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Pŕesident�
Examinateurs

Simon LACROIX

Michel DEVY

� �
� Directeursdethèse
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Abstract

In robotics,theproblemsof environmentmodellingandlocalisationareintimately

tied together, andmustthereforebesolvedin a unifiedmanner. Over thepast15

years,therehasbeenseveral contributionsto this simultaneouslocalisationand

mappingproblem(often referredto as“SLAM”), in which landmarksin theen-

vironmentareboth mappedby the robot andusedto estimateits position. The

achievementof SLAM encompassesvariousprocesses:landmarkdetectionand

matchingfrom subsequentpositions,errorsidentificationof the landmarkposi-

tion estimatefrom a givenposition,andfinally theuseof anestimationtheoryis

requiredto estimateboththerobotandlandmarkspositions.

In this thesis,we tackletheSLAM problemfor robotsevolving in 3D in large

environments,without any prior knowledgeon theenvironment,andusingstere-

ovision. A full implementationof thevariousprocesseshasbeenconceived,de-

veloped,andexperimentedin variouscontexts.

The first part of the thesisdealswith the dataassociationproblem: it intro-

ducesa matchingalgorithmfor invariantimagepoint features,which is robustto

imagenoiseandviewpoint changes.To establishpointsmatches,the algorithm

mixestheimagesignalinformationatagivenpointwith geometricconstraintsbe-

tweentheconsideredpoint andneighbouringpoints. Experimentalresultsshow

thatthealgorithmis versatile,in thesensethatit canestablishreliablematchesin

almostany kind of scene.

The secondpart of the thesisis devotedto the developmentof a SLAM ap-

proachusinganextendedKalmanfilter. Landmarksarethepointfeaturesdetected

in theimage,their 3D coordinatebeingcomputedby stereovision. A full SLAM

implementationis depicted,in which thematchingalgorithmis usedfor boththe

motionestimationof therobot(Kalmanfilter predictionstage)andtheobservation

of the landmarks.Thedeterminationof thevariouserrorsinvolved in thewhole
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process(motion estimationerrors,stereovision errors,landmarkobservation er-

rors)is depictedin details.A wayto selectthelandmarksto bememorisedamong

thenumerouspoint featuresis presented.

The last part of the thesispresentsandanalysesresultsobtainedin various

contexts: with severalhundredsmeterlong trajectoriesachievedby a low altitude

flying blimp, with anoutdoorrover andwith a robotevolving indoor. Whenthe

trajectory“closesa loop”, a fastbackwardcorrectionof therobotposesbasedon

thelocalmotionestimatesandthelandmarkmapis applied,in orderto beableto

constructspatiallyconsistentlargedigital elevationmapsof theenvironment.



Résuḿe

En robotique,les probl̀emesde la mod́elisationd’environnementet de la local-

isation sont intimementli és,et doivent par conśequentêtre résolusde manìere

unifiée.De nombreusescontributionsauprobl̀emedela cartographieet de la lo-

calisationsimultańee(souvent not́e “SLAM”, pour “SimultaneousLocalization

And Mapping”)ont ét́epropośeesdepuisunequinzained’anńees,danslesquelles

desamersde l’environnementsont à la fois cartographíeset exploitéspour lo-

caliserle robot.Lasolutionàceprobl̀emepasseparledéveloppementdedifférents

processus: détectiondesamers,appariemententrelesamersdétect́esà partir de

positionsdifférentes,identificationdesdifférenteserreursdemesure,etenfinutil-

isationd’une théoriede l’estimationpourdéterminerla positiondesamerset du

robot.

Danscettethèse,nousabordonsle probl̀emeSLAM pourdesrobotsévoluant

en 3D dansde grandsenvironnements,en utilisant la st́eŕeovision. Une im-

plémentationcompl̀etedesdifférentesfonctionnalit́esnécessairesa ét́e conçue,

dévelopṕeeet expériment́eedansdifférentscontextes.

La premìerepartiede la thèsetraitedu probl̀emed’associationdesdonńees:

elleprésenteunalgorithmedemiseencorrespondancedepointsd’intér̂etdétect́es

dansles images,qui estrobusteparrapportaubruit et auxchangementsdepoint

devue. L’algorithmemêledesinformationsrelativesausignalet à la géoḿetrie

qui lie lespointsentreeux. Desrésultatsmontrentquel’algorithmeestapplica-

ble dansun nombreextrêmementvarié de sc̀eneset pour différentesconditions

d’acquisition.

La deuxìemepartiede la thèseestdédíeeaudéveloppementd’une approche

du probl̀emeSLAM baśeesur le filtrage de Kalman. Les amerssont les points

d’intér̂et détect́esdansles images,dont les coordonńees3D sontfourniespar la

st́eŕeovision. Uneimplémentationcompl̀eteestprésent́ee,danslaquellel’algori-
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thmede miseen correspondancedespointsestexploité pour estimerles dépla-

cementsdu robot(étapedeprédictiondu filtragedeKalman)et pourre-observer

lesamerspréćedemmentcartographíes.La déterminationdeserreursintervenant

danslesdifférentsprocessus(estimationdumouvement,st́eŕeovision,observation

desamers)estdécriteendétail,etunmoyendesélectionneractivementlesamers

à cartographierestprésent́e.

La dernìerepartiede la thèseprésenteet analysedesrésultatsobtenusdans

différentscontextes : sur des trajectoiresde plusieurscentainesde mètresef-

fectúeesparunballondirigeableévoluantà faiblealtitude,avecunrobotévoluant

en environnementnaturelnon structuŕe, et avec un robot évoluant en environ-

nementsintérieurs.Lorsquela trajectoire“fermeuneboucle”,uneméthoderapide

decorrectiondel’estiméedesdifférentespositionsparlesquellesle robotestpasśe

permetdereconstruireunmod̀elenumériquedu terrain.
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Chapter 1

Intr oduction

1.1 Context: autonomousnavigation

Autonomousnavigationisafundamentalability for mobilerobots,beit for ground

rovers,indoor robots,flying or underwaterrobots. Indeed,all themissionsto be

achievedby suchrobots(e.g. long rangetraverses,exploration,surveillance.. . )

requiretheability to moveautonomouslyfrom oneplaceto another.

In short,autonomousnavigation is the ability to reacha distantgoal, with-

out any humanoperatorintervention. This ability calls for the integrationof a

wide varietyof processes,from low level actuatorcontrol, to higherlevel strate-

gic decisionmaking,via environmentmappingandpathplanning.Amongthese

variousfunctionalities,self-localizationis definitelyoneof themostimportant,as

it is requiredat variouslevelsin thewholesystem,from fine trajectorycontrolto

missionsupervision:

Y Themissionsto beachievedby therobotareoftenexpressedin localization

terms,explicitly (e.g. “reachthatposition”, “explorethis area”.. . ) or more

implicitly (suchasin “return to theinitial position” whenit is outof sight).

Theknowledgeof the robotposition(andof thevariouspositionsreached

duringits traverse)is thereforerequiredat themissioncontrollevel.Y Autonomousnavigationcallsfor thebuilding of globalmapsof theenviron-

ment,to find trajectoriesor pathsandto enablemissionsupervision.The

spatial consistencyof suchmapsis requiredto allow an efficient andro-

11



12 CHAPTER1. INTRODUCTION

bust behavior of the robot: it is the knowledgeof the robot position that

guaranteesthis consistency.Y Finally, the properexecutionof thegeometrictrajectoriesprovidedby the

pathplannerscalls for the preciseknowledgeof the robot motions. Note

that in this latter case,somevisual guidancetechniquescanhelp to drive

therobotwithout theexplicit knowledgeof its position. However, thedo-

mainof operationof suchapproachesis essentiallyrestrictedto very local

trajectories,in a mannersimilar to objectcatchingtaskswith anarm.

Deadreckoningtechniques,that integrateover time thedataprovidedby mo-

tion estimationsensors,suchas wheel encodersfor rovers or inertial sensors,

provide an estimationof the robot position as it moves. However, thesetech-

niquesareintrinsicallyproneto generatepositionestimateswith unboundederror

growth,asthepositionestimatesarededucedfrom thecompositionof elementary

noisymotionestimates.Visualmotionestimationtechniquesthatusemonocular

sequences[Chaudhuri96, Heeger92, Vidal 01, Garcia01] and stereovision se-

quences[Weng92, Zhang92,Mandelbaum99,Mallet 00,Olson01] allow to get

aquiteprecisemotionestimatebetweensuccessivedataacquisitions,but they are

akin to deadreckoning,andtheirerrorsalsogrow with time.

Theonly solutionto guaranteeboundederrorson thepositionestimatesis to

rely on stableenvironmentfeatures.If a spatiallyconsistentmapof theenviron-

mentwhithin which the robot operatesis availablea priori, map-basedposition

localizationcan be applied (a numberof successfulapproacheshave beenre-

ported,e.g. in [Kwok 03,Borges02,Dellaert99]). Localisationbasedonradioed

beacons,suchasGPS,fall in this category of approaches:the beacons,whose

positionis known, play therole of theapriori map.

On the other hand, it is clear that if the robot position is always perfectly

known, thebuilding of anenvironmentmapwith theperceiveddatais quitetrivial.

If the dataprovide geometricinformationsproperly segmentedfor the chosen

representationto build, theonly difficulty is to dealwith their uncertainties.

Soanaccuratemapis a prerequisitefor absolutelocalization,andin contrast,

anaccuratemapcanbeobtainedwith acorrectestimateof therobotmotions.But

in the absenceof an a priori mapof the environment,the robot is facinga kind

of “chickenandegg problem”: it makesrelativeobservationson theenvironment
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thatarecorruptedby errors,while thedeadreckoning estimatesof thepositions

from which it perceivesthesedataarecorruptedwith errorsthat grow with the

travelleddistance.Theseerrorsin therobot’s posehave aninfluenceon theesti-

mateof theobservedenvironmentfeaturelocations,that arethereforecorrupted

by boththeobservationerrorsandtherobotpositionerrors.Similarly, theuseof

theobservationsof previously perceivedenvironmentfeaturesto locatetherobot

provide positionestimatesthat inherits from both errors: the errorsin both the

robot’sposeandthemapfeaturearecorrelated.

It hasearly beenunderstoodin the robotic communitythat the problemsof

mappingtheenvironmentandestimatingtherobotlocationareintimatelytied to-

gether, andthatthey mustthereforebetakeninto accountconcurrentlyandsolved

in a unified manner[Chatila85, Smith87]. The approachesthat dealwith this

problemare now commonlydenotedas “SimultaneousLocalizationand Map-

ping” (SLAM): they consistin concurrentlybuilding up a mapof environment

features(or landmarks)and localizing the positionof the robot using the land-

marks,without any prior knowledgeon theenvironment.

1.2 SimultaneousLocalization And Mapping

Givena setof ego-motionestimatesandobservationsof environmentlandmarks,

thegoalof SLAM is to accuratelyestimatetherobotandlandmarkpositions,us-

ing therelativeobservationson its motionsandonenvironmentlandmarks.Since

the ego-motionestimatesandthe observationsarecorruptedby errors,if appro-

priateerror modelsare available, they can be usedas probabilisticconstraints.

Eventhoughtheconstraintsareinitially loose,aslandmarksarere-observed,they

becomegraduallytighter, i.e. theprecisionon the robotandlandmarkpositions

increases.Figure1.1 illustratesthe variousstepsinvolvedduring a SLAM pro-

cess.

The implementationof a full SLAM approachencompassesthe following

functionalities:

Y Landmarkdetermination:it consistsin detectingin theperceiveddatathe

featuresof theenvironmentthatcanbeusedaslandmarks,
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CBA D

Figure1.1: Illustration of the SLAMproblemwith a robot evolving on a plane: (a), environ-

mentfeatures(or landmarks- convex cornershere)areperceivedandlocatedwith anuncertainty

(observation). In (b), the robot moves,and knowsits position via an external meanand with

an associateduncertainty(ego-motionestimation:prediction). Thelandmarksare re-observed.

Thanksto matchesof thefeaturesperceivedfromthetwo positions(c: dataassociation),theun-

certaintiesin boththerobotandthefeaturescanbereduced(d: fusion).Theprocessgoeson,and

incrementallyestimatestherobotandlandmarkspositionerrors.

Y Ego-motionestimation:betweentwo observationsof theenvironmentland-

marks,anestimateof therobotmotionhasto beprovided,Y Dataassociation:it consistsin associatingthe landmarksperceived from

differentrobotpositions,Y Estimation:it consistsin integratingthevariousmeasurementsto estimate

thepositionsof thelandmarksandtherobotin aglobalreferenceframe.For

thatpurpose,anestimateon theerrorsin the landmarksandrobotposition

measurementsis required(errorsidentification),Y Map management:finally, for algorithmiccomplexity issuesandto ensure

thebestpositionsestimatesaspossible,anactivewayof selectingandman-

agingthevariouslandmarksis necessary.

Landmark determination

Landmarksarefeaturesin theenvironmentthataresalient,easilyobservableand

whoserelative position to the robot canbe estimated.The actualdefinition of

a landmarkdependson the kind of environmentwithin which the robot evolves

andon the sensorsthe robot is equippedwith. The detectionof landmarksis a

perceptionproblem: is consistsin finding in thedatathefeatures,estimatingtheir
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relativepositionto therobot,andrepresentingtheminto a specificdatastructure.

For robot evolving on perfectplanes(e.g. in indoor manmadeenvironments),

the landmarkpositionsareexpressedin 2D coordinates,andmostof the times

detectedon thebasisof rangedata. If theenvironmentexhibits somegeometric

structures,asstraightlinesfor instance,thesestructuresareideallandmarks.Note

thatin theworstcases(asin aperfectlyflat desertfor instance),no landmarksare

availablein theenvironment.

Ego-motionestimation

Theestimateof therobotdisplacementbetweentwo dataacquisitionscanbepro-

videdeitherby somesensors,or thanksto adynamicmodelof therobotevolution.

Thesensorsthatcanprovidethis informationareususallythedeadreckoningsen-

sorstherobotis equippedwith. In theabsenceof suchsensorsandif thedynamic

modelof therobotis known, themotioncontrolinputscanhelpto predictthedis-

placement,andin theworstcases,asimpleassumption(suchasconstantvelocity)

canbeusedto estimatethemotion.

Data association

The perceptionof landmarksis useful to computethe robot position estimates

only if they areperceivedfrom differentpositions:they mustthereforebeproperly

associated(or matched),otherwisethe robot positioncanbecometotally incon-

sistant.A first approachto this problemis to reasonon thepositionestimatesof

thelandmarksandtherobotto associatethelandmarks:thepositionsof theprevi-

ouslyperceivedlandmarkswith respectto thecurrentrobotpositionarepredicted

on the basisthe currentrobot positionestimate,andcomparedto the measured

positionsof thelandmarks.However, whentheerrorson someof thesepositions

is big, the associationscanbecomeambiguous:this is the casewhenthe robot

re-perceiveslandmarksafterhaving travelledalonga long loop trajectoryfor in-

stance.This is all themoredifficult whentherobot is evolving in 3D: theerrors

in thepredictionof the6 parametersof therobotposition(3 anglesand3 transla-

tions),rapidlyhaveadrasticinfluenceonthepredictedpositionof thelandmarks.

An otherway to solve thedataassociationprocessis to recognizethelandmarks,

independentlyfrom their positionestimate.This requiresthat the landmarksbe
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easily distinguishableone from the other, and that they are representedwith a

sufficientsetof attributesthatallows to recognizethem.

Estimation

Globaloptimizationtechniquelikebundleadjustmentusedin “structurefrom mo-

tion” in computervision could be a solutionto the SLAM problem[Deans01],

but they requirea batchprocessing,i.e. with all observationsandego-motiones-

timatesup to currenttime. In thecaseof robotnavigationin largeenvironments,

suchabatchestimationis notadequate,asis doesnotcontinuouslyprovideanes-

timateof therobotandlandmarkpositions.Furthermore,thesetechniquesdo not

provide anestimateof theuncertaintyof thelandmarklocations,which is useful

for robotexplorationandpathplanningin unknown environments.

Theonlineapproachesto theSLAM problemconsistsin estimatingaposterior

probability distribution over all the robot and landmarkpositions,with all the

availableego-motionestimatesandlandmarkobservationsup to thecurrenttime.

Thedistributioncanbewrittenas

Z �#"\[]� K_^ L � M � (1.1)

where "\[ is the currentrobot’s stateand
K

is the mapof landmarks,condi-

tionedon all thelandmarkobservationsL andcontrol inputs M , thecontrol inputs

beingtheresultsof theego-motionestimations.

Theposteriorestimationis moresuitableto solveSLAM problemwith noisy

measurementsthanamaximumlikelihoodapproach,becauseit providesthemost

probablerobotandlandmarkspositionsconsideringandaquantitativeestimation

of theuncertaintyin boththerobotandlandmarkpsitions.To computetheposte-

rior, severalstatisticalestimationtechniquescouldbeengaged:e.g. Kalmanfilter,

informationfilter andparticlefilter.

Extended Kalman filter Among the differentapproachesto solve the SLAM

problem,the Kalmanfilter basedapproach,or variantslike the informationfil-

ter, is undoubtlythe mostpopular. The stateof the Kalmanfilter is the poste-

rior, approximatedby a multivariateGausian,representedby the vector of ex-

pectedvalues(mean)and the correspondingcovariancesmatrix, of which the
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off-diagonalelementsrepresentthe correlationbetweenlandmarklocationsand

betweenthe robot positionandlandmarklocations. In practice,the systemand

the observation modelsbeing non-linear, the ExtendedKalman Filter (EKF) is

used:a linearKalmanfilter formulationis obtainedby linearizingthenon-linear

systemandobservationmodels.KalmanFilter basedSLAM is theoreticallywell

grounded,andit hasbeenprovedthat its applicationto theSLAM problemcon-

verges[Dissanayake01].

AlthoughEKF-basedsolutionshasbeenmostlyusedin thepastdecade,they

suffer from somewell-known problems:theassumptionthat the errorsfollow a

Gaussianprobabilitydistribution,thesensitivity to incorrectdataassociation,and

thecubictimecomplexity of thefilter update.

The uncertaintyof the posterioris representedas a covariancematrix that

maintainsall correlationsof the variablesin the statevector, andwhosesize is

thesquareof thestatevector. Matrix multiplicationsareinvolvedto incorporate

observations,which leadsto a complexity which is cubic in the numberof the

statevariables.In largeenvironments,asnew landmarksareincorporatedwithin

thestate,theprocessbecomesuntracktable.

The classicaltechniqueto dataassociationin EKF basedSLAM is to assign

eachobservationto the landmarkthat is themostlikely to have generatedit, the

likelynessbeingdeterminedon thebasisof theestimatedpositionsandvariances

of the landmark. As mentionnedabove, in casethe uncertaintieson the robot

andlandmarklocationsarehigh,wrongassociationbetweentheobservationsand

landmarksmightoccur, whichmakesthefilter diverge.Thisproblemcanbeover-

comedby thesimultaneousconsiderationof multiple observations,at thecostof

highercomputations[Neira01], or by theunambiguousrecognitionof the land-

marks.

Otherestimationapproachesto theSLAM problemhavebeenproposed,mainly

to overcomethe assumptionthat the variouserror probability distributions are

Gaussian,whichis requiredby theKalmanfilter. Setmembershipapproachesjust

needtheknowledgeof boundson theerrors[Kieffer 00, Marco01], but they are

practicallydifficult to implementwhenthenumberof positionparametersexceeds

3,andaresomehow sub-optimal.Expectationminimizationalgorithms(EM) have

alsobeensuccessfullyadaptedto theSLAM problem[Thrun 98], andanapproach

thataddressincrementalSLAM in this context canbefoundin [Thrun00].
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Err or Identification The ego-motionandlandmarksrelative observationsare

alwayscorruptedby errors. In order to usethemasprobabilisticconstraints,it

is necessaryto establishappropriateerrormodelsandto estimatetheir quantity,

to avoid tedious“filter tuning” stepsandto provide a robustsolution. In casethe

observationsaredirectlyprovidedby sensorreadings,rigorousstudies(e.g. statis-

tical analysis)on biasandnoisedistribution arerequired.Whentheobservations

resultfrom variousalgorithmicprocesses,analyticaltechniquesthatpropagatethe

errorsfrom theraw sensorreadingsto theestimationthroughthevariousalgorith-

mic stagesmustbeapplied.

Map management

Oneof themaindifficulty of theEKF basedSLAM solutionis thecubiccompu-

tation complexity causedby keepingthe correlationsbetweenall the statevari-

ableswithin the satecovariancematrix. To apply EKF basedSLAM in large

environments,many researchershave paid attentionto the fact that an obser-

vation of a landmarkhave a strong effect on adjacentlandmarks,and has in

contrastrelatively weakeffect on distantlandmarks. Hence,a global mapcan

be splited into local maps,under the assumptionthat the robot lingers a time

long enoughin a sub-region to stabilizethe sub-region. Delayedincorporation

of submapsinto the global map is performedafter the robot movesout of the

submap[Knight 01, Guivant01]. The approachesbasedon spliting the global

mapinto submapsleada sparsedescriptionof the correlationbetweenthe map

elementsof overall map provided by SLAM (e.g. relative covariancebetween

submaps).Thoroughconsiderationson the relationshipbetweenthe sparsenet-

work of submapsandmoreefficientcomputationto incorporateobservationshave

beenreported[Bosse02, Chong99, Leonard01].

Recently, SparseExtendedInformation Filter (SEIF), which representsthe

SLAM posteriorin thenaturalparametersof multivariateGaussianshasbeenpro-

posed[Thrun 02, Thrun03]. The parametersconsistof an information matrix

which is thereciprocalof thecovariancematrixof thestandardkalmanfilter, and

aninformationvector(from which theexpectedvalueof thestatecanberetrieved

with the informationmatrix). The importantpropertyof SEIFbasedapproachis

that theinformationmatrix is dominatedby a smallnumberof elements,andthe
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updatestepthereforecanbeperformedby manipulatingonly thissmallnumberof

elements.Furthermore,theupdatestatesareadditive in theSEIFformulation(to

extracttheoverall landmarkmapfrom SEIF, amatrix inversionis still required).

An alternativeapproachtoestimatetheposteriorhasbeenpresentedin [Montemerlo03].

The approachcalledFastSLAMscaleslogarithmicallywith the numberof land-

marksin the overall mapandsamplesover potentialrobot paths. With motions

in 3D, the large numberof potentialrobot’s pathsstill makes the computation

expensive.

Application contexts

The SLAM problemhasbeenmostly studiedin the caseof robotsmoving on

planes,i.e. whosepositionis totally determinedby3 parameters(anhistoricalpre-

sentationof themaincontributionscanbefoundin theintroductionof [Dissanayake01]).

In termsof sensormodality, solutionsto theSLAM problemhasmainly beenex-

perimentedwith rangesensors(sonarsensors[Leonard91, Wijk 00]or laserrange

findersin indoorenvironments[Moutarlier91,Thrun00], andmorerecentlymil-

limeterwave radarsin outdoorenvironments[Guivant01, Dissanayake01]).

To our knowledge,therearemuchfewer contributionsto theSLAM problem

basedon vision. In [Se01], anapproachthatusesstereovision andvisual scale-

invariantfeaturestransforms(SITF) for a robotevolving on a planeenvironment

is presented,thedataassociationproblembeingsolveda Houghtransformhash-

ing. Recently, a real time SLAM approachusinga singlecameracombiningpar-

ticle filter andEKF hasbeenpresented[Davison03]. In the approach,the 3D

coordinatesof visuallandmarksareobtainedusingaparticlefilter andoncestabi-

lized, they areincorporatedinto thestatevectorof anEKF. After initializing the

SLAM processwith known landmarks,the SLAM proceedsincorporatingnew

landmarks,theego-motionbeingpredictedusingaconstantvelocitymodel.

1.3 Our contributions

This thesispresentsa solution to the SimultaneousLocalizationAnd Mapping

problemwith stereovision in unknown 3D environments,in which the robotpo-

sition is totally 3D, i.e. determinedby 3 translationand3 orientationparameters,
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and that exclusivelyusesstereovision. Vision hasthe greatadvantageto allow

both a very precisedeterminationof the orientationparametersandthe associa-

tion of stableenvironmentfeatures.Moreover, usinga stereovision bench,range

estimatesof the featuresaredirectly available,althoughmuchlessprecisethan

thoseprovided by a laserrangefinder. We will however seethat thanksto the

Kalmanfilter, it is possibleto achieve extremelypreciselocalizationof thestere-

ovision benchandbuild up a spatiallycoherentmapof environment,without the

aidof any otherpositioningsensor.

In our approach,landmarksare interestpoints, i.e. visual featuresthat can

be matchedwhenperceived from variouspositions,andwhose3D coordinates

areprovided by stereovision. The advantageof usingsuchdiscriminantvisual

featuresas landmarksis twofold. First, it doesnot requireany assumptionon

the natureof the environment: the presenceof geometricfeaturesor distinctive

elementssuchastrees,rocksor pebblesis not required.Second,interestpoints

arediscriminative enoughto be matchedin imagestaken from differentpoints

of view, regardlessof their corresponding3D position: this allows robust data

association.For thatpurpose,we introduceaninterestpoint matchingalgorithm

that allows both the motion estimationbetweenconsecutive stereovision frames

andthematchingof thecurrentobservationsto memorizedlandmarks.

We useanextendedKalmanfilter (EKF) asa recursive filter: thestatevector

of the EKF is theconcatenationof the stereobenchposition(6 parameters)and

the landmark’s positions(3 parametersfor eachlandmark). The visual motion

estimationbetweenconsecutive stereovision framesis usedto predict the filter

state,andis fusedwith theobservationsprovidedby landmarkmatchings.

The principal contributionsof this thesisarisefrom our robust interestpoint

matchingalgorithm,whichprovidesanimportantbasisto solvetheproblemsthat

make the achievementof robust SLAM in 3D environmentsdifficult: stablevi-

sual landmarkdetermination,preciseego-motionestimationandrobust dataas-

sociation. Thanksto rigorousstudieson the errorson the estimationof the 3D

landmarksposition,on thevisualego-motionestimation,andon theobservation,

weshow shown thataveryaccuratelocalizationandmappingcanbeconcurrently

achievedin various3D environments.
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Landmark detection In the absenceof any prior knowledgeon the natureof

theobjectsthatconstitudetheenvironment,salientvisualfeaturescanbeusedas

stablelandmarks,evenin anenvironmentwherethereis no discriminantobjects

(e.g. on a flat lawn). Figure1.2 shows the resultsthe interestpointsdetectedin

variousscenes:suchpointshave goodstability propertieswith respectto view

point changes,thusenablinga robustdataassociation.Theuseof interestpoints

aslandmarksmakestheSLAM applicableto almostany kind of 3D environments,

excepttotally non-texturedregions(i.e. thevariationsof intensityaretooweakto

detectany discriminantpixel).

Figure1.2: Interestpoints(red crosses)detectedin variousenvironmentsq.Top row: low al-

titudeaerial images; middlerow: outdoorimagestakenby a groundrover; bottomrow: indoor

scenes.Evenin lack of texture, interestpointscanbedetected(seetop right image, aerial view of

a lawn). For all theseimages,a detectionthresholdhasbeensetso that thenumberof detected

pointsis equalto a fixedvalue.
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Robust data association We have developpedan interestpoint matchingal-

gorithm that enablesthe matchingof the visual landmarkson the images,inde-

pendentlyfrom the uncertaintyin both the robot and landmarkpositions. Out-

liers thateventuallyoccurcanbeeliminatedby someclassicalrobust techniques

like RANSAC (RandomSampleConsensus),which rootsout mostof thewrong

matches.A furtheroutlier removal techniqueis appliedto guarantytherejection

of all theremainingwrongmatches:this providesreliabledataassociations,that

canbeincorporatedasobservationsin theKalmanFilter.

Relativeobservationsin non-planar world To achievetheSLAM, two relative

observationshave to beachieved: theego-motionof therobotbetweenconsecu-

tivedataperceptions,andtheestimateof therangeto theperceivedlandmarks.In

our approach,stereovision providesthe rangeestimatesof the visual landmarks

detectedin the images,and a visual motion estimationtechniquethat exploits

the matched3D pointsbetweentwo consecutive framesprovidesa preciseego-

motionestimate.We will seethatonecanachieve SLAM in theabsenceof any

additionalsensor.

Err or identification Threekinds of error must be identified in a SLAM ap-

proach:errorsin thelandmarkrelativemeasurements,errorsin thealreadymapped

landmarkobservations,anderrorsin the ego-motionestimate.In our approach,

theseerrorsresultfrom theprocessingof noisydata:we will identify themrigor-

ouslywith statisticalandanalyticmethods,sothatthefilter setupwill not require

any “tuning” step.

Map management Althoughwe do not useany recentdeveloppementto deal

with thealgorithmiccomplexity of theKalmanfilter, we actively selecttheland-

marksto beincorporatedin thefilter stateamongall thedetectedinterestpoints,

in order to limit their number, while maximizing their “representativity” of the

environment.This is madepossibleby anactivecontrolof thenumberof interest

pointsdetectedin eachperceived image,andan analysisof their precisionand

positionwith respectto alreadymappedlandmarks.
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1.3.1 Thesisoutline

Theremainderof this thesisis organizedasfollows:

Y Chapter2 depictsin detailsthedetectionof interestpoints,andtheproposed

algorithmto matchthemin differentimages.Variousmatchingresultsil-

lustratesthedevelopments.Y Chapter3 presentsour approachto the SLAM problem,usingexclusively

stereovision. Thevariousinvolvedalgorithmsarepresented:stereovision,

visualmotionestimation,dataassociationusinginterestpoint matchingal-

gorithmandlandmarkselection.TheKalmanFilter setupis thendescribed,

andthedeterminationof thevariouserrorsinvolvedin thewholeprocessis

presented.Y Chapter4 presentsand discussesresultsobtainedon threevery different

contexts: with low altitudeaerialimagesgatheredby a blimp, with images

gatheredby a rover in anaturalunstructuredenvironment,andwith a robot

evolving indoor. It also introducesa way to build a spatially consistent

digital elevationmap,thanksto a determinationof all the robotspositions

onceits trajectoryclosesa loop.
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Chapter 2

Inter estPoints Matching Algorithm

2.1 Intr oduction

Landmarkidentificationandmatchingis of courseessentialin the SLAM pro-

cess.To implementa vision-basedSLAM, onemustselectfeaturesthat canbe

successfullymatchedunderthefollowing conditions:

Y Variationson the grey levels of the images,dueto noiseandillumination

conditions,

Y Viewpoint changes,that inducevariationson the imageresolution,on the

aspectof theperceivedobjects(includingocclusions),andaffect thesurface

of theoverlappingareaon theimages,

Y And finally variationsin the perceived sceneitself, in which objectsmay

appearor disappearbetweentheimageacquisitions.

Featurescanbedirectlytheimagesignal,or edges,contours,lines,regionsde-

tectedon theimage,up to higherlevel semanticinformations.Aiming at design-

ing aversatilematchingalgorithmthatworksin any kind of context precludesthe

useof structuralfeaturessuchasline segments,thatseldomoccurin naturalenvi-

ronmentscenesfor instance.Moreover, usinglower level featuresavoidstheuse

of fragile segmentationalgorithms:a lot of contributionshave thereforefocused

on thematchingproblemusingdirectly theimagesignalasthefeaturespace.

25
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2.1.1 Relatedwork

Matchingmethodsbasedon local grey valuesimilarity scoresaresuitablewhen

the transformationbetweenthe two imagesis closeto the identity, e.g. in stere-

ovision [Faugeras93] or tracking. Varioussimilarity measurehave beenusedor

proposed:the sum of squareddifference(SSD) betweenpixels belongingto a

window surroundingthepixel to matchis commonlyused[Anandan89, Shi 94,

Papanikolopoulos95]. Commonsimilarityscoreshavebeencomparedin [Martin 95]

andanoriginalone,morerobustto signalnoise,hasbeenproposedin [Zabih 94].

All thesemethodsareverysensitiveto changesin imagescale,rotationandview-

point,becausethey attemptto matcharigid window betweentheimages:asignal

matchingapproachwith adaptive windows hasbeenpresentedin [Kanade94] to

copewith theaspectchangesdueto theprojectivegeometry. Still, in orderto gen-

eratereliablematches,theseapproachesrequireto focus the matchsearch,e.g.

with theepipolarconstraint,which is known in calibratedstereovision, or needs

to berecoveredin themostgeneralcase[Zhang95].

To establishmatcheswhenseveralunknown changesoccurin theimage,one

mustconsiderfeaturesthatareasmuchinvariantaspossiblewith respectto any

imagetransformation. Texture descriptorsextractedwith Gaborwaveletshave

theseproperties.Gaborwaveletsmeasurethesignalenergy at a givenfrequency

anddirection:texturefeaturesareextractedfromtheenergy distributioncomputed

in the 2D frequency/direction space(experimentsshow that humanand mam-

malian vision perform sucha spatial-frequency analysis[Daugman85]). Such

featureshave beenusedto trackfacial featurepoints[McKenna97], or to search

imagesin databases[Wolf 00]. In theseapproaches,a high resolutionof spatial

frequency andangularorientationis required,which is computationallyexpen-

sive.

Point features,oftendenotedas“interestpoints”, aresalientin images,have

goodinvariantproperties,andcanbeextractedwith muchlesscomputation:they

arethereforeexcellent landmarkcandidatesfor a vision-basedSLAM problem.

The Harris cornerdetectorlocatespointsin the imagewherethe signalchanges

in two directions,by analysingthe auto-correlationfunction of the image,esti-

matedwith first orderderivatives[Harris88]. Furtherstudyin this directionhas

beendonein [Noble88], andmethodswhich usesthe auto-correlationof Har-
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ris detectorto detectinterestpointswerepresentedin [Förstner87, Förstner94].

In [Wang95], point featuresarefoundusingthecurvatureof the imagesurface,

this curvaturebeingdefinedby thecombinationof thecurvaturescomputednor-

mally and perpendicularlyto edges. A comparisonof various interestpoints

detectorsis presentedin [Schmid98]: it introducesa modified versionof the

Harris detectorwhich usesGaussianfunctionsto computethe two-dimensional

imagederivatives,andthat givesthe bestrepeatabilityunderrotationandscale

changes(therepeatabilitybeingdefinedasaquantitativeevaluationcriteriawhich

is thepercentageof repeatedinterestpointsbetweentwo images).However this

repeatabilitysteeplydecreaseswith significantscalechanges:in suchcases,a

scaleadaptive versionof the Harris detectoris requiredto allow point match-

ing [Dufournaud00]. But when no information on scalechangeis available,

scaleadaptationis notpossible:matchingfeaturesin suchcontextsbecomesquite

timeconsuming,scalebeinganadditionaldimensionto searchthrough.To avoid

this, scaleinvariantfeaturedetectionalgorithmshave recentlybeenproposedin

the context of object recognitionand imageindexing [Lowe99, Lindeberg 98,

Mikolajczyk01]. However, thesemethodsgeneratemuchlessfeaturesthanthe

standardor scaleadaptivedetectors.

To matchinterestpoints,SchmidandMohr have proposedan approachthat

useslocal grayvalueinvariants[Schmid97], evaluatedin thecontext of animage

retrieval application.Local descriptionvectorsusingdifferentialrotationinvari-

antsarecomputedfor eachdetectedpoint,andpotentialmatchesaregeneratedby

a similarity measuregivenby a Mahalanobisdistancebetweenthe vectors.The

covarianceusedto computetheMahalanobisdistancebetweentheinvariantvec-

torsmustbeproperlyestimatedfrom largesetof imagesamples.Sincematches

aregeneratedwithout consideringlocal region characteristicor geometrictrans-

formationbetweenthetwo images,they canbeambiguous,andthe initial match

setmustcontaina sufficient numberof inliers to allow theapplicationof anout-

lier removal technique.Coarse-to-finemulti-resolutionmatchingmethodshave

beenpresented,whichgenerateimagepyramidssothatonly a few prominentfea-

turesarepresentat the coarselevels [Rosenfeld77]. The generatedmatchesat

thecoarsestlevel guidematchingprocessgraduallyup to thefinestlevel(original

image).Sincesmalltemplatesatcoarselevelscontainthesignalsof a local region

at the finest level, the multi-resolutionmatchingprocessguidedby the matches
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generatedat coarselevels canbe performedconsideringlocal region character-

istic of original image,however thesemethodsare unreliableunderthe signif-

icant viewpoint change(i.e small overlappingbetweenimages). An algorithm

that producesdensematchesfrom un-calibratedimagepairshasbeenpresented

in [Lhuillier 03]. It is initiatedby seedinterestpoint matchesestablishedwith a

cross-correlationmeasure,which is effectivewhentheviewpointchangebetween

theimagesis rathersmall. A propagationof theseedmatchesis performedusing

geometricconstraints.

2.1.2 Our approach

Principle. Our matchingalgorithmrelieson interestpoint groupmatching,im-

posinga combinationof geometricandsignalsimilarity constraints,thusbeing

morerobustthanapproachessolelybasedonpointsignalcharacteristics[Jung01].

An interestpoint group is a small set of neighbouringinterestpoints, that

representa small region of the image: the matchingof two groupsin two im-

agesallow to computeanestimateof theactualgeometrictransformationbetween

thecorrespondingregions. With groupscomposedof a smallnumberof interest

points,thecorrespondingregion is small enoughto ensurethata transformation�`�
	 �
composedof ascalechange andarotationchange� approximatesfairly well

theactualregion transformation.Theestimationof this geometrictransformation

is essentialin thealgorithm,asit is usedfor thefollowing purposes:

Y Groupmatchhypothesesarequalifiedwith a similarity measurebasedon

thesteeredimagederivativescomputedin thecorrespondingpoints,which

canbecomputedknowing
�`�
	 �

,

Y Similarly, the estimateof
�`�
	 �

enablesto computea correlationcoefficient

betweenthepointsof a groupmathhypothesis,which is usedto validateit,

Y Finally, oncea groupmatchis assessedasreliable,thecorrespondinggeo-

metric transformation
�`�a	 �

is propagatedin the imagesto focusthe search

for new group matches:this reducesthe numberof matchcandidatesto

evaluateandthusenablesrobustandfastmatching.
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The algorithmdoesnot requirehigh orderderivativescomputation,andhas

provento bevery robust,i.e. ableto providenumerousgoodmatcheswhile keep-

ing thenumberof outliersvery small, in differentkindsof scenesandin a wide

variety of conditions,toleratingnoticeablescenemodificationsand changesin

viewpoint andillumination. This robustnessis dueto the fact that thealgorithm

simultaneouslycheckspoint matchesand groupsmatches,enablingconsistent

evaluationof thehypotheses.

Algorithm and chapter outline. Thewholematchingprocedureis a seed-and-

grow algorithm,thatis initiatedby a reliableinterestpoint groupmatch.

Thefirst stepof thealgorithmis thedetectionof theinterestpoints:section2.2

briefly presentsscaleadaptive interestpoints,andintroducesthepoint similarity

measureweuse.

Oncetheinterestpointsof thetwo imagesto matcharedetected,local groups

of interestpointsareestablished.Finding an initial groupmatchmustbe made

verycautiously, asa wronginitial groupmatchwould precludetheestablishment

of furthermatchesandcausethewholealgorithmto fail. Section2.3 is theheart

of thechapter:it depictsin detailstheestablishmentof a groupmatch,according

to ahypothesisgenerationandconfirmationparadigm.A groupmatchhypothesis

is generatedby a pair of point matches,on thebasisof thepoint similarity mea-

sure. The matchhypothesisdefinesan estimateof thegeometrictransformation

betweenthe imageregionscoveredby the group: this transformationallows to

computethesteeredderivativesandacorrelationcoefficientbetweenthematched

points,andis usedto establishfurtherpointmatcheswithin theconsideredgroup.

Finally, a discriminancy checkis performedto assessthat the groupmatchis a

reliableone.

Thepropagationprocedureis theninvoked(section2.4): thegeometrictrans-

formationdefinedby the initial groupmatchis usedto focusthesearchfor new

groupmatches.During thepropagation,moreconsistency checksareperformed,

in orderto avoid problemscausedby repetitivepatternsor thepresenceof similar

objectsin theimage:if suchcasesaredetected,theinitial groupmatchhypothesis

is discarded,andthewholeprocedureis startedover.

Illustrative examplesaregiven throughoutthe charter, andrepresentative re-

sultsarepresentedanddiscussedin section2.5. In this lastsection,we alsopro-
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posea way to derive quantitative measuresof the spatialprecisionof the point

matches,which is requiredby theKalmanfilter in theSLAM solution(observa-

tion errormodel).

2.2 Inter estpoints

To locatepointsin theimagewherethesignalchangesbi-directionally, theHarris

cornerdetectorcomputesthelocal momentmatrix
!

of two normalgradientsof

intensityfor eachpixel "cbd�e�f�� `� in theimage[Harris88]:

! �#"$��&�f�$b � �g"$�h&�f�jilkm n � �#"o� 2 n � �#"o� n � �g"p�n � �#"o� n � �g"p� n � �g"p� 2 qr
where

� �
�/�)&�f� is the Gaussiankernelof standarddeviation &� , and n � �
�1� and

n � ���6� are the first order derivativesof the intensity respectively in the � and  
directions. The eigenvalues �ts - �(s 2 � of

! �#"'��&�o� are the principal curvaturesof

theauto-correlationfunction: thepixelsfor which they arelocally maximumare

declaredasinterestpoints. It hasbeenshown in [Schmid98] that interestpoints

aremorestablewhenthederivativesarecomputedby convolving theimagewith

Gaussianderivatives:

n � �#"'�����'b ��� �#"$�����5u n �g"p�
n � �#"'�����'b ��� �#"$���f�5u n �#"o�

where
�v� �
�/������� ��� ��������� arethefirst orderderivativesof theGaussiankernel

of standarddeviation � alongthe � and  directions.Theauto-correlationmatrix

is then:

! �g"$���%��&�o�pb � �#"$�w&�f�jixkm n � �#"'����� 2 n � �g"$����� n � �#"$�����n � �g"$����� n � �#"'����� n � �g"$����� 2 qr
2.2.1 ScaleAdaptive interestpoints

To maintainthe derivativesstablewith respectto the imagescalechange , the

Gaussianfunctionsarenormalisedwith respectto thescalechange[Dufournaud00].

Theauto-correlationmatrixof thescaleadaptiveHarrisdetectorbecomes:
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! �g"$���y��&�'�()�pb � �g"$�(`&�f�jilkm n � �g"$�(z��� 2 n � �g"$�(z��� n � �#"'�(z���n � �#"'�(z��� n � �g"$�(z��� n � �#"'�(z��� 2 qr (2.1)

where

n � �g"$�(z���pb{ ��� �#"$��|�f�\u n �g"p�n � �g"$�(z���pb{ ��� �#"$��|�f�5u n �#"o�
Figure2.1 comparesthe repeatabilityof the scaleadaptive detectorwith the

nonadaptiveone,with a }w��~ scalechange.

If a roughestimateof the scalechangebetweentwo imagesis known (e.g.

with aninitial guesson thecameramotion),interestpointsarecomputedaccord-

ingly beforeattemptinga matchingprocedure.Whenno scalechangeestimate

is available,interestpointsaredetectedat differentscalelevelsandmatchingis

performedfor eachtrial level.

Figure2.1: Influenceof thescaleadaptation.Thescalechange betweenthe left image

and the two others is �.�@� , interestpointsare the red crosses(for readabilitypurpose, a

high thresholdon their detectionhasbeenappliedto reducetheir number).Thedetected

pointsin thezoomedimage withoutscalechange consideration are shownin themiddle

image: the repeatabilityis here �z�|� . With thescaleadaptivedetector, thescalechange

estimatebeingsetat �.�@� , therepeatabilityraisesup to �z�|� - rightmostimage.

2.2.2 Point similarity measure

If thegeometrictransformation
�

betweentwo imagesn and n�� is strictly equal

to a scalechange androtationchange� , andif thegrayvaluesof theimagesare
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properlynormalised,the following equality is satisfiedfor two matchingpoints�#"$��" � � in theimages:

km n � �g"$���y�����n � �#"$���%����� qr b����e����km n � �#"$�����n � �g"$����� qr b�km n ��(� �g" � �(z���n �� � �#" � �(z��� qr
where

�������'b�km���� z� W .Qt�\�.Qt�j� �3� z� qr
and n � �#"'���y����� and n � �#"$���y����� arethesteeredGaussianderivativesof theimage

in thedirection � [Freeman91]. As aconsequence,wecanwrite:

������� ! �#"'���y��&�o�a�������t��b ! �#" � ���y�w&�o�()�
Since ! �#"$���y��&�o�'b�� km s - �� s 2 qr � �
and ! �g" � ���%�w&�p�()�pb�� � km s � - �� s � 2 qr � � �
wherethecolumnsof � and � ’ aretheeigenvectors.Theprincipalcurvatures

of thetwo matchedpointsarethereforeequal: s - b�s � - and s 2 b{s �2 .
For two matchingpointsin two imagesof real 3D scenes,this equalityis of

coursenotstrictly verified,becauseof signalnoise,andespeciallybecausethetrue

transformationof the imageat thesepointsis seldomstrictly equalto a rotation

andscalechange.We definethe point similarity
*,+

betweentwo pointson the

basisof theireigenvalues:*,+.- �#"'��" � �'bl� Qt�'�ts - �(s � - �� ��¡ ��s - ��s � - � �
*,+(2 �#"'��" � �'bl� Qt�'�ts 2 �(s � 2 �� ��¡ ��s 2 �(s � 2 �

The maximumsimilarity is }w� � . The evolution of
*,+.-

and
*,+(2

with respect

to scaleandrotationchangesfor matchingpointsis shown in figure2.2: theex-

pectedvalueof themeasureis alwaysover
� ��¢ , anddecreasesmuchlessthanthe

repeatabilitywith changesin scale.
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Figure2.2: Evolutionof themeanandstandard deviation of matching pointssimilarity

with knownrotationandscalechanges. On theright curve, the resultscomputedby the

scaleadaptivedetectorwith a scalechange estimateset to �.�@� are shownwith dashed

lines.

2.3 Inter estpoint group matching

2.3.1 Grouping procedure

Onceextractedin the two imagesn � n � , the setsof interestpoints £z"'¤��0£z" � ¤ are

structuredin local groups. A local group is madeof a pivot point X,¥ and its� closestneighbours£ X - �.�0�.��� X,¦ ¤ . To ensurethat the imageregion coveredby

the points of a group is small enough, � is rathersmall (e.g. we use �§b©¨ ).
Thegroupsaregeneratedby studyingtheneighbourhoodof eachpoint following

a spiral pattern: the groupingprocessis stoppedif the spiral meetsthe image

borderbefore� neighboursarefound.Also,amaximumthresholdonthedistance

betweentheneighbourspointsandthepivot is applied,to avoid theformationof

groupsthat would cover a ratherbig region of the imagein low texture areas

for instance,wheretherearescarceinterestpoints(thedistancethresholdis here

setto ª¬«  , where  is the densityof interestpointsin the image- figure 2.3).

This impliesthatsomepointsdo not belongto any group: their matchingwill be

processedlater(seesection2.4.3).

After thegroupingprocess,weendup with two groupsets
� � � � :® b�£ 4�- �0�.�.�0� 4\¯ ¤�� ® � b°£ 4 �- �.�.�.��� 4 �± ¤

where
4 O denotesthelocalgroup

4 O generatedwith thepoint " O asapivot:
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Figure 2.3: Illustration of the point grouping procedure, with ²�³´� for readability

purposes.Groupshavenotbeengeneratedaroundpoints µ and ¶ asthey are toocloseto

theimage border, andneitheraround · asno neighbourare closeenough.Threegroups

havebeengenerated,with points ¸ , ¹ and º asa pivot ( ¶ »¼º means“ ¶ is a neighbourofº ”). In theright image, where ²½³�� , thebluepointsaretheonesthathavebeengrouped:

only thepointsisolatedor neartheborder havenotbeengrouped.

4 O b°£ X,¥ � X - �.�.�0�0� X¾¦ ¤�� X,¥ b¿" O
andtheneighbours£ X - �.�.�.��� X¾¦ ¤ areorderedby theirdistanceto thepivot:ÀÂÁ - À|Ã �.�.� Ã�ÀÂÁ ¦ À
wherethevectors

Á O aredefinedas
Á O b X¾OzW½X%¥ and

À � À is thenormoperator.

2.3.2 Group match hypothesesgeneration

Giventwo localgroups� 4 O � 4 �Ä � in theimagesn � n � , asetof hypothesesonthescale

androtationchange
�`�
	 �

betweenthe correspondingimageregions is generated

by evaluatingthe possiblevectormatchesbetweenthe groups. A vectormatch� Á + � Á �Å � definesascalechange + 	 Å andarotationchange� + 	 Å computedasfollows:

 + 	 Å b ÀÆÁ �Å ÀÀÆÁ + À � � + 	 Å b¿Ç � �fÈ - M
+ÆÉ M � ÅM +ËÊ M � Å

whereM + b Ì3ÍÎ Ì Í Î � M � Å b Ì �ÏÎ Ì �Ï Î and
É

is thecrossproduct.

The setof all possiblevectormatches� Á + � Á �Å � definedis first prunedby ap-

plying thresholdson thecorrespondingpoint matchessimilarity. This similarity
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measureis thenusedto selectthebestmatch,which is afterwardconfirmedby a

correlationmeasure.

Hypothesespruning. The vector match � Á + � Á �Å � is consideredas a potential

matchif thefollowing constraintsaresatisfied:*,+.- � X,¥ � X �¥ � and
*,+.- �#" + ��" � Å �ÑÐÓÒyÔ Í�Õ

*,+(2 � X,¥ � X �¥ � and
*,+(2 �#" + ��" � Å �ÑÐÓÒyÔ Í
Ö

^  + 	 Å W  ¥ ^ Ã Ò �
Thevalueof Ò � is definedaccordingto theprecisionon theinitial estimate ¥

of thescalechange,andthevaluesonthetwo thresholdsÒ%Ô Í×Õ and ÒyÔ Í
Ö aredefined

consideringtheevolution of thesimilarity with respectto scalechangepresented

in section2.2.2.Empirically, a value
� �Ø~ for thesetwo thresholdsensuresthatno

goodmatcharediscarded.

To evaluatethevectormatches� Á + � Á Å � thatsatisfytheseconstraints,wedefine

thevectorsimilarity
*5�

as:*5� � Á + � Á �Å �pb Ù�eÚy� X,¥ � X �¥ �( ¥ ��� + 	 Å �jÛÜÚj� X + � X �Å �( ¥ ��� + 	 Å ���
wherethefunction Ú is thesumof thesquareddifferencesbetweenthesteered

derivativesof two potentialmatchingpoints �#"'��" � � :
Úy�g"$��" � �( ¥ �����pb§� n � �g"$���y����� W n �� �g"$�( ¥ ���×� 2 Û�� n � �#"'���y����� W n �� �#"'�( ¥ ����� 2
Thevalueof Ú canbecomputedthanksto theestimationof � + 	 Å , whichallows

to determinethesteeredderivativesonthebasisof a linearcombinationof thetwo

horizontalandverticalderivativesderivativescomputedduringtheinterestpoints

extraction[Freeman91]. Notethatthereis noneedto recomputethesederivatives

with thecurrenthypotheticscalechange + 	 Å , becausetheerrorbetweentheactual

scalechangeandthe initial one(  ¥ ) affectssimilarly all thedifferencemeasures

of thesteeredderivatives.
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Givenavector
Á +

in
4 O , themostsimilar vector

Á � ÝÅ in
4 �Ä amongtheremaining

matches� Á + � Á Å � (if thereexistssome)is givenby:

VÞ b ��ß|àÆá½âäãÅ å *5� � Á + � Á �Å �tæo� Þ bd}w�.�0�.�0���
This definesa matchhypothesis

J + 	 ÝÅ bç� Á + � Á Å � for the vector  + , to which

is associatedthe correspondingtransformation
� + 	 ÝÅ b �� + 	 ÝÅ ��� + 	 ÝÅ � . So a set of

matchinghypothesesè O 	 Ä is definedfor thetwo groups � 4 O � 4 �Ä � :
è O 	 Ä b°£ J + 	 ÝÅ ¤

The index Z being comprisedbetween } and � (the numberof neighbours

points in a group), a maximumnumberof � hypothesesaregeneratedfor two

groups.

Best hypothesisselection. To selectthe bestvectormatchhypothesisamongè O 	 Ä , eachhypothesis
J +

is completedwith additionalpotentialpointmatchesthat

satisfygeometricandsteeredderivativesimilarity constraints.

Given an hypothesis
J + 	 ÝÅ , an additional point match � X%é � X �> � betweentwo

points of the groups � 4 O � 4 �Ä � is evaluated. This additionalpoint matchdefines

a vectormatch � Á é � Á �> � , to which is associateda scalechange é 	 > anda rotation

change� é 	 > , is declaredconsistentwith thehypothesis
J + 	 ÝÅ if the following three

conditionsaresatisfied:

� Z Ãëê
and

VÞ Ãíì � or � êîÃ Z and
ìpÃ VÞ � (2.2)

^  é 	 > W  + 	 ÝÅ ^ Ã Ò � � ^ � + 	 ÝÅ W � é 	 > ^ Ã Ò � (2.3)

Úy� X,é � X �> �� ¥ ��� é 	 > � Ã Ò = (2.4)

Condition(2.2)expressesaconstraintonthedistanceof thepointsto thepivot

(theindicesof thegrouppointsaresetaccordingto their distanceto thepivot - cf

section2.3.1).

Condition(2.3)expressesgeometricconstraints:thescale é 	 > androtation � é 	 >
definedby the vectormatch � Á é � Á �> � mustbe similar to thoseof the hypothesis
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� + 	 ÝÅ betweenthetwo local groupsbeinganapproxima-

tion of theactualtransformation,weempiricallychooseavalueof Ù �wï for Ò � .
ThethresholdÒ = of condition(2.4) is definedasfollows:

Ò = b }
Ù
ê �#Új� X,¥ � X �¥ �( ¥ ��� + 	 ÝÅ �jÛÓÚy� X + � X � ÝÅ �( ¥ ��� + 	 ÝÅ �×�'b

ê*5� � Á + � Á � ÝÅ �
This last conditionensuresthat theadditionalmatchedpointsaresimilar, by

comparingtheir steeredderivativessimilarity with the steeredderivativessimi-

larity of the initial vectormatch: thevalueof
ê

is sethigh enough,to avoid the

eliminationof apotentialgoodmatch.

Given a point X,é in
4 O , the bestpotentialmatch X Ý> in

4 �O consistentwith the

hypothesis
J + 	 ÝÅ is theonethatminimisesthedifferenceof thesteeredderivatives

amongtheonesthatsatisfiestheconditions(2.2) to (2.4):Vì b �¬ß|àÑá½ð�ñ>¼ò Úy� X%é � X �> �( ¥ ��� é 	 > �tó (2.5)

Figure2.4 illustratesanexampleof thedeterminationof additionalpotential

point matchesgivena initial vectormatch.
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Figure2.4: Determinationof additional potentialpoint matches. Givenan hypothesisô,õ 	 ö
definedby thevectormatch ÷ùø õzú ø �ö0û , thebestpotentialmatch of üþý is determinedby

evaluatinggeometricandpoint similarity constraints. In theend,thethreepointmatches

consistentwith
ô õ 	 ö

areobtained: ÷ÿü ¥ ú ü �¥ û , ÷ÿü õ ú ü �ö0û and ÷ÿü ý ú ü �ý û
Onceall thepotentialadditionalpointmatchescorrespondingto anhypothesisJ + 	 ÝÅ are determined,the group repeatability

7î8 � J + 	 ÝÅ � and the group similarity* 8 � J + 	 ÝÅ � of thehypothesisarecomputedasfollows:
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7î8 � J + 	 ÝÅ �pb ^ J + 	 ÝÅ ^�½Û } � * 8 � J + 	 ÝÅ �'b ^ J + 	 ÝÅ ^��� � Í����Ï �O�	 - Új� X¾O � X �O �� ¥ ��� O �
where

^ J + 	 ÝÅ ^ is thenumberof matchedpointsin
J + 	 ÝÅ . Thebestmatchhypoth-

esisof è O 	 Ä is the onethat maximisesthe groupsimilarity amongthe onesthat

maximisesthegrouprepeatability.

2.3.3 Hypothesisconfirmation

It is very importantthat the groupmatchhypothesis� 4 O � 4 �Ä � usedasthe search

seedis a reliableone,otherwisethepropagationprocedurewould fail to establish

further matches:a reliableassessmentis required. For that purpose,the zero-

meannormalisedcorrelationcoefficient(ZNCC)betweenall theindividualpoints

matches� X,é � X �é � definedby thegroupmatchis evaluated:


 é b
� �����O�	 - � n ��� O � W n ���$���(� n � ��� �O � W n � ��� � ���� � ����� O�	 - � n ��� O � W n ���$��� 2 � �����O�	 - � n � ��� �O � W n � ��� � ��� 2�� -��]2

where
F é is the setof pixels £�� ¤ definedby a local squarecorrelationwin-

dow centredon X,é in n , andon the pixel � � in n � . The pixels � � in n � are de-

terminedthanksto the geometrictransformation
�`� � 	 � � associatedwith the point

match � X,é � X �é � : � � b� é ����� é �3��� W�X,é �jÛ X �é
and the intensityvalues n � � Z � � of the correspondingcorrelationwindow are

computedwith bilinearinterpolation(figure2.5).

Thepointmatch � X%é � X �é � is consideredvalid if thecorrespondingZNCCscore

is above a thresholdÒ�� . The matching strengthof the group match � 4 O � 4 �Ä � is

definedas:

: O 	 Ä b � Û 
 � ��� �½Û }h� Ò�� Ã 
 � } (2.6)
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Figure2.5: Rotationandscaleadaptivecorrelationon thepotentialmatchesgenerated

with thebesthypothesis
ô õ 	 ö

of theexampleshownin figure 2.4.

where � is the numberof validatedpoint matches(i.e. the groupmatchre-

peatability)and 
 is the averageof the associatedZNCC scores: this kind of

awkwardsumdiscriminatesthegroupsmatchesthathave thesamerepeatability

by themeanZNCC scorecomputedwith thepoint matches.

A group match � 4 O � 4 �Ä � is finally declaredas a valid one if the associated

matchingstrengthis above a threshold Ò�� , and the scaleand rotation changes

of thecorrespondinggeometrictransformation
� O 	 Ä aredeterminedasthemeanof

thescaleanrotationchangesdefinedby all thecorrespondingvalid pointmatches.

At this stage,a lastcheckhasto beperformed.Indeed,if the imagepresents

repetitive patternswith a smallerspacefrequency thanthe groupsareasize,the

neighbourspointsof agroupcanbeverysimilar, thusmisleadingthepointmatch

establishment.In suchcases,it is verylikely thatagrosserrorontherotationesti-

mateoccur:to avoid this,only thegroupswhoseneighbouraredistinctenoughare

considered.This distinctnesscouldbecheckedwith first or higherorderderiva-

tives of intensity, but this would causeadditionalcomputations.We therefore

definethediscriminancy<�= � 4 O � 4 �Ä � of a groupmatch � 4 O � 4 �Ä � on thebasisof the

principalcurvaturesof their points:
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<�= � 4 O � 4 �Ä �$b }
Ù
� "! �$�ts - � 4 O ���jÛÓ�$�ts 2 � 4 O ���s - � 4 O � 2 Û s 2 � 4 O � 2 # -��]2 Û ! �'�ts - � 4 �Ä ���jÛÓ�$�ts 2 � 4 �Ä �×�s - � 4 �Ä � 2 Û s 2 � 4 �Ä � 2 # -��]2%$&

(2.7)

where s�� 4 � and �'�ts�� 4 ��� arerespectively themeanandvariancesof theprin-

cipal curvaturesof thematchedpointsin a group.Thethresholdon thediscrimi-

nancy Ò('*) is setto a valuesufficiently low to avoid goodgroupmatchesremoval:

empirically, avalueof
� � Ù ¨ provedto beadequate.Figure2.6illustratestheeffect

of consideringthis discriminancy measure.Note that similar effectscanoccur

with repetitivepatternsathigherspacescale:othermeasuresto copewith thisare

proposedin thefollowing section.

2.4 Propagationbasedmatching

Oncea reliablegroupmatchhypothesisis established,the propagationprocess

searchesfor new groupmatches,usingthecorrespondingestimatedimagetrans-

formationto focusthesearchfor candidategroupsin a restrictedimagearea.As

a consequence,very few groupcandidatesaresearchedfor, thusspeedingup the

establishmentof new matches,and reducingthe probability to establishwrong

matches.Someconsistency criteriaarecheckedduring thepropagation,in order

to detectfalsematchesthatmayoccurwith largerepetitivepatternsin theimages,

andto detectcaseswherethegeometryof thescenecausesthepropagationto fail.

2.4.1 Propagationprocess

Givenagroupmatch� 4 O � 4 �Ä � andthecorrespondingtransformation
� O 	 Ä bd�t O 	 Ä ��� O 	 Ä � ,

theclosestgroup
4 é of

4 O in n is found.Theposition
V" � é of thepoint in theimage

n�� thatmatchesthepivot point " é of
4 é is estimatedas

V" � é b{ O 	 Ä ����� O 	 Ä �3�g" éEW�X,¥ �jÛ X �¥ (2.8)

Thesetof candidategroupsin n�� thatpotentiallymatchthegroup
4 é is then

® �+ b°£ 4 � ^ 4 �,+ F � V" � é �.-b � ¤��
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Figure2.6: Importanceof thegroup discriminancymeasure. Thetop imagesshowthe

matchesproduced(greensquares)after thepropagation processexplainednext section,

on thebasisof the initial groupmatch shownby whitesquares(theactual scalechange

is �h�@� , it hasbeensetas � to extract the points). Matchesare geometricallyconsistent,

althoughthey are all wrong: becauseof the repetitivepatterns,the initial group match

procedure hasbeenmislead. Thebottomimagesshowthe matchesproducedusingan

othergroupmatch seed:they are goodmatches.Thediscriminancymeasure for thefirst

groupmatch is /w�1�(� , whereasit is equalto /w�10�� for thesecondgroupmatch.

where
F � V" � é � is a squarewindow around

V" � é whosesize is definedto cope

with errorsin theestimationof thetransformation,and + denotestheintersection

of groupwith a region of the image: this intersectionis non-null if a point of a

grouplies within this region.

Note that when the densityof interestpoints in the image n is high, it can

occurthat thepivot " é of thecheckedclosestgroup
4 é is a point thatbelongsto4 O : if this point is a matchingpoint in � 4 O � 4 �Ä � , thereis only a singlegroupin n��

for whichmatcheswith
4 é will betried.
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Thegroupcandidatesarethenevaluatedandcompletedaccordingto thepro-

cedurepresentedin section2.3.2,with someslight differencesat thehypotheses

pruningstage:theprior knowledgeon scalechange ¥ is replacedby thecurrent

scalechangeestimate O 	 Ä , anda constrainton rotationchangeis added:^ � + 	 Å W � O 	 Ä ^ Ã Ò �
Thenumberof hypothesesto evaluateis of courseconsiderablyreducedwith

respectto thefirst matchgroupsearch.For thecasesin which two pointsbelong-

ing to a candidategroupshave alreadybeenmatchedin the � 4 O � 4 �Ä � , the group

matchhypothesesgenerationandpruningstepareskipped,as thesetwo points

directlyconstituteabestvectormatch.

Oncea new groupmatchis established,thepropagationprocessis re-iterated

with the correspondingtransformationestimate,until no moregroupmatchcan

beestablished.

2.4.2 Monitoring the propagation

Therearetwo problemsto considerduringpropagation:first, repetitivepatternsof

asizesimilar to thegroupsizecanleadto falsematches,althoughtheinitial group

matchhaspassedthe testsdescribedin section2.3.3. Second,the propagation

processcan fail whentherearebig depthdiscontinuitiesin the sceneand large

cameramotions.Thesetwo problemsarehandledby checkinga local consistency

measureandaglobal consistencymeasureduringthepropagationphase.

Local consistency Whensimilarobjectsin thesceneareperceivedin theimage,

theinitial groupmatchcanbeawrongone,evenif it hasahighmatchingstrength

anddiscriminancy. Thiswouldnothappenif wecouldmatchgroupscoveringre-

gionslargeenoughto exceedthesizeof therepeatedobjects,but in suchcasesthe

assumptionthata simplescaleandrotationchangetransformationapproximates

well theactualimagetransformationfor a groupwould bebroken(andsowould

beall thegroupmatchprocedurepresentedin section2.3).

The idea to detectwhensuchcasesoccur is to checkwhetherthe propaga-

tion processsucceedsor not aroundthe consideredgroup match,in a region a

few times bigger than the region coveredby the group. The local consistency
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<�>@? � 4 O � 4 �Ä � of a groupmatch � 4 O � 4 �Ä � is definedasthetheratio betweenthegroup

matchrepeatabilityandtherepeatabilitycomputedin theexpandedregion
A � 4 O �

thatsurroundsthegroup
4 O :

<�>�? � 4 O � 4 �Ä �'b �e� Û })� ^ £ N32 ¤ ^^ T O 	 Ä ^þ^ £z" 2 ¤ ^ � " 2 � N4265 A � 4 O �
where � Û } and

^ T O 	 Ä ^ arethe numberof interestpointsandmatchesin the

checked groupmatch, " 2 is total the numberof interestpoints in the expanded

region
A � 4 O � , and N42 is thetotal numberof matchedpointsin this region (these

lestnumbersincludethegrouppoints).

If thereis no otherpoint matchin
A � 4 O � thanthe groupmatches,i.e. if we

have
^ T O 	 Ä ^ b ^ £ N32 ¤ ^ , thelocal consistency is not satisfied.Hencetheminimum

valueof thelocal consistency is Ò('87 9Âb;: ¦=< -?>� @�A=BDC�� .
Figure2.7 illustratesanexamplewith a wronginitial groupmatchcausedby

thepresenceof severalsimilar objectsin theimages.

Global consistency. Thelocal consistency of groupmatchesis evaluatedin lo-

cally expandedregions: if theseregionsarenot large enoughto exceedthe size

of the repeatedpatternsof objects,somelocally consistentgroup matchcould

still bewrongmatches.In suchcases,aspropagationbasedmatchingproceeds,

no groupmatchconsistentwith the wrong matchesaregeneratedoutsideof the

region definedby the repeatedpattern. To assesssuchcases,the distribution of

thegeneratedmatchesduringpropagationis evaluatedwithin theestimatedglobal

overlapregionsof theimages:whenmatchesarenotregularlyestablishedin these

regions,theglobalconsistency is notsatisfied.Hence,completepropagationguar-

anteesglobalconsistency of generatedmatches,andincompletepropagationcan

bedetectedby thepartiality of thedistribution of matchesin theoverlappingre-

gions.

Thepropagationcompleteness(or globalconsistency) < 8 ? is definedas:

< 8 ? b ^ ACB ^^ AED ^
where

^ ACB ^
is the sizeof the local region of the image n which enclosesthe

generatedpointmatchessofar, and
^ AED ^

thesizeof theregionof theimagen that

overlapswith the image n�� . But this definition makesonly senseif the interest
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Figure2.7: Introductionof the local consistencymeasure. On the top two images,the

blue points are the onesthat belongto two groups. The onesthat are surroundedby

a greensquare havebeenmatched: the “car 1” group is badly matched, althoughit

passedall theconfirmationtestsof section2.3.3. Thebottomimagesshowthepixelsof

theexpandedregionsin blue: no more additionalmatcheshavebeendeterminedaround

the“car 1” group, its local consistencymeasure is equalto /w�@�z� , theminimumpossible

valuefor this region. In contrast, the local consistencymeasure for the“car 2” is equal

to /w�@�z� .
pointsareregularly distributedin the images,which is seldomthecase.Indeed,

if most of the points are concentratedwithin
ACB

, the global consistency value

would very low even if all thematchesareconsistent.Therefore,thenumberof

interestpointsis usedto definethesizeof theregions,andtheglobalconsistency

is re-writtenas:

< 8 ? b ^ £z" B ¤ ^^ £z" D ¤ ^ (2.9)

where £z" B ¤ b°£z" ^ " 5 ACB ¤ is thesetof interestpointswithin
ACB

, and £z" D ¤ is

thenumberof interestpointsthebelongto theregionof theimagen thatoverlaps
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with the image nw� : £z" D ¤9b £z" ^�V" � 5 n�� ¤ , in which
V" � is the locationof thepoint

correspondingto " in nw� , estimatedby theequation(2.8)usingthetransformation

of theclosestmatchedgroupto " .

Themaximumvalueof < 8 ? is }w� � whentherepeatabilityof theinterestpoints

in theoverlappingregionsis } �w�FE . Assumingthatarepeatabilityhigherthan ¨ �FE
within theoverlappingregionsis sufficient to generategoodmatches[Schmid97,

Jung01], andtaking into accounttheerrorsin theestimationof theoverlapping

regions,thethresholdontheglobalconsistency Ò('*G 9 is empiricallysetto
� �IH . Even

thoughthis thresholdis not high, it is sufficient to distinguishpartialdistribution

of matchesin theoverlappingregionsof theimages.

However, the presenceof depthdiscontinuitiesin the scenecandisturb the

propagationprocess: occlusionsinducedby viewpoint changescan focus the

searchin wrongareas,andthereforebreakthegenerationof new groupmatches,

andthe propagationbecomesincomplete. In suchcases,if a new groupmatch

canbe determinedwithout focusingthe matchsearch(asin section2.3), andif

thecorrespondingtransformationassociatedto this new matchis consistentwith

the meantransformationassociatedto the alreadygeneratedmatches,the prop-

agationbasedmatchingprocedureis continuedwith the (slightly different)new

transformation.

An exampleof anincompletepropagationcausedby abig discontinuityin the

sceneis shown figure 2.8. The white squaresrepresentmatchesestablishedso

far, thebluecrossesindicatetheinterestpointsin thelocal region in whichgroup

matchesaregenerated,andthewhiteonesareall theinterestpointsthatbelongto

theoverlappingregionof thetwo images.Theglobalconsistency < 8 ? is hereequal

to
� � Ù ¢ : thepropagationprocessis stopped,new groupmatchesaresearchedfor

amongthewhitepoints.

Figure2.9showsall thematchesestablishedonceanew reliablegroupmatch

hasbeendeterminedandanew propagationprocessbaseduponits corresponding

transformationhasbeenachieved: thecompletenessof thepropagation< 8 ? is now

equalto
� �Ø¨"J , all thematchesaredeclaredconsistent.
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Figure2.8: Incompletepropagation in thepresenceof a big discontinuityof scene. The

yellowsquare in theright image indicatestheestimatedlocationof theyellowsquare in

theleft image, on thebasisof thematchesestablishedsofar.

Figure2.9: Matchesestablishedafter a new group match hasbeendetermined,and a

new propagationprocedure achieved.

2.4.3 Non-groupedinterestpoint matching

As noticedin section2.3,somepointsarenotassociatedto groupsafterthegroup-

ing procedure,mainly nearthe imageborders.Henceno matchescanbe estab-

lishedfor a groupin theimage n that is projectedneartheborderin theimage nw�
for instance.To avoid this, oncethepropagationprocedureis achieved,matches

are searchedfor the set of non groupedpoints of the image n . For eachnon

groupedpoint "LK , thesetof candidatematchesM ? in theimagen�� is definedasN ? b°£z" ^ " 5 F � V" � K ��¤
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where
V" � K is theestimatedpositionof "OK in n�� , estimatedwith theimagetrans-

formationassociatedto the closestgroupmatchof "OK accordingto the equation

(2.8),andwhere
F � V" � K � is asearchwindow centring

V" � K .
Thepointscomprisedin

N ? areevaluatedaccordingto thehypothesispruning

processpresentedin section2.3.2: teston thesimilarity measureof theprincipal

curvatures,andbestmatchhypothesisselectionaccordingto the steeredderiva-

tives.Thethresholdon theZNCCcoefficient is thencheckedfor thebesthypoth-

esis.Figure2.10shows theadditionalmatchesprovidedby this lastpropagation

procedure.

Figure2.10: Non-groupedinterestpoint matching. Theblue crossesare all the points

aroundwhich a grouphasbeendefined(pivot points),theredonesare theothers (either

non groupedpoints, or points around which no group has beenfound). �(�P/ matches

havebeenestablishedin the upper images. After the non-groupedpoint matching, �Q/
additionalmatcheshavebeenfound- lower images,neartheborders.
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2.5 Results

Thealgorithmhasbeentestedwith hundredsof imagepairsof various3D scenes,

taken from hand-heldcameras,variousgroundrobotsand a robotizedairship,

from positionsthat yield variouscomplex imagetransformations.This section

presentssomeresultson illustrativeexamples.

2.5.1 Summary of the wholealgorithm

Sections2.2 to 2.4 presentedthe variousprocessesand testsinvolved to yield

robustmatches:theproceduredescribedbelow presentsthesequencealongwhich

they aretriggered.

1. Interestpoint computationfor n and nw�
2. Interestpoint grouping:generationof

®
and

® �® ¥SR ®® � ¥ R ® �
3. Firstgroupmatchgeneration

while (no groupMatch) and
® ¥ -bUT doY randomlyselectagroup
4 O in

® ¥Y while (no groupMatch) and
® � ¥ -bVT do

– randomlyselectagroup
4 � Ä in

® � ¥
– Generatevectormatchhypotheses,pruneandselectthebestone

– if �×� 4 O � 4 � Ä � confirmed)groupMatch R � 4 O � 4 � Ä �
elseremove

4 � Ä from
® � ¥Y if (no groupMatch) remove
4 O from

® ¥
if (no groupMatch) end (nomatchesfound)

elseremove
4 O from

®
; remove

4 �Ä from
® � ; proceedto 4

4. Localconsistency check

if ( <�>@? Ã Ò(' 7 9 � discardgroupmatch � 4 O � 4 � Ä � ; goto 3

elseproceedto 5
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5. Propagation

6. Globalconsistency check

if ( < 8 ? Ã Ò('*G 9 ) goto 3

if (new groupmatchconsistent)goto 5

elsediscardall matches; goto 3

elseproceedto 7

7. Nongroupedpointmatching

The time performanceof thealgorithmmostlydependson the time to estab-

lish aninitial reliablegroupmatch.Thepropagationprocedureis thenof course

much fasterto establishmatches,its time being proportionalto the numberof

actualmatchesin the image. Of course,time performancecanbe dramatically

enhancedif an initial estimateof the imagetransformationis available (on the

baseon aninformationon thecameramotionfor instance).Thetime to establish

a first reliablegroupmatchis indeedgreatly reducedfor two reasons:only the

groupspositionedin thefirst imageso that they arein theoverlappingregion in

thesecondimagearecheckedfor, andonly a few groupmatchhypotheseson the

secondimagehave to bechecked.

2.5.2 Algorithm quality assessment

To definethe effectivenessof the algorithm, i.e. to assesthe numberof outliers

(wrongmatches),two evaluationmethodsareused:

Y For planarscenes,a homographyW is determinedthanksto a non-linear

constrainedleastsquaremethodappliedon thematchedinterestpointsco-

ordinates.Thedistancebetweenapoint � andits match X is definedby

ÚFYË� Z � Þ �pb À X W &� À
(2.10)

where &� bZWP��� � .Y For non-planarscenes,resultsare evaluatedby the distancebetweenthe

epipolarline of a point andits matchingpoint. The fundamentalmatrix [
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thatdefinestheepipolarlinesis estimatedby a leastmediansquaremethod

[Zhang95]. Thedistanceis thendefinedasfollows:

ÚF\Æ� Z � Þ �pb }
Ù �
À Z W &Z À Û À Þ W &Þ À � (2.11)

where &�Â� &X aretheclosestpointson theepipolarlines respectively defined

by � and X ( &X([]� b �
and &�^[ � X b �

).

The distanceover which a matchis declaredasan outlier is threetimesthe

averagedistancecomputedfor all thematches,andmustnever exceed }w�Ø¨ pixel.

This latter constantthresholdis not consideredfor planarscenes,to take into

accountthe fact that the perceived scenesarenot exactly planar. Note that the

algorithmis appliedon raw images,for which thecameradistortionhasnot been

corrected:the distortion is correctedbeforecomputingthe homographyor the

fundamentalmatrix to assesstheoutliers.

2.5.3 Thr esholdsand parameters

Thewholealgorithminvolvesseveral thresholdsandparameters,thathave been

empirically determined.The valuesto which we convergedaresummarisedin

table2.1: for all the resultspresentedhere(andduring theSLAM experiments),

thesethresholdsarenotmodified.

Notethatthethresholdon thematchingstrengthduringpropagationis setto a

lowervaluethanduringthesearchfor afirst groupmatch:for theestablishmentof

areliablefirst groupmatch(theseedof thealgorithm),its valueis setto ª��_J , which

meansat least ¨ �FE of interestpoint repeatabilityanda minimumvalueof
� �`J for

thecorrelationscore.But duringpropagation,mostof thewronghypothesesand

candidatesbeingeliminatedthanksto the searchfocus,groupmatcheshaving a

lower matchingstrengthareconsideredasgood matches:a valueof Ù ��~ make

possiblethegenerationof matcheseven if thepoint repeatabilityis only ªwª E ( Ù
matchesoutof ~ membersof group).

2.5.4 Various illustrati ve results

In all the following figures,interestpointsarerepresentedby bluecrosseswhen

they arethepivot of agroup,in redcrossesotherwise.Goodmatchesaredenoted
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Thresholdonpoint similarity, a +.- and a +(2 /w�@�
Thresholdon scalechange,b � /w�@�

Thresholdon rotationchange,b � �P/=c
Thresholdon ZNCC, b � /w�@�

Thresholdon matchingstrengthfor � � [ matchsearch,b � : 8 > �h�ed
Thresholdonmatchingstrengthin propagationbasedmatching,b � : +f> �h�@�

Thresholdon discriminancy, b ' ) /w�@�z�
Thresholdon local consistency, b '87 9 /w�@�z�

Thresholdon completenessof propagation(globalconsistency), b '*G 9 /w�10
Sizeof correlationwindow for ZNCC �hg½�

Sizeof searchingwindow in propagationbasedmatching �w�ig½�w�
Table2.1: Empirical settingof thresholdsandparameters for robustmatching.

by greensquares,andthe matchesassessedaswrong onesby red squares.The

matchingtime is measuredonaSunUltraSparc10worstation.

Matching with small image transformations Figure2.11 shows a matching

resultbetweentwo consecutive aerial imagestaken by an airship. The altitude

of the camerabeingmuchbigger than the depthvariationsof the scene,which

is rather flat, the wrong matchesare estimatedusing the homography(equa-

tion 2.10). In this case,thedetected“wrong matches”arenot alwaysactualout-

liers,but rathermatchesthatinvolvespointsdetectedwith apooraccuracy, ascan

beseenonthefigure: indeed,themeandistanceof rejectedmatchescomputedby

theequation(2.10)is only Ù �Ø~h~ pixels.

Figure2.12shows the proportionof inliers found for a sequenceof 64 con-

secutive imagesof thesamescene,andthedistancevaluesÚFY of thematchesthat

have beenconsideredasoutliers. Again, in all thesecases,mostof thedetected

“wrong matches”are not always actualoutliers: their averagedistanceis Ù � ¨jH
pixel.

Matching with compleximagetransformations A resultwith significantvari-

ationson the illumination conditionsandwith large cameramotion is shown in

figure2.13.Thesolewrongmatchdetectedis notanactualmiss-match:themean
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Figure2.11:Generatedmatchesbetweena pair of consecutiveaerial images(size�z�k0g�w�(� ), with slightchangeof translationandrotation: 4 wrongmatchesoutof 342matches,

matching timeis 450lnm
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Figure2.12:Percentageof inliersmatchesfor the63run of thealgorithm,anddistances

of thepointsthathavebeenconsideredasoutliers.

of thedistancesdefinedby equation(2.11)is here oqp`rjs pixel, andthedistanceof

thediscardedmatchis otp_uvs : it is ratheranerrordueapooraccuracy of theinterest

point location.

Figure2.14presentsthematchingresultsfor a two non-consecutiveaerialim-

agestakenfrom thesequencein figure2.12.

A matchingresulton two sFuvo.wnxvsFo indoorimagesis shown in figure2.15:no

matcheshavebeenestablishedonthepeoplewhomovedbetweentheacquisitions.

Thealgorithmhasbeenappliedon theoriginal distortedimages,andthebottom

imagesshow the epipolarlines definedby the fundamentalmatrix computedon
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Figure2.13:Matching resultfor a y{z=|~}h|=�=� of an imagepair, with significantillumina-

tion change, translationandsmall rotation. Only onewrongmatch is detectedout of 30

matchesandmatching time, �P�=lnm .

Figure2.14: Matching result for two �=�k��}��"y{| aerial images, with a big viewpoint

change. 2 wrongmatchesare detectedoutof 42matches- thematching timeis �k���=lnm .
thedistortion-correctedimages.

Figure2.16showsanexamplein whichalargepanoramicrotationof thecam-

eramakestheoverlappingregionof thetwo imagesreally small.

Matching with significant scalechanges In caseof scalechangesgreaterthan� p`� , matchingis performedwith the scaleadaptive interestpoint detector, with

an a priori estimateof the scalechange.However, for the following examples,

9 differentscaleshave beenchecked ( �"� � p_�"�"�{r"�"�PpkpPpf�Q�"� with ��� �
): eachtrial

scalechangeis usedastheinitial scalechangeestimate.
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Figure2.15:Matchingwith viewpointchangeandmovingelementsin thescene. 4 wrong

matchesout of 204matchesare detectedby evaluatingwith thedistancecomputedusing

epipolarlines- thematching timeis y����=lnm .

Figure2.16:Matching with a verysmalloverlappingregion causedby a big panoramic

rotationof thecamera.
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Figure2.17presentsthematchesfoundfor two �vuvs�w�� � r imagesof aparking

lot. Whenapplyingthe9 differentscales,matchesaregeneratedonly for the
� p_�

scalechangeestimate,andnota singlematchhasbeengeneratedfor all theother

scales.

Figure2.17: Matching with a small scalechange and viewpoint change. Onewrong

match is detectedoutof 21 matches,with an initial guesson thescaleequalto yP�I� .
Figure2.6 of section2.3.3showeda reliablegroupmatchsatisfyingthedis-

criminancy constraint.Figure2.18shows thematchingresulton theseimagesaf-

ter thewholepropagation,with aninitial scalechangeestimateof r (no matches

havebeenfoundfor all theotherscalechangetrials).

Figure2.18:Matchingwith scalechange: onlyonewrongmatch outof 123matches,the

matching timeis �"yQ�=lnm .
Theimagesof figure2.19have beenusedastestimagesin [Dufournaud00],
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to evaluateamatchingalgorithmbasedon localgrayvalueinvariants.Our match-

ing resultsaresimilar to theresultspresentedin [Dufournaud00], but only good

matcheshave beengeneratedwith the two initial scalechangesestimates� and�qp`� , no outlier removal is necessary. Again, no matcheshave beenfound for all

theothertestedinitial scalechanges.

Figure2.19: Matching resultat differentscales( y{�=|�}�|=�P� images).Theupperimages

showthe resultwith an initial scaleestimateequal to � , and the lowers with an initial

estimateequalto �v�I� . No wrongmatch are detectedin bothcases,thematching timesis|P�=lnm .
Finally, figure2.20showstheresultwith twoaerial �"uvs�w.� � r images:matches

wereonly foundfor a scaleestimateequalto � . All theseresultswith significant

scalechangeprove thatanaccuracy of oqp_� unity on thescalechangeis sufficient.
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Figure2.20:Matchingwith rotationandscalechange. Onewrongmatch is detectedout

of 32 matches,thematching timeis y=yQ�=lnm .
2.5.5 Matching accuracyestimation

Outlierscanberejectedthewaywedetectedthemin thepreviousresults,of thanks

to algorithmssuchasrobust fundamentalmatrix estimationbasedon RANdom

SAmpleConsensus(RANSAC). For the remaininginliers, the estimationof the

spatialprecisionof the matchesis essentialin variousapplications,suchas3D

scenereconstructionfor instance.

Quantitativemeasuresof thematchesspatialuncertaintyareestimatedby fit-

ting a Gaussiandistribution to thecorrelationsurfacecomputedin a searcharea

surroundingthe matchedpoints. Sincethe interestpoint locationerror is very

small, i.e. in generalsub-pixellic without significantscalechange[Schmid98],

the consideredareaaroundthe points is also small ( ��w�� pixels). The values

of the pixels in the correlationwindow surroundingthe point in the image �"� is

computedwith the transformationassociatedto the correspondinggroupmatch

transformation,usingabilinearinterpolation,aspresentedin section2.3.3.

As in [Singh92] and[Nickels02],wedefinetheresponsedistribution �Z���^�����
on thepixelsof thewindow surroundingamatchedpointby :�Z���^�������¡ ,¢D£f¤¦¥§¢D¨�¤e©=ª «�¬

where ����^����� is thescoreof ZNCC,and ® is anormalisationfactorchosenso

that ¯
©=ª «Q°�± �Z���^�����³² �
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Is it clearthata pixel within ´ thatyieldsa low responseis lesslikely to be

a goodmatchthana pixel that yields a high response:the responsedistribution

canthereforebe interpretedasa probability distribution on the true matchloca-

tion. Underthe assumptionsof additive, zeromeanandindependenterrors,the

covariancematrix µh¶ on thelocationof thematchedpoint in �"� is givenby

µ·¶¸�º¹» ¼�½©�¾ ¼ ©�¾�«§¾¼ ©�¾�«§¾ ¼�½«§¾
¿À

(2.12)

¼ ½© ¾ �
¯
©=ª «Q°�±�Á ���^����������Â4�Ã¶Ä� ½¯

©�ª «Q°=± Á ���^�����
¼ ½« ¾ �

¯
©=ª «Q°=±�Á ���Å���Æ�{���·ÂÇ�j¶Ä� ½¯

©=ª «Q°�± Á ���^�����
¼ © ¾ « ¾ �

¯
©=ª «Q°�± Á ���^����������ÂÇ�Æ¶S�����ÈÂÇ��¶Ä�¯

©=ª «Q°�± Á ���^�����
where �Æ¶i����¶ are the coordinatesof the matchedpoint. The diagonalele-

mentsof (2.12)representsthenormalisedvariancein theverticalandhorizontal

directionsandtheoff-diagonalelementsarethenormalisedcovariances.

Thedistributionof theestimatedprecisionof thematchesfor four imagepairs

shown abovearepresentedin figure2.21,andtable2.2comparesthemeanerrors

computedover all thematchesfor thesamefour imagepairs: it appearsthat the

smallerthetransformationbetweenthematchedimagesis, thebettertheprecision

is. Thefiguresindeedshow thattheestimated¼ © � ¼ « of thematchesfoundin figure

2.11aresmallerthanthoseof figure2.10: with small viewpoint changes,a high

repeatabilityof theinterestpointsis ensured,andtheirpositionis morestablethan

with biggerviewpointchanges.

Whenthereis a significantscalechangebetweentheimagesto match,thelo-

cationerrorsof matchesareestimatedin thehigh resolutionimage:thematching

precisionis thereforedegraded,becauseapixel in thelow resolutionimageis split

into severalpixelsin thehighresolutionimage.Thus,thelocationerrorof interest

pointsis proportionalto thescalechange.
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Figure2.11 Figure2.10 Figure2.18 Figure2.20

Figure2.21: Precisionestimation:distributionsof É © (top histograms)and É « (bottom

histograms)for the set of matchesgenerated by four image pairs shownabove (figure

referenceson thebottomline).

Matchesof fig. 2.11 2.10 2.18 2.20

Scalechange 1.0 1.0 2.0 3.0¼ © (pixels) 0.51 0.67 0.84 1.50¼ « (pixels) 0.51 0.65 0.90 1.48

Table2.2: Comparisonof thevertical andhorizontalmeanlocationerror for thesetof

matchesgeneratedby four image pairs
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Chapter 3

SimultaneousLocalisation And

Mapping with stereovision

3.1 Intr oduction

To tackletheSLAM problemin real3D environments,thefirst prerequisiteis the

ability to make relativeobservationsin 3D: 3D coordinatesof landmarks,andthe

6 parametersof ego-motion. The secondprerequisiteis the ability to determine

stable3D landmarks,andthethird is to guaranteerobustdataassociation.

Theapproachweproposehereexclusively usesthecalibratedbinocularstereo

bench,is applicablein 3D environmentswith 3Drobotmotions,andsatisfiesthese

threeprerequisites,evenwithoutany additionalpositioningsensor:

Ê Rangeto 3D points: givenastereoframetakenby thepre-calibratedstereo

bench,the interestpointsare detectedon salient3D objectsin the scene

projectedontotheimageframe,andtheir 3D coordinatesarecomputedby

stereovision.Ê Ego-motion: oncethe interestpointsaredetectedin a stereoframe,only

someof themareselectedaslandmarks,the remainingpointsareusedto

estimatetheego-motionof therobot.As shown in theliterature[Mallet 00,

Olson01], stereovision-basedego-motionestimationis in generalmoreac-

curatethandead-reckoning.

61



62 CHAPTER3. SLAM WITH STEREOVISIONÊ Stable3D landmarks: Thenumberof detectedinterestpointsdependson

boththedetectionthresholdandtheimagetexture:evenin aweaktextured

image,a high numberof interestpointscanbedetectedwith a low thresh-

old. Hence,a desirednumberof interestpointsper imageis empirically

pre-fixed,andtheinterestpointsdetectionprocessautomaticallyadjuststhe

detectionthresholdaccordingto the desirednumber. As a result,enough

landmarksarealwaysdetected,independentlyfrom theperceivedscene.Ê Robust data association:Theinterestpoint matchingalgorithmpresented

in thepreviouschapteris usedto matchthecurrentdetectedpointswith the

landmarksthathavealreadybeenmapped.Sincethematchingalgorithmis

effectivewith no prior knowledgeon imagetransformation(excepta rough

scalechangeestimate),theobservedpointarecorrectlymatchedto existing

landmarkswithout using the currentestimatedrobot pose. Moreover, we

will introducea supplementaryoutlier removal techniqueto ensurethatno

wrongassociationscanoccur.

3.1.1 Principle of the approach

The variousalgorithmicstagesachieved every time a stereovision imagepair is

acquiredaredepictedin figure3.1:

1. Stereovision: the3D coordinateof interestpointsis providedby stereovi-

sion, alongwith an estimateof the covarianceson the coordinatesof the

computed3D interestpoints.

2. Interestpointsdetectionandmatching: interestpointsaredetectedin one

of theacquiredimagesandarematchedwith theinterestpointsdetectedin

thepreviousstep.If therobotis within analreadymappedarea,thecurrent

interestpointsarealsomatchedwith the imagein which landmarkshave

initially beenmapped.

3. Landmarkselection:asetof selectioncriteriaareappliedto thematchedin-

terestpoints,in orderto partitionthemin threesets:anobserved-landmark

set, a non-landmarkset, and a candidate-landmarksset. The observed-

landmarksarethedetectedpointsthatmatchesalreadymappedlandmarks,
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non-landmarkspointswill solely be usedto estimatethe elementarymo-

tion betweenthe currentand the previous step,and candidate-landmarks

arepointsthatmaybeaddedto the thefilter state,if they passthroughthe

selectioncriteriaduringthenext steps.

4. Visualmotionestimation(VME): theinterestpointsretainedas”non-landmarks”

areusedto estimatethe6 motionparametersbetweenthepreviousandcur-

rent steps,usinga least-squareminimisation. The associatedcovariances

arealsoestimated,by propagatingstereoandmatchingerrors.

5. Positionrefinement:this is theupdateof theKalmanfilter state.

Figure3.1: Functionalarchitecture of our approach to theSLAMproblemon thesolebasisof

stereovision

Thereis an importantpoint to mentionhere: indeed,the stereovision bench

beingtheonly sensorusedin ourapproach,its datais usedbothfor theprediction

stage(visual motion estimation)and the observation stageof the Kalmanfilter
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(reperceptionof mappedlandmarks).The predictionandobservation arethere-

fore not fully independent,which violatesa necessaryconditionfor the filter to

bevalid. However, in theabsenceof calibrationerrorsof thestereovision bench,

applyingthepredictionandtheobservationstageson two separatesetsof points

doesnot induceany correlation(which is clearif oneconsidersthat thepointsto

estimatethe ego-motionandthe landmarkpointsareperceived by two different

stereovisionbenches):this is why theinterestpointsareseparatedin differentsets

during the landmarkselection. Still, the assumptionthat thereis no calibration

error is of coursenever satisfied,andtheerrorsof thepredictionandobservation

stagesarethereforecorrelated.But notethatthis phenomenonoccursfor mostof

theexisting SLAM solutions,in which two differentsensorsareusedfor thepre-

diction andobservationstages,becausetheconstant3D transformationbetween

thetwo sensorsmountedon therobotis neverperfectlyknown.

3.1.2 Outline of the chapter

Thischapterorganisedasfollows :Ê Thenext sectionpresentstheExtendedKalmanFilter formalism,andspec-

ify how we useit to developa solutionto theSLAM problemwith stereo-

visiononly. In particular, theerrorsto identify areexhibited.Ê Section3.3presentsthestereovisionalgorithm,which providestherelative

observationsto landmarks.Ê Section3.4 presentsthevisualmotionestimationalgorithm,which consti-

tutesthepredictionstageof theKalmanfilter.Ê Section3.5 depictsthe strategy usedto selectthe landmarksamongthe

numerousinterestpointsdetected.Ê Section3.6presentshow theinterestpointmatchingalgorithmpresentedin

the previous chapteris usedto tackle the dataassociationproblemin our

context.

Finally asmallsummaryconcludesthechapter.
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3.2 Kalman Filter Setup

3.2.1 ExtendedKalman filter

The EKF is an extensionof the standardlinear Kalmanfilter, that linearisesthe

nonlinearpredictionandobservationmodelsaroundthepredictedstate.A general

discretenonlinearsystemis modelledasË �?®hÌ � ���ZÍÎ� Ë �?®Ã�������?®hÌ � �%��ÌÐÏ³�?®ÑÌ � � (3.1)

where�³��®Ã� is acontrolinput, Ï is avectorof temporallyuncorrelatedprocess

noisewith zeromeanandcovarianceµhÒD�?®Æ� .
Thenonlinearobservationmodelof thesystemis modelledas

Æ��®ÈÌ � �³�UÓÔ� Ë �?®·Ì � ����ÌÐÕÖ�?®ÑÌ � � (3.2)

where × mapsthestatespaceinto theobservationspace,and Õ is a vectorof

temporallyuncorrelatedobservationerrorswith zeromeanandcovarianceµhØ³�?®Ã� .
In theKalmanfilter framework, thestateestimationencompassesthreestages:

prediction,observationandupdateof thestateandcovarianceestimates.

Prediction. Thestateandobservationsarepredictedusing(3.1) and(3.2),and

thestatecovarianceis obtainedthroughthelinearisationof (3.1):ÙË ��®·Ì ��Ú ®Æ�Û�ÜÍÎ� ÙË ��®Ã�Q������®·Ì � ��� (3.3)

ÙÆ��®ÈÌ �ÝÚ ®Ã���UÓ~� ÙË �?®hÌ �nÚ ®Ã�%� (3.4)

µ�Þß ��®hÌ �nÚ ®Ã���Uà�Í?µáÞß ��®Ã�8ànÍfâ�Ì¸µ·ÒÎ�?®hÌ � � (3.5)

Observation. ThetruestateË �?®~Ì � � is observed,yieldingtheinnovation ãL��®~Ì� � , thecorrespondingcovariancebeingobtainedby linearising(3.2):

ãL�?®hÌ � �Û�ZÆ�?®·Ì � �ÅÂ ÙÆ�?®hÌ �nÚ ®Ã� (3.6)
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ä ��®ÈÌ � �³�Và�Ó^µ�Þß �?®·Ì �ÝÚ ®Ã�*à�ÓLâ�Ì¸µ·Ø³�?®hÌ � � (3.7)

Update. The updatestagefusesthe predictionandthe observation to produce

andestimateof thestateandits associatedcovariance,accordingto thefollowing

formulas: ÙË �?®hÌ �nÚ ®·Ì � �³� ÙË �?®hÌ �nÚ ®Ã��ÌÐåæ�?®hÌ � �8ãL��®hÌ � � (3.8)

µ�Þß ��®·Ì �ÝÚ ®hÌ � �³�¡µ�Þß �?®hÌ ��Ú ®Ã�ÅÂ¸å4�?®hÌ � � ä �?®hÌ � �§å â ��®ÈÌ � � (3.9)

in which å4�?®hÌ � ���¡µ�Þß ��®ÈÌ ��Ú ®Æ�8à�Ó â ä ¢Æ¥ �?®hÌ � � is theKalmanfilter gain

matrix.

3.2.2 Filter setupfor SLAM with stereovision

In ourapproach,thestateof thefilter is composedof the6 positioningparametersçÆè �êéIëÅ��ìt��íi��î ß �%î§ïv��î ¨%ð of thestereovision bench(or therobot- thenotationsare

the sameas in the first part of the paper)andof a setof ñ interestpoints 3D

coordinatesò3ó��ôé Ë óõ��öjóõ�Qkó ð , oÝ÷�øùÜñ :ç �?®Æ�³�ôé ç�è �Qò ¥(ú=ú=ú ò4û ð (3.10)

Theassociatedstatecovariancehasthefollowing form:

µ]�?®Ã�³�ýüþ µ è*è �?®Ã� µ è ¶ÿ�?®Ã�µ è ¶ â �?®Ã� µh¶�¶��?®Ã� ��
whereµ è*è representstherobotposecovariance,µ·¶Å¶ thelandmarkcovariance

and µ è ¶ thecross-covariancebetweentherobotposeandlandmarkestimates.

Prediction. Underthe assumptionthat landmarksarestationary, the statepre-

diction is: Ùç �?®hÌ ��Ú ®Ã���ÜÍÎ�?®·Ì � �{� Ùç ��®Ã�Q���~��®·Ì � ��� (3.11)
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where �Ô�?®ÈÌ � �Ô� ����ë^���nìt���Ýíi���Öî ß ���Öî§ï,���Ýî ¨ � is thevisualmotionestima-

tion resultbetween® and ®ÅÌ � positions.Thepredictedstatecovariance(equation

3.5) is writtenas:

µ è*è �?®hÌ �ÝÚ ®Ã� � à è ÍÎ�?®·Ì � �§µ è8è �?®Ã�*à è Ífâ³��®hÌ � ��Ìà © ÍÎ�?®·Ì � �	� © ��®Ã�8à © Í â �?®hÌ � ��ÌÐµhÒD�?®hÌ � � (3.12)

µ è ¶ÿ�?®·Ì �ÝÚ ®Ã���Và è ÍÎ��®ÈÌ � �§µ è ¶ÿ�?®Ã� (3.13)

µh¶Å¶���®ÈÌ �ÝÚ ®Ã���¡µ·¶Å¶.�?®Ã� (3.14)

where � © representstheerror covarianceof thevisualmotionestimationre-

sult. Notethatthecovarianceof landmarksis not changedin thepredictionstage.

Observation. Whenobservingthe ø th landmark,theobservationmodelandthe

Jacobianof theobservationfunctionarewrittenas:Ù
 ó§�?®hÌ �nÚ ®Ã���¡ÓOó8�?®hÌ � ��� Ùç �?®hÌ �ÝÚ ®Ã�%� (3.15)

à�ÓOó8��®Ã�³�ôéIà è ÓOó*�?®Æ�Q�Qo ú=ú=ú oq�{àn¶���ÓOó8�?®Ã���Qo ú=ú=ú o ð (3.16)

where ÓOó*��®ÝÌ � ��� Ùç �?®ÖÌ ��Ú ®Ã��� is a functionof thepredictedrobotstateand

the ø th landmarkin the statevectorof the filter: it can then be also written asÓOó*��®�Ì � �{� ÙçÆè �?®�Ì �UÚ ®Ã��� Ùò3óõ�?®�Ì �¡Ú ®Æ��� . The innovation and the associated

covarianceis writtenas:

 ó§�?®hÌ � �³� 
 ó*�?®hÌ � �ÅÂ Ù
 ó*��®·Ì �ÝÚ ®Æ� (3.17)

ä ó*�?®hÌ � ���Uà�ÓOó8��®·Ì � �§µ]�?®ÑÌ ��Ú ®Æ�8à�ÓOó â ��®·Ì � ��Ì���ó*�?®hÌ � � (3.18)

where ��ó representstheerror covarianceof ø th landmarkobservation.
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Update. The updatestageof the stateand associatedcovarianceestimatesis

madethroughthe applicationsof equations(3.8) and (3.9), in which the gain

matrix å , innovation  andassociatedcovariance
ä

arerespectively replacedbyåáó ,  ó and
ä ó .

If no observation are made(i.e. if no alreadymappedlandmarksare re-

perceived), theobservation andupdatestagesarenot activated: the stateandits

covariancearejust updatedby thepredictionstage.

Whendetectinga new landmark,it is addedto the statevectorof the filter,

thatbecomes
Ùç ��®Ã�³�ôé ÙçÆè �?®Ã��� Ùò ¥ �?®Ã� ú=ú=ú Ùòæûi�?®Ã��� Ùòæû�� ¥ �?®Ã� ð (its sizeincreasedof 3

units).Thelandmarkinitialisationmodelis:Ùòæû�� ¥ �?®Ã�����Û�?®Æ��� Ùç�è �?®Ã��� 
�� ���,��®Ã��� (3.19)

µ ��®Ã�³� ü��þ µ è*è ��®Ã� µ è ¶.�?®Æ� �?à è �Û�?®Æ�§µ è8è �?®Ã�%� âµ è ¶ â ��®Ã� µh¶Å¶���®Ã� ��à è ���?®Ã�õµ è ¶.�?®Æ��� âà è ���?®Ã�õµ è*è ��®Ã� à è ���?®Ã�õµ è ¶ÿ�?®Æ� µh�_¶Å¶��?®Ã�
�����

(3.20)

µ � ¶Å¶Ñ��®Ã�³�Và è �Û�?®Æ�§µ è8è �?®Ã�*à è � â �?®Ã��Ì à ¨ ���?®Ã���]¶.�?®Ã�*à ¨ � â �?®Ã�
where 
�� ���v�?®Ã� denotesthenew landmark,µ � ¶Å¶��?®Ã� is theassociatedcovari-

anceof 
�� ���v�?®Ã� , ���?®Ã� representstheinitialisationfunctionusingthecurrentrobot

poseestimateand �]¶ is theerror covarianceof thenew landmark.

Err ors to identify

To implementtheKalmanfilter in ourcontext, thefollowing errorsmusttherefore

beestimated:Ê thelandmarkinitialisationerror(covariancematrix �]¶ ),Ê thelandmarkobservationerror(covariancematrix �]ó for theobservedland-

mark ø ),Ê andtheerrorof the input control � , which is thevisual motionestimation

result(covariancematrix � © ).
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It is importantto obtainaprecisedeterminationof theseerrors,asit will avoid

theempirical”filter tuning” step.

Finally, note that in our approach,the lumpedprocessnoise Ï is set to o ,
landmarksbeingstationaryandtherobotposepredictionbeingdirectlycomputed

with thecurrentposeandtheego-motionestimation.

3.3 Landmark relativemeasurements:stereovision

The 3D relative positionsof the landmarks(interestpoints)with respectto the

robotaredeterminedbystereovision. Dependingontheapplicationcontext, dense

stereovision might berequiredduring thenavigation(e.g. to detecttheobstacles

or to build a digital elevation map): in sucha case,the interestpoints3D posi-

tionsarerecoveredin the3D point imageproduced.If densestereovision is not

required,thenstereovision needsonly to be performedon the detectedinterest

points(sparsestereovision).

Whena new landmarkis detected,thecovariancematrix �]¶ on its stateco-

ordinatesis totally definedby thestereovision error. Onceidentified,a new land-

markis addedin thefilter statevectoraccordingequation(3.19),andits uncertain-

ties arepropagatedinto the stateestimatecovariancematrix accordingequation

(3.20).

3.3.1 Densestereovision

Principle of the algorithm. We usea classicalpixel-basedstereovision algo-

rithm now widely usedin robotics,that relieson anoff-line calibratedbinocular

stereovisionbench.Thevariousstagesof thealgorithmarethefollowing:

1. Theimagesarefirst warped(rectified)sothatepipolarlinesarehorizontal,

whichallowsadramaticoptimisationto computesimilarity scoresbetween

thepixels[Faugeras93].

2. Thedisparitiesbetweenmatchingpixelsareestimatedfrom thewarpedim-

agepair thanksto a correlation-basedpixel matchingalgorithm. We use

eithertheZNCC criteriaor theCensusmatchingcriteria [Zabih94]. Once
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matchesaregeneratedusing the correlationcriteria, falsematchesarere-

movedthanksto a reversecorrelation.

3. Finally, the3D coordinatesof all thematchedpixelsaredetermined,using

therelative3D positionbetweenthetwo camerasof thebenchprovidedby

theoff-line calibrationstage.

Figure3.2shows theresultsof thedensestereovision algorithm,in threedif-

ferentcontexts.

Figure3.2: A resultof thedensestereovisionalgorithm,in variouscontexts. Fromleft to right:

oneof the original image, disparity map(the disparitiesare inverselyproportional to the depth

of thepixels,andare shownhere in a blue/closegreen/farcolour scale),and3D image, rendered

asa meshfor readabilitypurposes.Top to bottom: aerial imagestaken at about ����� altitude,

imagestaken in a natural outdoorenvironment,andimagestakenin a indoor environment.Note

that in indoor environments,thelack of texture makesthealgorithmquite ineffective, andthe3D

coordinatesof onlya few pixelscanberecovered.
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An error model of densestereovision. During thestereomatchingphase,dis-

paritiesarecomputedfor integervalues,thematchingdisparity  F¶ beingtheone

thatmaximisesthesimilarity score� . In orderto geta finer disparityestimate,a

sub-pixellic disparity  �¶ is determinedby fitting aparabolato thesimilarity score

curve at its peak,theparabolabeingdefinedby thesimilarity scorescomputedat

disparities F¶4Â �
,  F¶ and  F¶�Ì �

. Thesub-pixellic disparityis thedisparitythat

maximisesthefoundparabola1:

 �¶ �! F¶�Ì �Î�" F¶æÂ � �ÅÂ¸�Î�" F¶6Ì � �r�é �?�Î�" F¶S�ÅÂÐ�Î�" F¶æÂ � ��ÌU�?�Î�# Î¶S�ÅÂÐ�Î�" F¶�Ì � � ð (3.21)

Thesourcesof errorsin thedisparityestimatesaretheimagenoise,theslight

viewpoint changeof the two cameras,thespatialsamplingof thesceneinduced

by thecameras,thesizeof thecorrelationwindow used,andtheinterpolationof

the similarity scorecurve. Thoroughstudiesof thesephenomenacanbe found

in thevision literature,but they leadto complex algorithmsthatarenot tractable

on-line.

In orderto haveanestimateof thedisparityerrors,westudiedthedistribution

of the disparitieson a setof 100 stereoimagepairsacquiredfrom thesamepo-

sition. As in [Matthies92], it appearedthat thedistribution of thedisparitycom-

putedonany givenpixel canbewell approximatedby aGaussian(figure3.3).But

amuchmoreinterestingfactis thatthereis astrongcorrelationbetweentheshape

of thesimilarity scorecurvearoundits peakandthestandarddeviationonthedis-

parity: thesharperthepeak,themoreprecisethedisparityfound(figure3.3).This

ratherintuitive relationis thebasisof our errormodel: on line, duringthestereo

matchingphase,a standarddeviation ¼%$ is associatedto eachcomputeddisparity , usingthecurvatureof thesimilarity scorecurve at its peak.This is doneat no

extra computingcost,asthis curvatureis theoneof the interpolatingparabolaat

its peak.

Oncematchesareestablished,thecoordinatesof the3D pointsarecomputed

with theusualtriangulationformula:

1Note that theredoesnot exist any theoreticgroundthat justifiestheuseof a parabolicinter-

polation. It is only simpleto compute,andit shifts thevalueof the integerdisparitytowardsthe

neighbourthatgivesthehighestsimilarity score,which is intuitive.
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Figure3.3: Left: examplesof someprobability densityfunctionsof disparitiescomputedon a

setof 100 image pairs, with the correspondingGaussianfit. Right: Standard deviation of the

disparitiesasa functionof thecurvatureof thesimilarity score curveat its peak.

È�)(�* Ë �,+ ©  ön��- «  (3.22)

where  is thedepth,( is thestereobaseline,and * , + © and - « arecalibration

parameters(thetwo latterdependingon ���^����� , thepositionof theconsideredpixel

in theimage).Usingafirst orderapproximation,it comes:

¼ ½¨/. �10 0  � ½ ¼ ½$ � � (1* � ½ �2 ¼ ½$ (3.23)

substitutingthedefinitionof  definedin (3.22),wehave:

¼ ¨ � ¼%$(1*  ½ (3.24)

which is a well known propertyof stereovision, i.e. that the errorson the

depthgrows quadraticallywith the depth,andare inverselyproportionalto the

stereobaseline.Thecovariancematrixof thepointcoordinatesis then:

�]¶Ð� ü��þ � + © - «+ © + ½© + © - «- « + © - « - ½«
����� � ¼%$(�*  ½ � ½ (3.25)

3.3.2 Sparsestereovision

Densestereovision is quite time-consuming,and doesnot provide enough3D

informationin weakly texturedenvironments.Either to save time or to recover
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enough3D information,onecanusea sparsestereovision algorithm, that only

recoversthe3D informationsfor theinterestpoints.

The3D informationsonthedetectedinterestpointsaresimplyprovidedby ap-

plying theinterestpointmatchingalgorithmonthetwo imagesof thestereovision

pair. Notethatby runningthealgorithmonrectifiedimages(similarly asin dense

stereovision), the matchingcandidatesof a given interestpoint must lie on the

samehorizontalline: asa result,thenumberof candidatesis drasticallyreduced

(andso the computationtime), andthe robustnessof the establishedmatchesis

increased.

Onceinterestpoint matchesareestablished,their 3D coordinatesandthecor-

respondingcovariancesarerecoveredusingthe sameequationsasfor the dense

stereovision algorithm.In theabsenceof a statisticalstudy, thematchingerrorin

the imageplaneis determinedby the theGaussianfitting techniquepresentedin

section2.5.5.

3.4 Prediction: visual motion estimation

3.4.1 Algorithm description

The interestpointsmatchedbetweenconsecutive imagepairsandtheir 3D coor-

dinatesprovidedby stereovision areusedto estimatethe6 displacementparame-

tersbetweenthe images.Theprincipleof thealgorithmis simple(figure3.5): it

consistsin establishing3D pointsmatchesbetweentwo consecutive stereovision

frameswith theinterestpointmatchingalgorithm.We thenapplytheleastsquare

minimisationtechniquepresentedin [Haralick89] to estimatethe6 parametersof

thecorrespondingmotion.

As shown in figure3.5, the3D coordinatesof mostof thepoint matchesbe-

tweenconsecutive areprovided by stereovision. Therefore,the 6 displacement

parametersareestimatedwith a setof 3D correspondingpointsandthe 3D-3D

poseestimationis usedto infer the rotationmatrix � andthe translationvector3
. To simplify theproblem,thecentroidsof eachsetof pointsarecomputedand

they aretranslatedin spacesothattheselie at theorigin and � is thencomputed.3
is definedusingthecomputedrotation.

Theimportantpoint hereis to getrid of theoutliers(wrongmatches),asthey
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Figure3.4: Interestpointsmatchedbetweenthetwo imagesof a stereovisionpair (sameimages

asin figure3.2). Notethat in theindoor images,someinterestpointshavebeenmatchedonareas

where thedensestereovisionalgorithmfails to establishmatches.

considerablycorrupttheminimisationresult.Theoutlierscouldberejectedusing

theepipolarconstraintdefinedby thefundamentalmatrix computedon thebasis

of thematches.However, thecomputationof this matrix is quitesensibleto the

smallerrorsin thepositionsof thematchedpointsandto theoutliersthemselves.

Also, suchanoutlier removal techniquewill notcopefor stereovisionerrors,such

astheonesthatoccuralongdepthdiscontinuitiesfor instance:inliers matchesin

the imageplanemight becomeoutlierswhenconsideringthe corresponding3D
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Left imageat î Right imageat î

Left imageat î^Ì �
Right imageat î^Ì �

Figure3.5: Visualmotionestimationbetweenconsecutivestereoframes,usingthesparse

stereovisionalgorithm. A translationto theright occurred here betweentime H andtimeHJIUy . The red crossesindicatesthe interest points detectedin the images, the green

squaresare the matchedpointsbetweentwo imagesof a stereo pair, and the blue ones

are thepointsmatchedbetweentwo consecutiveimages. Thepointsthat havebeenboth

matchedin the stereo imagesand the successiveleft imagesare usedto estimatethe 6

parameters of themotion.

coordinates.

Therefore,wedevelopedaspecificoutlier rejectionmethodthatconsiderboth

matchingandstereovision errors. It assumesthat thefirst 3D transformationes-

timatesprovided by all the matchesis closeto the true one, which is the case

becausethematchingalgorithmgeneratesa largemajority of inliers.

First, matchesthat imply a 3D point whoseuncertaintiesin their 3D coordi-

nateareover a threshold,arediscarded(the thresholdis empirically determined
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by a statisticalanalysisof stereovision errors). Then,the remainingmatchesare

analysedaccordingto thefollowing procedure:

1. A 3D transformationis determinedby the least-squareminimisation,and

themeanandstandarddeviationof theresidualerrorsarecomputed.

2. A thresholddefinedas ® timesthe residualerror standarddeviation is de-

fined( ® shouldbeat leastgreaterthan3). The3D matcheswhoseerror is

over thethresholdareeliminated.

3. ® is setto ®ÖÂ �
andtheprocedureis re-iterateduntil ®��U� .

This outlier rejectionalgorithm guaranteesa precise3D motion estimation

(seeresultsin sections3.4.2and4.1),whichcanthenbeusedduringtheprediction

stageof theKalmanfilter (section3.2.1).

3.4.2 Motion estimationerrors

Given a set of 3D matchedpoints KL � éNM ¥ �k�P��M�ûS��M ¥ �P�k��M �`û ð , the function

whichis minimisedto determinethecorrespondingmotionis thefollowing [Haralick89]:

O � Ù� � KL ��� û¯
PRQ ¥ �"M � P ÂTSn� ÙëO� ÙìD� ÙíÄ��M P ÂÜé Ùî ß � Ùî§ï,� Ùî ¨�ð âO� ½ (3.26)

where
Ù�4� � ÙëO� ÙìD� Ùíÿ� Ùî ß � Ùî§ïj� Ùî ¨ � . Ù� and KL canbewritten with randomperturba-

tions: Ù���U��ÌV�W�� KL � L ÌV� L
wherethetrue � and

L
arenot observed. In orderto measuretheuncertainty

of local motionestimation,theuncertaintiesof 3D matchingpointssetareprop-

agatedto theoptimalmotionestimate
Ù� . Assumingtheoptimalmotionestimate

minimisesthe cost function, the Jacobianof the cost function is o , andthe un-

certaintiesof landmarksandtheirobservationcanbepropagatedby takingTaylor

seriesexpansionof theJacobianaround� and
L

, asshown in [Haralick94]:

X ���� L � � X �"��ÌV�W�� L ÌV� L �ÅÂ 0 X0 � ����ÌV�W�� L ÌV� L �	�Y� Â
0 X0 L ����ÌV�W�� L ÌV� L �	� L (3.27)
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where X �[Z]\Z Þ^ is theJacobianof thecostfunction , and Z�_Z ^ is theHessianof

the cost function with respectto � . The Hessian Z`_Z ^ is positive definite for all�"� � L � becausetherelativeextremumof thecostfunctionis a relativeminimum:

this guaranteesthe existenceof the reciprocalof the Hessian. Since
Ù� and �

minimises
O � Ù�� KL � and

O �"� � L � , X � Ù� � KL � and X �"� � L � aresetto 0 in (3.27).The

randomperturbation�W� andits covariancearethencomputedasfollows:

�W��� Â�� 0 X0 � �"��ÌV�W�� L ÌV� L ��� ¢Æ¥a0 X0 L ����Ì��W� � L Ì�� L �b� L (3.28)

Ùced ^ �ô� 0 X0 � � Ù�� ÙL ��� ¢Æ¥a0 X0 L � Ù�� ÙL � c d L 0 X0 L � Ù� � ÙL � â � 0 X0 � � Ù� � ÙL �%� ¢Æ¥ (3.29)

Consideredthat M P and M � P arenot correlated,the covarianceestimateµ Þ^
canbealsowrittenas:

µ Þ^ �ô�f0 X0 � � Ù�� ÙL �%��¢Æ¥f�#geh�Ì�gahji����k0 X0 � � Ù�� ÙL ����¢Æ¥ (3.30)

where

gehæ� û¯
PRQ ¥ 0 X0 M P � Ù� �lM P �õµmhjnq� 0 X0 M P � Ù���M P �%�?â

gehoi�� û¯
PpQ ¥ 0 X0 M � P � Ù�Ô��M � P �õµmhoi n � 0 X0 M � P � Ù� �lM � P ��� â

Resultsof thevisualmotionestimationsandthecorrespondingerrorestimates

are presentedin figure 3.6, along a sequenceof 90 low altitude aerial images.

Themeanvariancescomputedon the6 motionparameters,andtheirdispersionis

summarisedin table3.1: qsr denotesthesquarerootof variancesof visualmotion

estimationerrorsalongthesequence.thevisualmotionestimationmeasuresafew

meterstranslationswith a few centimetresaccuracy, andmeasuresrotationswith

aprecisionof theorderof oqp �Rt , with aquitegoodregularity.

Themotionestimationcovarianceµ Þ^ is theinputcovariancematrix � © which

is usedin equation(3.12)to estimatethestatevariancesduringthefilter prediction

stage.
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Figure3.6: Themotionparameterscomputedbythevisualmotionestimationalgorithmbetween

consecutiveframesalong a 90 imagessequence(top), andcorrespondingestimatederrors (bot-

tom). Notethat there are no obviouscorrelationbetweenthe image angularand linear distance

andthecomputederrors.

3.5 Landmark selection

As explainedin theoverview of our approach(section3.1.1),the3D matcheses-

tablishedaftertheinterestpointmatchingsteparesplit into threegroups:observed

landmarks,nonlandmarks,andcandidatelandmarks.Theobserved-landmarksset

is simply the pointsthat correspondsto landmarksalreadyin the statevectorof

theEKF. New candidate-landmarksshouldbecautiouslyaddedto thefilter state,

in orderto avoid arapidgrowth of its dimensionandto obtaina regularlandmark

coverageof the perceived scenes.The candidate-landmarksselectionprocedure

is madeaccordingto thefollowing threecriteria:
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u v w î ß î§ï î ¨
Averageof qxr otp � �zy oqp � ufy oqpeo"�"ufy oqp_o|{"rk} oqpeo"x � } oqp_o � u|~f}¼ of qsr otp � oky oqp �"� y oqpeoFr,s|y oqp_o,sFxf} oqpeovsÎrk} oqp_o � r"rk}

Table3.1: Statisticsontheestimatederrorsof thevisualmotionestimations(VME)of figure3.6.

Ê Observability . Goodlandmarksshouldbeobservablein several consecu-

tive frames:it guaranteesthatthey aresalient.Ê Stability. The 3D coordinatesof goodlandmarksmustbe preciselyesti-

matedby stereovision.Ê Representability. Goodlandmarksmustefficiently representa 3D scene.

Therobotstateestimationwill bemorestableif landmarksareregularlydis-

patchedin theperceivedscene,andthis regularitywill avoid a rapidgrowth

of theEKF statevectorsize.

Thenumberof candidatelandmarksthatarecheckedis determinedon theba-

sis of thenumberof new interestpoint matches(i.e. theonesthatdo not match

with an alreadymappedlandmark).This numberis a percentageof the new in-

terestpoints: we actually use
� o�� , as the visual motion estimationtechnique

requiresa lot of matchesto yield apreciseresult.

Thelandmarkselectionis performedthroughthefollowing steps:

1. New landmarkcandidatesare first selectedusing the observability crite-

rion. Theobservability of a landmarkcandidateis evaluatedduringseveral

frames:whena setof pointsat time î areobservableup to time î�ÌÜ® , the

pointsin thesetbecomenew landmarkcandidatesat time î . To guarantee

high anduniform observability of landmarks,thecandidatesat time î�Ì �
shouldbeat leastobservableat time î�Ì¸®�Ì �

. If thereis notany candidate

observableat time î�Ì ®ÈÌ �
, new landmarkcandidatesat time î�Ì �

don’t

exist.

2. The stability of the candidatesthat passthroughthe observability testare

thenchecked.Theirerrorsin their3D positionarememorised,andthey are

rankedaccordingto themaximumof theseerrors.
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3. Finally, the representabilityof thecandidatesis checked. Therankedcan-

didatelist is scanned,startingfrom themostpreciseone:every time a can-

didateis locatedat a distancefrom thealreadymappedlandmarksandthe

minimumdistanceis greaterthana giventhreshold,it is declaredasa new

landmark.

Theobservability criterionrequiresthatcandidatesareevaluatedthroughsev-

eralsuccessiveframes:theEKF is thereforeactivateda few imageframeslater as

theimagesaregathered.

3.6 Data association

Oncea candidatelandmarksuccessfullypassestheabove selectioncriteria, it is

incorporatedin thestateof thefilter. In thefollowing steps,if thelandmarkis still

matchedin theacquiredimages,it yieldsanobservationof thesystemstate.Once

it is lost, it becomesanold landmark, i.e. a landmarkthatwill beperceivedagain

only whentherobottravelsagainnearby.

Thedataassociation(re-perceptionof landmarks)is performedby theinterest

point matchingalgorithm,by matchinginterestpointsdetectedin thecurrentim-

ageandthepreviouslydetectedlandmarks.For thatpurpose,thedetectedinterest

pointsfor eachacquiredimagemustbememorised,andonemustreasonon the

hypotheticvisibility of theold landmarkto selecttheimagein which they will be

matchedwith thecurrentimage.

3.6.1 Selectionof the visible old landmarks

The visibility of an old landmarkis evaluatedby the distanceof its projection

from thecentreof thecurrentimageconsideringtheuncertaintieson its position

andon thecurrentrobotpositionestimate.Thecoordinates���Æó?���jó�� in the image

frame �(�?®hÌ � � of the ø th old landmarkarecomputedasfollows:

���Æó?����ó������kó*� Ùç �?®hÌ �qÚ ®Ã�%� (3.31)

where�kó is definedwith theconstantintrinsic matrix � of thecameraandthe

observation matrix ÓOó in (3.15), and
Ùç �?®�Ì �qÚ ®Ã� is the predictedstatevector in
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(3.11). The associatedcovariancematrix is estimatedby propagatingtheuncer-

tainty on robotandlandmarkpositions.

µhó�� 0 �kó0 Ùç �?®hÌ �tÚ ®Ã� gÔó*��®hÌ �qÚ ®Ã� 0 � âó0 Ùç ��®·Ì �qÚ ®Æ� (3.32)

g ó*�?®hÌ �qÚ ®Ã�³� ¹» µ è*è ��®ÈÌ �qÚ ®Ã� µ è óõ�?®hÌ �qÚ ®Ã�µ è óõ�?®hÌ �tÚ ®Ã� â µ·ó_ó§��®ÈÌ �qÚ ®Ã� ¿À (3.33)

where µ·ó_ó is the covarianceof ø th landmarkand µ è ó*��®áÌ �qÚ ®Ã� is the cross

covariancebetweentherobotandlandmarkpositions.

Giventhecoordinatesof theprojectionof anold landmarkandits covariance

matrix µhó , if threetimesthecovarianceellipsoiddefinedby µ·ó is within thecur-

rent image,or if the intersectionbetweenthe imageandthe ellipsoid exists, the

landmarkis consideredasvisible,andits visibility is definedas

� ó��Z  ¢Æ¤_© i � ª « i� ¬�� � ¤_© i � ª « i� ¬�� (3.34)

where � �ó ��� �ó arethenormalisedcoordinatesof �Æó?�³��ó .
��� �ó ��� �ó �³� ���ÆóÃÂæ�������jó(Âæ�z������ ½¶ Ì¸� ½¶ � ¥�� ½�����Q�O�z�%� arethecentreof imageand ��� ½¶ Ì]� ½¶ � ¥�� ½ , themaximumdistancefrom

thecentre.

Two thingshave to beconsideredhere:

Ê Old landmarkshave beenperceivedin severalpastimages:thepastimage

thatwill bematchedwith thecurrentoneis theonefor which thenumber

of hypotheticvisible landmarksis themaximum.Ê It might happenthat thecurrentrobotestimateis soerroneousthat these-

lectedimagedoesnot containany landmarkcurrentlyvisible, aftera long

loop for instance.If suchcaseoccur, thematchingalgorithmis run on all

thepastimageswithin whichold landmarksarevisible.
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Scalechange. When � old landmarksarevisiblein thecurrentandapastimage,

thescalechange� betweentheimagesis definedby theratio of thetwo different

imageresolutions.Thisscalechangecanbeapproximatelyestimatedby theratio

of thedistanceof theprojectionsof thelandmarksfrom thecentreof image.But

in fact, the scalechangeis not only a function of the depthchange,but alsoof

theview pointchangeandtheprojectivedeformation:weonly considertherobot

positionchangealongtheopticalaxisof thecameraat thecurrentstepto evaluate

it, whichdefinestwo virtual imageplanes(acurrentandapastone).

The ø th old landmarkis projectedontothepastimage �(�?®ÝÂæî�� on thecoordi-

nates���Æó*��®ÖÂæî��Q����ó*��®ÝÂæî��%� :
���Æó*��®ÝÂæî�������ó*�?®ÖÂæî��%�Û���kó§� ç ��®ÝÂæî��%� (3.35)

Its projectionon the currentvirtual image � � ��®Ã� definedby applyingonly a

depthchangeis givenby

���Ãó§�?®Ã������ó*�?®Æ���³�U�fó*� ç �?®ÖÂ4î��LÌV� ç � (3.36)

with

� ç � éIoq��oq�Qoq�Qot�Qoq���Öî ¨ ��®��{®ÖÂæî��Q��oq�PpPpPp ð (3.37)

where �Öî ¨ �?®��Q®�Â î�� is the variationof robot positionalongthe optical axis

of thecamerabetween����®nÂæî�� and � � �?®Æ� , which canbedefinedby theestimated

robotpositionat steps®ÖÂæî and ® .
The scalechange�Î�?®��Q®�ÂVî�� betweenthe two imagesis definedusing the

averageratio:

�Î��®��{®ÖÂæî��³� �
�
P¯ ó Q ¥

� ���Æó*�?®Æ�Q����ó*��®Ã��� �� ���Æó*��®ÖÂ4î��Q����ó8��®ÝÂ3î���� � (3.38)

As scaleadaptive interestpointsaregeneratedin the high-resolutionimage

with a pre-definedscalechange,if �Î��®��{® ÂÜî�� is greaterthan
�
, the points are

generatedin thecurrentimage�(�?®Ã� , unless,they arerecomputedin thepastimage����®ÖÂ4î�� with �Î�?®ÝÂ4î{�{®Ã� .
The precisescalechangeestimationinherits from the error on the estimate�Ýî ¨ ��®��{®nÂÐî�� andon the3D positionsof old landmarks,but we have seenin the
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previouschapterthatpointsmatchescanbeestablishedwith anapproximationof

scalechangewith up to half a unity error. Thus, the estimatedscalechangeis

quantisedto oneof the pre-definedscalechangesamong � � � � p_�t�{rt�Qrtp`�D�PpPpPp�� . If

theuncertaintyin thescalechangeestimation(obtainedwith equation(3.32)that

definestheuncertaintiesof the landmarkprojections)is greaterthan otp`� , several

candidatescalechangescloseto theestimatedchangeareappliedandtested.

3.6.2 Observation errors

Landmarkobservation beingbasedon interestpoint matching,matchingerrors

on imageplaneis thefirst errorsourceto considerto definetheobservationerror.

Two kind of errorscanoccur:wrongmatches(outliers),andinterestpoint location

error. Outliersbeing rejectedby the rejectionalgorithmpresentedin 3.4, only

interestpoint locationerrorsareconsideredto determinethematchingerrorand

thequantitativemeasureof theerrorscanbeobtainedby ourmatchinguncertainty

estimationalgorithmin section2.5.5.

Oncetheinterestpointmatchingerroris defined,onemustcombineit with the

errorson thecorresponding3D positionestimatesto definetheobservationerror.

Theprincipleof this combinationis illustratedin figure3.7: theobservationerror

is definedby thereprojectionof thematchingerror in the3D sceneprovidedby

stereovision.

Figure3.7: Principle of the combinationof the matching and stereovision errors. Thepoints

locatedin the square box are the projection of � on the image plane. Small ellipsesindicate

stereovisionerrors, thelargedottedellipsoidis theresultingobservationerror.
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Givenacovariancematrix µ�� associatedwith a matchç � on theimageplane,

theexpected3D coordinateof thematch M�� is computedby stereovision andits

associatedvariance,estimatedby its neighbour3D pointsof which theprojection

ontoimageplaneis on theonesigmacovarianceellipsoidgivenby

ç µ�� ¢Æ¥ ç â � � � ç � ���^����� (3.39)

where ç is the sub-pixellic projectionof a 3D point M . Equation3.39 is the

surfaceof equalprobability densityin 2 dimension. Sincethe 3D coordinates

are only computedon integer pixels by stereovision, assumingthe stereoerror

distribution is azeromeannormaloneandthe3D surfacevariationlocally linear,

thevarianceof M�� is computedusingits 8 closestneighboursM £ , ®n� � �{rD�P�P�Qu .
� ½hj� � �u �¯

£ Q ¥ Õ £ �%�"M��Â�M £ � ½ Ì � ½� Ì � ½£ � (3.40)

Õ £ � � ç £ i Â ç �k��� ç £ i Â ç ���?âÅ�¸� ç £ i Â ç �f�§µ�� ¢Æ¥ � ç £ i Â ç �k�?âá� �
(3.41)

where � ½£ is thevarianceof stereovision in (3.25)of neighbour3D point M £ andç £ i is anintersectionof theellipsoidandtheline definedby ç � and ç £ which are

thecorrespondingimagecoordinatesof M�� and M £ .
These3D coordinatesof matchesandtheassociatedvariancesareusedin the

equations(3.17)and(3.18).

3.7 Summary

ThewholeSLAM processbasedon stereovision,visualmotionestimation,land-

mark selectionanddataassociationstrategy, is performedaccordingto the fol-

lowing sequence:

1. Given a stereoframe at time î , interestpoints are detectedand their 3D

coordinatesareobtainedby stereovision.

2. Thedetectedinterestpointsarematchedwith thepointsdetectedin thepre-

viousframe,outliersareremovedby thealgorithmpresentedin section3.4.
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3. Thelandmarkselectionprocedureis performed,accordingto theselection

criteria.Landmarksthatpassthetestsareincorporatedin thefilter statewith

adelaydueto theobservability evaluation(i.e. attime î , only landmarkfirst

detectedat time î�ÂÐ® areincorporatedin thestate).

4. Thevisualmotionestimationis performed,without theobservedor candi-

datelandmarksto avoid acorrelationbetweenthepredictionandtheobser-

vation,andthepredictionstageof thefilter is completed.

5. Theobservationsfor recentlymappedlandmarksaredefinedby thematch-

ing resultsbetweenconsecutive frames.For old landmarks,thevisibility of

all mappedlandmarksis checkedandif visibleold landmarksexist, they are

observedby interestpointmatchingbetween�(��î�� and �(��îÎÂY�Å� , applyingthe

estimatedscalechangebetweenthetwo images.

6. Incorporatingtheobservationsof landmarks,thestatevectorandcovariance

of thefilter areupdated.

Sincetheinterestpointsmatchingalgorithmrequiresnot only thepoint coor-

dinatesandprincipalcurvatures,but alsosomepixelsin thecorrelationwindows

thatsurroundsthem,all theimagesmustbekept in memoryto allow dataassoci-

ation betweena currentimageandan old one. The RAM of theCPU would be

rapidly saturatedaftera few hundredsof images:therefore,theimagesaresaved

on a harddrive as the robot moves. The filter stateis kept in live memory, as

well asthe2D coordinatesof themappedlandmarksin all theimageswherethey

have beenperceived. Whenold landmarksareto be re-perceived, the imagein

whichthey havebeenperceivedis reloadedin thememoryto bematchedwith the

currentimage.
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Chapter 4

Experiments

Our developmentshave beentestedwith severalthousandsof stereovision image

pairsin variouscontexts: aerialimagestakenat low altitudeswith Karma,arobo-

tisedairship,outdoorunstructuredterrainimagestakenwith theMarsokhodrover

Lama,andindoorimagestakenwith theiRobotATRV roverDala(figure4.1).We

first presentheresomelocalisationandlandmarkmappingresultsobtaineddur-

ing varioustrajectories.Then,we introducea way to re-estimateall thepositions

whentherobotpositionis drasticallyrefinedby theSLAM afterhaving closeda

loop,whichallows to build aspatiallyconsistentdigital elevationmap.

Figure4.1: Karma,LamaandDala: thethreerobotsusedto gatherstereovisionimages

pairs respectivelyfromlow altitudes,on a roughunstructured terrain, andindoor.

87
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4.1 Positioning errors

4.1.1 Low altitude aerial images

Thedigital camerasof the rtp_r�} wide stereobenchof theblimp Karmaare
��� rj� �

CCD sensorswith
� oFr,sáw�{vx"u pixels, andareequippedwith a a s�peu�}�} focal

length lens( x�{ t wÐ�v� t field of view). The camerashave beencalibratedat full

resolution,andimagesareprocessedafterbeingsub-sampledby a factorof two.

Theimagesusedin theresultsbelow havebeentakenataltitudesrangingapprox-

imatelyfrom rvo to �F��} .
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Figure4.2: A first resultof our SLAMimplementationwith a sequenceof 90 stereovisionpair,

takenat altitudesrangingfrom ��� to ����� . Topimageshowthereconstructedtrajectoryin orthog-

onal projectionand in 3D. Bottomimagesshowthe 60 landmarksmapped,with �¡  uncertainty

ellipses(left: real scale, right: magnifiedbya factorof 40)

The GPSon-boardKarmais a differentialcodeGPSwith a � ¼ accuracy ofrm} : it cannot be usedasa groundtruth referenceto validatethe positionesti-

matesof thestereobench.However, whenKarmaflies over analreadyperceived

area(i.e. whenit “closesa loop”), thevisualmotionestimate(VME) canprovide

an estimateof the relative positionsbetweenthe first and last imageof the se-
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quencethatoverlaps.This referenceis preciseenough,ascomparedto thecumu-

lation of errorsinducedwith thevisualmotionestimationappliedon consecutive

frames.

Figure4.2 presentsa comparisonof the reconstructedloop trajectorywith a

setof 90 images,while figure4.3showstheevolutionof thestandarddeviationof

the6 positionparametersof thestereobenchwhenapplyingtheEKF. Two phases

canbe seenon this latter figure: until image80, the standarddeviation grows,

howevermuchmoreslowly thanwhenpropagatingonly theerrorsof theVME. A

few landmarksdetectedin thebeginningof thesequencearere-perceived in the

following images:thestandarddeviationssteeplydecreases,andstabilisesfor the

subsequentimageswheresome”old” landmarksarestill observed.
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Figure4.3: Evolutionof the standard deviationsof the robot positionparameters during the

flight shownin figure4.2.

The quantitative figuressummarisedin table4.1.1aremuchmore informa-

tive: they comparethe resultsof the final positionestimatewith respectto the

referencedefinedby the VME appliedbetweenimages1 and90: the precision

enhancementbroughtby theEKF is noticeable,andtheabsoluteestimatederrors

areall boundedby twice theestimatedstandarddeviations.Thetranslationerrors

arebelow otpesFo¢} in thethreeaxesafteranabout{vo¢} longtrajectory, andangular

errorsareall below onedegree.

Figure4.4 shows an other160 } long trajectoryreconstructedwith a setof

240images.

On figure 4.5, onecannote that the variancesstarta smoothdecreaseafter

the blimps makes a U-turn (aroundimagenumber170). The decreaseis here

muchsmootherthanin theprevioustrajectory(figure4.3),becausethelandmark
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Frame1/90 Reference VME VME SLAM SLAM SLAM

Reference std.dev. result abs.error result std.dev. abs.error£ ¤�¥ �¡¦1§ � ¥ �l¨1§ �1� ¥ ¦��1§ � ¥ª©�« § ¤�¥ ����§ � ¥ � ¤ § � ¥ �l¨1§¬ � ¥ ���l§ � ¥ ¤1¤ § «k¥ �1�1§ � ¥ ¤ ¦1§ � ¥ « �1§ � ¥ ���1§ � ¥ ¨1¦1§ ® �¡�]� ¥ ¦ « § � ¥ � ¤ § ® �¡�1� ¥ �1��§ � ¥ « �l§ ® �l� ¤�¥ ���]§ � ¥ ��¨]§ � ¥ �1¦1§¯±° � ¥ � © � � ¥ � ¤ � � ¥ ����� � ¥ � « � � ¥ �l�o� � ¥ �1¦j� � ¥ � « �¯±² � ¥ ¤ ��� � ¥ � © � � ¥ ����� � ¥ « �j� � ¥ � ¤ � � ¥ �l¦j� � ¥ �1�o�¯±³ ® � ¥ ���´� � ¥ � « � ® � ¥ �1�µ� � ¥N© �j� ® � ¥ �R��� � ¥ �1�j� � ¥ �����
Table4.1: Comparisonof the errors madeby the propagationof the visual motionestimation

aloneandwith theSLAMEKF approach,usingasa referencetheVMEappliedbetweenimages1

and90
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Figure4.4: An other trajectoryreconstructedwith a sequenceof 240 images. 152 landmarks

havebeenmapped(themagnificationfactor of theuncertaintyellipsesin thebottom-rightimage

is here20)

that arere-perceived werenot originally perceived at the very beginning of the

trajectory: their positionuncertaintyasthey have beenincorporatedin the filter

inheritedfrom therobotposeuncertaintyat that time, which wasnot very small.

On thecontrary, thedecreaseof thevariancesin figure4.3 is very steep,because
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the re-perceived landmarkshave beenincorporatedin the filter stateat the very

beginningof thetrajectory.
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Figure4.5: Evolutionof the standard deviationsof the robot positionparameters during the

flight shownin figure4.4.

Finally, figure4.6show resultsintegrating400images,thecorrespondingnu-

mericalresultsbeingpresentedin table4.1.1.In this lattercase,thevariancesstart

to decreasesmoothlyastheblimpsmakestheU-turn(aroundimagenumber200),

andsteeplydecreasewhentheblimp flies againover landmarksperceivedat the

beginning of the trajectory(after imagenumber300). Figure4.7 show someof

theestablishedmatchesduringthetrajectory.

Frame1/400 Reference VME VME SLAM SLAM SLAM

Reference std.dev. result abs.error result std.dev. abs.error¶ ·j¸z¹»º�¼�½ ¸z¹ ¾p¿`½ ·j¸�¹�º¡À]½ ¸�¹ ¸�ºl½ ·jÀ�¹ Á�¾]½ ¸z¹ À1¾1½ À�¹ªÂ`Á]½Ã ¼R¹ ¾]¿`½ º1¹»º¡Ä]½ ·oÄz¹ Å�Å]½ ¿p¹ ¾�Á1½ Â�¹ Â`Ä]½ ¸z¹ Ä]¸1½ º�¹ Á`Äp½Æ ºl¸1ÂR¹ Ä�Ä ½ ¸z¹ ¼�À ½ ºl¸�º�¹ ¾1¼ ½ À�¹ Á1¼ ½ º¡¸�Äz¹ À1¼ ½ ¸z¹»ºlÅ ½ º�¹�ºl¼ ½Ç±È ·oÄz¹ Å�ÀoÉ ¸�¹ªÂ1¿´É ÂR¹ Ä]ÂoÉ º¡¸z¹ À1¾oÉ ·jÀz¹ Å1¾oÉ ¸�¹ª¼Rº�É ¸z¹ Å]ÂoÉÇ±Ê ¸�¹�ºËÄ�É ¸�¹ Ä1ÁoÉ À�¹ ¸`ÄÌÉ ¼R¹ Å�¸ÌÉ ·Ì¼�¹»ºlÁoÉ ¸�¹ª¼�¼jÉ ¼�¹»º�¼oÉÇ±Í À�¹ ¾�ÅÌÉ ¸�¹�ºlÂµÉ º¡Åz¹ ¾zº�É ºlÂ�¹ Å�ÄjÉ À�¹ Ä1ÁoÉ ¸�¹�º�º�É ¸z¹ Ä]ÀjÉ
Table4.2: Comparisonof the errors madeby the propagationof the visual motionestimation

aloneandwith theSLAMEKF approach,usingasa referencetheVMEappliedbetweenimages1

and400
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Figure4.6: An other resultof SLAMimplementationwith the blimp, with a sequenceof 400

stereovision pair. the reconstructedtrajectoryis about
¼]¿�¸�É

long. Top imagesshowthe recon-

structedtrajectoryin orthogonal projectionand in 3D. Middle imagesshowthe 355 landmarks

mapped,with
ºlÎ

uncertaintyellipses(left: real scale, right: magnifiedby a factor of 40), and

bottomimagesshowtheevolutionof thestandard deviationsof theblimp positionparameters.

4.1.2 Outdoor envir onmentground images

Figure4.8show apositioningresultwith asetof 111imagestakenwith therover

Lama,while doingaroundshapetrajectoryonaroughterrain.The ÏÑÐ�Ò widestere-
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Figure4.7: Interestpointsmatchedbetweensomeconsecutiveimagesof the sequenceof the

trajectory shownin figure 4.6 - the blue squaresare the matchedpoint. Each line showstwo

consecutiveimages,exceptthe last one that showsthe matchesestablishedbetweenthe image

number390at theendof thetrajectoryandthefirst image(landmarkre-perception).
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ovisionbenchwasorientedsidewards,towardsthecentreof theloop. Quantitative

resultof thepositioningerrorof thecumulatedvisualmotionestimationandthe

SLAM approachareshown ontable4.1.4(aswith theaerialimages,thereference

is obtainedby applyingtheVME betweenthefirst andlast imagesof the loop).

The SLAM result is astonishinglypreciseafter a ÓfÏ�Ô long trajectoryon rough

terrain. Notealsothat thecumulatederrorof VME is muchsmallerthanfor the

blimp trajectories:the reasonwhy the resultsaresopreciseis that theobserved

pointsandlandmarksaremuchcloserto thestereovisionbenchthanfor theblimp:

rememberthattheprecisionof stereovision is proportionalto baselinelengthand

quadraticallyinverselyproportionalto thedepth:thebaseline/depthratio is much

morefavourablefor Lamathanfor theblimp.

Frame1/111 Reference VME VME SLAM SLAM SLAM

Reference std.dev. result abs.error result std.dev. abs.error¶ ¸�¹ªÂ�¼�½ ¸z¹ Àzºl½ ¼R¹N¿`Â1½ ¼R¹ª¼`À1½ ¸z¹ ¾1¾1½ ¸z¹ Å1¾1½ ¸z¹ À1Á1½Ã ¸�¹ À�Á1½ ¸z¹ ¼1Â�½ ·j¸�¹�º�ºl½ ¸�¹ Äp¿`½ ¸z¹ª¿�¼�½ ¸z¹ª¿�Ä]½ ¸z¹ À1Á1½Æ ·j¸z¹»º¡Ä]½ ¸z¹»ºlÁ1½ º�¹ ¾�Å]½ ¼R¹ ¸�À1½ º1¹ ¼`Ä]½ º1¹ ¾�Ä]½ º1¹ À1¾1½Ç±È ·j¸�¹ ¸�ºl¼´É ¸�¹ ¸�ºl¸oÉ ¸z¹ ¸]Â1¿´É ¸�¹ ¸�Á1ÅoÉ ·j¸z¹ ¸p¿�¿´É ¸�¹ ¸�Á�ÅjÉ ¸�¹ ¸�Á1ÂoÉ
‘
Ç Ê ·j¸�¹ª¼�Ä1ÀµÉ ¸�¹ ¸�ºlÅoÉ ·�º�¹ ¸�ºl¾µÉ ¸�¹N¿�¿�ÂµÉ ·j¸z¹ ¼�¾`ÄjÉ ¸�¹ ¸�Á`ÄÌÉ ¸�¹ ¸`Äzº�ÉÇ Í ¸�¹ ¸�ºlÅoÉ ¸�¹ ¸�º�ÂµÉ ¸z¹»º¡Ä�ÄjÉ ¸�¹�ºl¼1ÂµÉ ¸�¹ ¸�ºl¾µÉ ¸�¹ ¸�º¡ÅjÉ ¸�¹ ¸�¸�º�É

Table4.3: Comparisonof the errors madeby the propagationof the visual motionestimation

aloneandwith theSLAMEKF approach for thetrajectoryof Lama,usingasa referencetheVME

appliedbetweenimages1 and111(thefirstandthelast one).
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Figure4.8: Aresultof ourSLAMimplementationwithLama,with asequenceof 110stereovision

pairs. Top imagesshowthe reconstructedrobot trajectory in orthogonal projectionand in 3D.

Middle imagesshowthe 118 landmarksmapped,with
º¡Î

uncertaintyellipses(left: real scale,

right: magnifiedbya factorof 5),andbottomimagesshowtheevolutionof thestandard deviations

of therobotpositionparameters.

4.1.3 Indoor envir onment images

Wetestedouralgorithmswith theroverDala,equippedwith a ÏÑÐ»Õ�ÓkÔ stereovision

bench,on trajectoriesmadeindoor. Figure4.10show thepositioningresultsafter
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Figure4.9: Interestpointsmatchedbetweensomeconsecutiveimagesof the sequenceof the

trajectorymadeby therover Lamain figure 4.8. Each line showstwo consecutiveimages,except

the last onethat showsthematchesestablishedbetweenthe image number111at theendof the

trajectoryandthefirst image(landmarkre-perception).
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threeconsecutivecircle loops(thespeedcommandwasconstantduringall theac-

quisitions),thestereovision benchbeingorientedsidewards,towardstheexterior

of thecircle. Thepositioncorrectionafterthefirst loop(justafterold landmarksa

re-perceivedfor thefirst time) is noticeable.After that,therobotpositionis reli-

ablyestimated.Notealsothatthepositionresultingfrom theVME only is slowly

drifting (andgoingup !).

Theinterestof this trajectoryis thattherobotevolvesonaperfectplane,while

6 parametersof displacementarecontinuouslyupdatedby theSLAM algorithm:

thereferencefor thetwo roll andpitch anglesandtheelevationis thereforesim-

ply Ï (we did not constrainedthe robot positionto lie on a planeon purpose,in

orderto have thisperfectreference).Thethreecurveson thefigure4.11show the

estimationof thesevariables:they arenoticeablystabilisedafterthefirst loop.

Finally figure4.12show theevolution of somelandmarkpositionsduringthe

trajectory, andfigure4.13show someof thepointsmatchesestablishedduringthe

trajectory.
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Figure4.10:A trajectoryreconstructedwith asequenceof 1000imagestakenbyDala lookingto

theleft sidewhile turningright (25.6mlong trajectory).338landmarkshavebeenmappedduring

thewholetrajectory(269during thefirst turn, 31during thesecondand38during thethird). The

uncertaintyellipsesof thelandmarksin thedown-rightimagearemagnifiedbya factor10.
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Figure4.11:Evolutionof thethreepositionvariables
¶

, Ö and × displayedwith thecorrespond-

ing standard deviationsestimates.

Figure4.14show a last resultobtainedwith a similar circle trajectoryin the

sameenvironment(4 loopshere),during which the stereovision benchwasfac-
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Figure4.12: Evolutionof thepositionof threesetsof ten landmarks(highlightedin red in the

top-leftfigure that showsall thelandmarks).Theellipsessizeis 10 timesthestandard deviation:

theredonesare thelandmarkspositionestimationsat theendof thefirst loop, thegreenonesat

theendof thesecondloop,andtheblueonesat theendof thethird loop.

ing forward, andfigure 4.15 show the evolution of the threeposition variables

thatshouldbestabilisedaroundÏ . It is interestingto comparetheseresultswith

theonesbefore:first, thecamerasbeingorientedforwardandnot in theexterior

directionof thetravelledcircle (thewalls of theroom),morelandmarksareper-

ceived,atabiggerdistancefrom therobot.Second,thepositionestimatesby both

VME andSLAM aremuchmorenoisy (in particularthe circle is not perfectly

recovered),whereasthe sameconstantspeedcommandwasgiven to the robot.

This tendsto indicatethat looking sidewardsgive betterresultsthanlooking for-

wards,which seemsreasonable,whenoneknows that the errorsin stereovision

areessentiallyon the depthestimates.Finally, let’s notethat on this trajectory,

thepositionsarenotstabilisedduringthesecondloop,which is probablydueto a
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Figure4.13: Interestpointsmatchedbetweensomeconsecutiveimagesof thesequenceof the

trajectoryshownin figure 4.10.Each line showstwo consecutiveimages,exceptthelast onethat

showsthematchesestablishedbetweentheimage number324(endof thefirst loop) andthefirst

image.
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wronglandmarkassociation.However, thelargenumberof landmarkspresentin

thescenepreventedthefilter from adivergence.
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Figure4.14: Anothertrajectoryreconstructedwith a sequenceof 1300imagestakenby Dala,

with the stereovision bench facing forward (47.3mlong trajectory). 628 landmarkshavebeen

mappedduring4 loops.
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Figure4.15:Evolutionof Ø , Ö and × during thetrajectoryof figure4.14.
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4.1.4 Time performance

Thetimeperformanceof ourSLAM implementationdependsonthesizeof image,

interestpoint detectionandmatchingtime andthenumberof landmarks.Given

a stereoframe(Õ|ÙfÒÛÚÜÓÞÝ�ß ) at time à , thecomputationtimesof eachstagesin our

SLAM processaremeasuredon sparcSUNWorkstationfire v240.

á Pre-processing(distortioncorrectionandrectification):300Ôãâ (constant)

á Interestpoint detection:200Ôãâ (average)

á Interestpoint matching(matchingfor sparsestereoandbetweentwo con-

secutive frames):100Ôãâ (average)

á ExtendedKalmanFilter(prediction,updateandnew landmarkdetection):

dependingon thenumberof landmarks

Landmarks 100 200 300 400 ...äJå Éaækç Ç±èpÇêé å�ë Çêé Éíìpî è1ï ìlð è�ñ ì`ò ¼�¸`Ésó Â�¸`Ésó º¡¸1¸`Ésó ¼1¼`¸`Ésó ¹�¹�¹
á Old landmarksobservation(matchingbetweenà and à - ô ): 200Ôãâ (aver-

age)

Totally, in casethereis no visible old landmarksat currentstep,thecomputa-

tion time is lessthan õfÏ|ÏfÔãâ keepingup to Õ|Ï|Ï landmarks.If someold landmarks

are visible, the computationbecomemore expensive(õfÏfÏfÔãâ�ö÷ßfÏ|ÏfÔãâ ) for old

landmarkobservation)to re-observe them.
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4.2 Digital Elevation Maps

Thanksto the precisepositioningestimation,the processedstereovision images

canbe fusedafterevery updateof theEKF into a digital elevationmap(DEM),

thatdescribestheenvironmentasafunction øúù,ûJü±ýjþ�ÿ�� , determinedoneverycellü±ý��	þ�ÿ���� of a regularCartesiangrid.

Our algorithmto build a DEM simply computestheelevationof eachcell by

averagingtheelevationsof the3D pointsobtainedby densestereovision thatare

vertically projectedon theelementarysurfaceit defines.Thestandarddeviation

on the cell elevation is alsostraightforwardly computed,andsincea luminance

valueis associatedto each3D point producedby stereovision, it is alsopossible

to computea meanluminancevaluefor eachmapcell.

Figure4.16shows the digital elevationbuilt from the240 imagesduring the

trajectoryshown in figure 4.4: the resolutionof the grid is here ÏÑÐ ÝmÔ , andno

mapdiscrepanciescanbedetectedin thecorrespondingortho-image,which is the

orthogonalprojectionof theluminanceinformationsencodedin theDEM grid.

Figure4.16: TheDEM computedwith 240 images,positionedaccording to the trajectoryof

figure 4.4: ortho-image and 3D view of the bottom-leftarea. Themapcovers an area of aboutÀ1Â`¸1¸oÉ��
.

Whenclosingaloopafterhaving travelledoveralongdistance,abig disconti-

nuity in therobottrajectoryis likely to occur, aswesaw in thepositioningresults

above. Therefore,to constructa spatiallycoherentenvironmentmap,the trajec-
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tory of therobotshouldbecorrected(in otherwords,oneneedto re-estimateall

the pastpositionsof the robot on the basisof the correctionthat occurredwhen

old landmarksarere-perceived).

Undertheassumptionthatthelocalmotionestimationerrorbetweentwo con-

secutive framesis smallenoughto benegligible, the trajectorycanbeestimated

by aglobaloptimisationmethodwith all observationsof landmarksandlocalmo-

tion estimatesgatheredduringnavigation,asin [Deans01] for instance.But this

kind of batchprocesslimited by the numberof observationsandmotion steps.

An optimalposeestimationapproachfrom a network of relationshave beenpro-

posed[Lu 97, Gutmann99], which consistentlymaintainsthe history of robot

posesanddoesnot useenvironmentfeatures:all thelocal framesof dataaswell

as the relative spatialrelationshipsbetweenlocal framesaremaintained. Even

thoughtheapproachis computationallylessexpensive thanthemethodusingall

observationsof landmarkandlocal motionestimates,sinceall thehistoryof the

robotpositionaremaintained,it is difficult to applyover long ranges,in largeen-

vironments.Moreover, thenonlinearcomplex observationmodelof local motion

(6 parameters)requiresan iterative nonlinearoptimisation,whosecomputation

becomesexpensiveasthenumberof consideredpositionsincreases.

We proposeherea fastbackwardcorrectionmethodwhich locally maintains

theobservationof landmarksanda local motionestimateperstep,usingthecon-

structedlandmarksmap.This local optimisationmethodproceedsfrom themost

accurateestimateof robot’s pose. As long aserrorsin the estimateexist, even

verysmall,themethodis suboptimalbecausetheerrorsinfluencesthelocal opti-

misationin subsequentsteps.Using therobotstateat currentstep � , thestateat

step �
	�Ý minimisesthecostfunctionwith ô observationgivenby

� ü��� ü���	�Ý���� ù Ýß ü��� ü�����	����� ü��������������� ü���� ü�����	����� ü���� �´ö (4.1)Ýßkô
!"
� ü�#$�bü���	�Ý��%	&�#$�bü���	�Ý������������� ü�#$�	ü��
	 Ý���	'�#$�bü���	 Ý�� �

where��� is thevectorof 6 positionparameters,( thevisualmotionestimation

result(control input), #$� theobservation, �#$� theestimatedobservationby ��� , and

� � þ)�*� arerespectively thecovariancesof ( þ)#$� (seesection3.2.2),andtheesti-

mated6 parametersvector ���� ü���� is definedusingthe VME resultandthe robot
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stateat thepreviousstep.

���� ü����Jù,+ ü��� ü��
	 Ý���þ-(aü������
At first glance,it is easilyshown that thefirst termof (4.2) is constrainedby

predictionandthesecond,by observationsof landmarks.Usingtheminimisation

result ��� ü��.	 Ý�� , the robot stateat step �.	!ß is estimatedby the samemethod

above. In this suboptimalmethod,eventhoughthepositionerrorat currentstep

is propagatedto all paststeps,sincethecostfunctionminimisesobservationand

positioningerrorusingbuilt landmarkmapandlocal motionestimationsbetween

two consecutive framesat thesametime, if thelandmarkmapis correct,themin-

imisationof observationerrorateachpositionguaranteesaboundederrorgrowth

duringbackwardcorrection.

Figure 4.17 shows the comparisonof the result of DEM building with and

without backward correctionof the trajectoryof figure4.6: in thepresenceof a

significantdiscontinuityin the trajectoryof robot, a coherentDEM canbe built

with thetrajectorycorrectedby backwardcorrection.
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Figure4.17: Left: theDEM computedwith 400images,positionedaccording to thetrajectory

recoveredby SLAMin figure 4.6. Right: DEM computedon thebasisof thecorrectedtrajectory,

after applyingthe backward correction. Thedifferenceis noticeableon top of the ortho-images

(upperimages),which correspondsto the areasperceivedat the start andendof the trajectory.

Themapcoversanareaof about
Á�¸1¸�¸oÉ��

.



Chapter 5

Discussion

We have presenteda solutionto the SLAM problemthat exclusively usesstere-

ovision. Themainadvantageof our approachrelieson theuseof interestpoints

aslandmarks.Suchpointsareindeedverynumerousin any kind of environment:

no ”obvious” landmarksarerequiredfor the algorithmsto operatesuccessfully,

andthis allowsanactiveselectionof thelandmarksto map.Thereliability of our

interestpointmatchingalgorithmis of courseakey point here,asit allowsrobust

dataassociations.Also, the useof the visual estimationtechniqueasa meanto

achieve the predictionstageof the filter is very efficient: its estimatesarepre-

ciseenoughto yield a fastconvergence,keepingthe filter linearisationsas fair

approximations.Finally, a thoroughstudyandidentificationof thevariouserrors

estimatesinvolvedin thefilter allows to setit up properly, without any empirical

tuningstage,which wouldhavebeenvery tedious.

The resultspresentedshow that thanksto the applicationof an EKF on the

solebasisof stereovision, it is possibleto achieveaprecisepositioningof a robot

after navigation over long distancesin variouskinds of 3D environments. Our

approachis especiallyeffective with aerialimages,wherethevisualmotionesti-

mationprovidesanestimateat leastasprecisethantheoff-the-shelfcheapposi-

tioning sensors(namelyGPSandlow-costinertial sensors),andthe application

of the Kalmanfilter could reducethe positionerrorsdown to a few tensof cen-

timetresafter several hundredsmetersnavigation. Of course,we do not mean

thatoneshouldonly usestereovisionto tackletheSLAM problem:any additional

sensoris of coursewelcomedto solve thecomplex localisationproblem,andour
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algorithmsfor the predictionstage(VME) or the landmarkmappingcould eas-

ily be integratedwith any otherpositioningsensorin a Kalmanfilter framework.

Our point is to prove thatstereovision is an interestingsensorto considerfor the

SLAM problem. And sinceit is a sensoralsorequiredby other functionalities

(e.g obstacledetection,peopletracking,or objectandplacerecognition)in many

applicationcontexts, oneshouldalsobenefitfrom its possibility to localisethe

robotandto mapdiscriminantlandmarks.

Still, severalimprovementsshouldbemadetohaveastereovisionbasedSLAM

solutionrunningon-boarda robot.Besidestheconsiderationof SLAM optimisa-

tion techniquessuchas the considerationof sub-mapsor fastSlamapproaches

(numerouslandmarksarerequiredby our algorithmto operatecorrectly- andthe

updatestageof the Kalmanfilter with 400 landmarksrequiresaround1.0sof a

powerful CPU), the necessityto keepin memorythe whole setof theperceived

imagesis a big drawback. The numberof imagescould be reducedby a factor

of several unities,by keepingonly “key images”in which numerouslandmarks

arevisible. Finally, stereovision is intrinsically limited by thebaseline/depthra-

tio: the3D informationsprovidedby aconfigurationin which this ratio is smaller

thanabout Ý0/fÕ|Ï�132 almostdonotmakesense.This is notabig problemfor ground

robots,thathardlyneedto perceiveusefulinformationsfurtherthana few tensof

meter, but it is a stronglimitation for aerialrobots: for thatpurpose,theconsid-

erationof SLAM with monocularimagessequencesis necessary, which is a very

interestingandchallengingproblem.
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