan

alsoallow therobotin generalto performothertasksmoreef�ciently , andallow DP-SLAM

to beamoreusefultool for a completeautonomoussystem.

12.3 Alter nativeMap Representations

DP-SLAM gainsmuch of its successby maintaininga distributed particle map over a

simplestochasticoccupancy grid. Theformulationof distributedparticlemapsallowsDP-

SLAM to maintainmany differentmaphypothesesef�ciently . However, thereis nothing

in this formulationwhich is necessarilyrestrictingus to thesimplestgrid representation.

A large numberof alternatemap representationsare possible,any one of which could

potentiallybene�t theaccuracy or theef�ciency of theDP-SLAM algorithm.

12.3.1 Quad Trees

Oneof the mostpopularwaysof improving the ef�ciency of occupancy grids is the use

of quadtrees.This methodseeksto improve both therunningtime of line traces,aswell
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reducethespacerequiredto storethemap,by combiningadjacentgrid squaresif they are

identicalin theirmakeup.A treestructureis maintained,effectively representingthegrid at

a seriesof exponentially�ner resolution.At eachlevel in thetree,if eachsub-component

doesnot agreeon the occupancy for the larger grid square,the quadtreebreaksthe grid

squareup into thefour componentsub-squares.

Adaptingthis ideato DPmapspresentsanumberof challenges.Theprimarychallenge

is that the grid squaresin a DP map are very rarely identical. Sinceeachgrid square

potentiallyhasa largesetof differententries,it is unlikely thatadjacentgrid squaresagree

acrossall possiblehypotheses.Even for a single particle, the stochasticnatureof the

occupancy grid meansthatadjacentgrid squaresoftenhavedifferingamountsof evidence

to supportanobservation.Evenunderthebestof assumptions,it seemsunlikely thatquad

treescouldpresenta signi�cant advantagein termsof spacerequirements.However, it is

possiblethatsomelevel of speedmaybegained,if thequadtreeis formulatedcorrectly.

Instead,let usconcentrateonincreasingthespeedof line tracesthroughthemap,which

will improve runningtime of the localizationstage,empirically themosttime consuming

portionof DP-SLAM. If thequadtreeis built by ignoring theamountof supportingevi-

dence,grid squarescouldbegeneralizedover their densityvalues,
�

. Theonly situations

wherethis valuecouldbeexpectedto generalizewith any regularity is in areasobserved

to beempty, or in areaswhereno observationhasbeenmadeatall. Fortunately, thesetwo

typesof grid squaresdominatethe bulk of the map. The moststraightforward approach

would involve maintainingan entireobservation list at eachlevel in the quadtree, and

the decisionasto whetherto look at the next level would be madeindividually for each

particle.

Thereremainanumberof issuesregardingpreciselyhow to implementthisbasiccon-

cept,particularlyconcerninghow to maintainthe mapcacheeffectively. However, it is

possiblethatthetime requiredto performthenecessaryline tracesthroughthemapcould
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bedramaticallyreduced.It is alsopossiblethatit couldbeusedto helpwith mapupdates,

with somefurtherresearch.

12.3.2 Variable Map Resolution

Anotherissuethatneedsto beaddressedis thepossibilityof variableresolutionoccupancy

grids. Most existing sensorsdegradein resolutionasthe distanceincreases.This occurs

notonly from apotentialincreasein thenoisefrom thesensor, but alsofrom theexpansion

of the �eld of view. Sincethedatapointsfrom a singleobservationdo not cover parallel

lines,thedistancebetweenthedatapointsgrowsasthedistancefrom thesensorincreases.

This leadsto asparsecoverageof theenvironmentat thefarendof thesensorrange.

To dealwith thisproblemappropriately, particularlywith veryhighresolutionmapsor

long rangesensors,it would seemappropriateto be ableto representthe mapat several

different levels of resolution. Areas�rst observed at a greatdistancewould be entered

into themapat the lowestresolution,andastherobotapproachedcloserto thatarea,the

datacould be resolved into a higher resolution. How exactly to generalizedataboth to

higher and lower resolutions,in a principled and ef�cient manner, is an openquestion

which is worth someseriousinvestigation.This would beparticularlyusefulfor outdoor

environmentswith a threedimensionalmap,both in termsof increasingthe accuracy of

themapaswell aspossiblyincreasingthepracticalspeedof thealgorithm.

12.3.3 Soft Updates

In DP-SLAM thereis a slight inconsistency in the way that the sensoris handled. For

purposesof localization,theobservationsaretreatedasnoisy, to createa a morerealistic

probabilityfor eachobservation,giventherobot'sposeandmap.However, whenupdating

themap,thesensoris treatedasadeterministicsensor, andtheobservationis addedto the

mapasif it werecompletelyaccurate.This is notacompletecontradiction,asthemapcan
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beviewedasanaccumulationof evidence,andthusapredictorof whatfutureobservations

might return.

In orderto build abettermap,particularlywith greatermotionbetweenobservationsor

a�ner grid resolution,it maybeusefulto treatthesensorasanoisyreadingwhenupdating

themapaswell. Thiswouldentailmakingasoftupdateto themap,perhapsby distributing

theobservationof stoppingthesensoracrossmultiple grid squares.Theoriginal work on

occupancy grids[22] developeda verygoodearlytreatmentof this ideafor sonarsensors.

Thiscouldalsobeextendedto includesomedegreeof hypothesizeddataassociation,soas

to attemptto exactly pinpoint the true locationsof objects,ascomparedto wherewe can

expectthemto beobservedin futuresensorreadings.

12.3.4 Impr ovedPriors

In earliersections,we describethe treatmentof previously unobservedgrid squares,and

theprior thatis usedfor determiningtheiroccupancy duringlocalization.Thedevelopment

of thisprior haslargelybeenintuitiveandempirical.After usingourknowledgeof thelaser

range�nder in general,wewereableto makea reasonableassumptionaboutthebehavior

of a sensorin theabsenceof previousknowledge,which we have foundto workswell in

practice.However, signi�cant improvementon this treatmentof unknown spaceis likely

possible.

Moreexaminationof thepropertreatmentof previouslyunobservedsquarescouldpo-

tentially develop a superiormethod. Experimentsto determinethe likelihoodof a grid

square's occupancy, basedon other nearbyobservations,might uncover a useful set of

dependencies.Thiscouldleadto a treatmentverysimilar to softupdates,or variablereso-

lution. Anotherapproachthathasbeenrecentlysuggestedfor occupancy gridsis theuseof

polygonalrandom�elds to provideaprincipledsetof priorsfor theunobservedareasin the

map[39]. Giventhesigni�cant amountof new areawhich is observedat eachtime step,
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it is couldbeveryvaluableto extractany possibleextra informationwhich couldimprove

theaccuracy of themap.

12.3.5 Spheresof In�uence

Previously, all of thediscussionof occupancy gridshas,not surprisingly, assumeda dis-

crete,grid-like structureto storethe evidencein. However, thereis nothingspeci�cally

holdingus to this structure.Oneof themostinterestingpossibledirectionsto investigate

for mappingis thepossibilityof otherrepresentationsof ametricmap.

Onepossibleextensionto occupancy grid involvesremoving theinherentdiscretization

of the world. While this is a very convenientform for storingthe informationcollected

by the sensors,it can lead to possiblebiasesor loss of information acrossthe discrete

boundariesof thegrid.

Considera maprepresentationwheretheinformationis still storedat regularintervals

alongagrid-likestructure.However, insteadof eachpointrepresentinga�nite grid square,

overwhichthisdatais theonly pertinentsetof observations,wecanallow thedatapointsto

haveoverlappingareasof in�uence. Thustheprobabilitythatagivenlocationis occupied

is a combinationof several of the nearbydatapoints,weightedby somefunction of the

distancefrom the given locationto the datapoint. This allows us to not only avoid the

discretizationproblemsinherentin anoccupancy grid, but alsosuggestsa partialsolution

to thetreatmentof unobservedareas.This formulationalsoprovidesanaturalprogression

acrossmultiple resolutions.

Severalissueswouldstill needto beinvestigatedin thisformulationof themap.Certain

technicalissueswouldneedto behandled,suchastheappropriateweightingfunctionused

to determinethein�uence of aparticulardatapoint. Also, anew methodwouldhave to be

developedto determinehow to computetheprobabilityof a line trace,now thatthedensity

of an areais a smoothfunction, ratherthan a seriesof stepfunctions. It may become
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necessaryto computea full integral of theprobabilityof stoppingthesensor, ratherthan

taking a sumof discretesteps.However, even an approximationof an integral could be

moreaccuratethantheimplicit approximationintroducedby thediscreteoccupancy grid.

Thismaprepresentation,or otherslike it, is likely to requiresigni�cant amountsof re-

searchto developfully. However, thepotentialrewardsfor amoredynamicandmoreexact

maprepresentationcouldbeveryuseful,notonly for SLAM, but otherroboticapplications

aswell.

12.4 ActiveSLAM and Exploration

Typically, SLAM is treatedpurelyasa passive algorithm;therobot's motionandsensors

are left underthe control of anotherprocesson the robot. This restrictionis not neces-

sary, however, andinterestingcontrolquestionsarisewhentheuncertaintyof of SLAM is

consideredin determiningthebestactionsfor therobot.

In the�eld of purelocalization,thereis someresearchinto theproblemof activelocal-

ization[40]. For thisproblem,thelocalizationalgorithmis recognizedashaving dif�culty

undercertaincircumstances.To reducetheprobabilityof therobotbecominglostduringa

trajectory, thepotentialuncertaintyin therobot's poseis takenasanadditionalcostwhile

performingpathplanningfor therobot.

Interestingdecisionscouldresultfromattemptingtosolvethesameproblemfor SLAM.

While many of the samesituationswhich areunfavorablefor localizationwould alsobe

undesirablefor SLAM, thereexist many new andmorecomplicatedproblemsfor SLAM.

The precisepathusedto arrive at a given locationhasa signi�cantly greaterimpacton

SLAM thanon purelocalization. This could possiblyleadto betterpathswhich include

severalsmall loopsin thetrajectory, sincethis couldgreatlyreducetheuncertaintyin the

map,allowing therobotto arriveat thedesiredlocationwith morecertainty.

In additionto optimizingpathplanningwith respectto thedif�culties of SLAM, there
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areotherquestionsthatconcernintegratingSLAM with controlstrategies.Oneareawhich

hasreceivedverylittle rigorousattentionis theproblemof exploration.In many situations,

suchasscienti�c missions,searchandrescue,or surveillance,thecollectionof new infor-

mationis thevery goalof theroboticmotion. In thesecases,we would like to determine

theoptimalpathfor therobotto takethatprovidesthemostinformationabouttheenviron-

ment,andexpandsthemapasmuchaspossible.In thecasesof exploration,therobotmust

prioritize which unknown areasto visit next, andhow bestto placeitself soasto observe

themostnew information,while still maintainingahighdegreeof reliability andaccuracy

for themapandpositionof therobot.

12.5 Principled Loop Closing

A largenumberof existing SLAM methodshave loop closingasanexplicit featureof the

algorithm. Whenever therobot revisits anareaby a differentpath,thereexistsadditional

informationwhichcanbeleveragedfor improvedaccuracy. However, themajorityof these

methodsperceiveloopclosingasaseparateeventfromtherestof mapping,andincorporate

theadditionalinformationin aweakandunprincipledmanner.

DP-SLAM doesnot currentlyaddressthe loop closingissuedirectly, aswe have con-

centratedon improving the overall accuracy of the algorithm,anduseloop closureasa

an evaluationmeasure,ratherthanasa way to �x problems.In particular, the hierarchi-

calmappingmethodleveragesmuchof thesameinformationusedin explicit loop closing

techniques,in amoreprincipledapproach.However, otherapproachesto thesameproblem

couldpossiblyresultin bettersolutions.

Onepotentialmethodto exploit the information in closinga loop is very similar to

thehierarchicalmappingmethodalreadydescribed.However, insteadof usingDP-SLAM

at all levels, it may be a betterideato only usethe particle �lter at the lowestlevel. At

thehigherlevel, we could insteaduseanextendedKalman�lter to maintaintherelations
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betweenthe variouslocal maps. This would allow the high level to choosea variety of

methodsto “sense”the variouslocal maps. Landmarkscould be identi�ed as features

within thelocalmaps,keepingin thespirit of mostEKFmethods.Alternatively, arestricted

methodof globallocalizationcouldbeperformedonthedifferentlocalmaps,asit became

likely thatrobothadreturnedto thatarea.
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