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Abstract

In robotics theproblemsof ervironmentmodellingandlocalisationareintimately
tied togetheyandmustthereforebe solvedin a unified manner Over the past15
years,therehasbeenseveral contributionsto this simultaneoudocalisationand
mappingproblem(oftenreferredto as“SLAM”), in which landmarksn the en-
vironmentare both mappedby the robot and usedto estimateits position. The
achieementof SLAM encompassegariousprocesseslandmarkdetectionand
matchingfrom subsequenpositions,errorsidentificationof the landmarkposi-
tion estimatefrom a given position,andfinally the useof anestimationtheoryis
requiredto estimateboththerobotandlandmarksositions.

In this thesiswe tacklethe SLAM problemfor robotsevolving in 3D in large
ervironmentswithout ary prior knowledgeon the ervironment,andusingstere-
ovision. A full implementatiorof the variousprocessetasbeenconceved, de-
velopedandexperimentedn variouscontets.

The first part of the thesisdealswith the dataassociatiorproblem: it intro-
ducesa matchingalgorithmfor invariantimagepoint featureswhich is robustto
imagenoiseandviewpoint changes.To establishpoints matchesthe algorithm
mixestheimagesignalinformationatagivenpointwith geometricconstraintdbe-
tweenthe consideregoint and neighbouringpoints. Experimentaresultsshav
thatthealgorithmis versatile in thesensdhatit canestablishreliablematchesn
almostary kind of scene.

The secondpart of the thesisis devotedto the developmentof a SLAM ap-
proachusinganextendedKalmanfilter. Landmarksarethepointfeaturesietected
in theimage,their 3D coordinatebeingcomputedoy sterewision. A full SLAM
implementatioris depicted,jn which the matchingalgorithmis usedfor boththe
motionestimatiorof therobot(Kalmanfilter predictionstageandtheobsenation
of the landmarks.The determinatiorof the variouserrorsinvolvedin the whole
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procesgmotion estimationerrors,sterewision errors,landmarkobsenation er-
rors)is depictedn details.A wayto selecthelandmarkgo bememorisecamong
thenumerougointfeatureds presented.

The last part of the thesispresentsand analysesesultsobtainedin various
contets: with severalhundredsneterlong trajectoriesachiezedby alow altitude
flying blimp, with anoutdoorrover andwith arobotevolving indoor. Whenthe
trajectory“closesaloop”, afastbackward correctionof therobotposesdasedn
thelocal motionestimatesndthelandmarkmapis applied,in orderto beableto
constructspatiallyconsistentarge digital elevationmapsof the ernvironment.



Resune

En robotique,les problemesde la mocelisationd’ervironnementet de la local-
isation sontintimementliés, et doivent par congquentétre résolusde manere
unifiée. De nombreusesontritutionsau problemedela cartographiest de la lo-
calisationsimultaree (souwvent note “SLAM”, pour “SimultaneousLocalization
And Mapping”) ont été propo€esdepuisunequinzained’anrées danslesquelles
desamersde I'environnementsonta la fois cartograplés et exploités pour lo-
calisere robot. La solutionaceproblemepassearle développementedifferents
processus détectiondesamersappariemenentreles amersdétecésa partir de
positionsdifférentesidentificationdesdifferentesrreursde mesuregt enfinutil-
isationd’'unethéoriede l'estimationpour déterminera positiondesamerset du
robot.

Danscettethese nousabordonde problemeSLAM pourdesrobotséwluant
en 3D dansde grandservironnements.en utilisant la steréovision. Une im-
plémentationcompkte desdifférentesfonctionnaliés nécessaires et conaie,
déweloppeeet expérimenéedansdifféerentscontextes.

La premerepartiede la thesetraite du problemed’associatiordesdonrees:
elle présentainalgorithmede miseencorrespondancgepointsd’intérétdétecés
danslesimages,qui estrobusteparrapportau bruit et auxchangementde point
devue. L'algorithmeméle desinformationsrelatvesau signalet a la geéonétrie
qui lie les pointsentreeux. Desrésultatamontrentquel'algorithme estapplica-
ble dansun nombreextrémementvarié de seeneset pour differentesconditions
d’acquisition.

La deuxemepartiede la theseestdédieée au développement’une approche
du problemeSLAM basesur le filtrage de Kalman. Les amerssontles points
d’intérét détecésdansles images,dontles coordon@es3D sontfourniesparla
steréovision. Uneimplémentatiorcompkteestprésenée,danslaquellel’algori-
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thme de mise en correspondancdespoints estexploité pour estimerles dépla-
cementdu robot (étapede préedictiondu filtrage de Kalman)et pour re-obserer
lesamersprécedemmentartographs. La déterminationdeserreursintervenant
dandesdifferentgprocessugestimatiordu mouvement stereovision, obsenation
desamers)estdécriteendétail, etun moyende sélectionneactvementiesamers
acartographieestpréseng.

La dernire partie de la theseprésenteet analysedesrésultatsobtenusdans
différentscontextes : sur destrajectoiresde plusieurscentainesde metresef-
fectueesparunballondirigeableéwluantafaiblealtitude,avecunrobotéwluant
en ervironnementnaturel non structug, et avec un robot éwluanten erviron-
nementsntérieurs.Lorsqueatrajectoire‘ferme uneboucle”,uneméthoderapide
decorrectiondel’estiméedesdifferentegpositionsparlesquellede robotestpas€
permetdereconstruiraun modele numériguedu terrain.
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Chapter 1

Intr oduction

1.1 Context: autonomousnavigation

Autonomoushavigationis afundamentability for mobilerobots beit for ground
rovers,indoorrobots,flying or undervaterrobots. Indeed,all the missionsto be
achieved by suchrobots(e.g. long rangetraversesgexploration,surneillance...)
requirethe ability to move autonomouslyrom oneplaceto anothet

In short, autonomoushavigation is the ability to reacha distantgoal, with-
out any humanoperatorintervention. This ability calls for the integrationof a
wide variety of processedrom low level actuatorcontrol, to higherlevel strate-
gic decisionmaking,via ervironmentmappingandpathplanning. Among these
variousfunctionalities self-localizations definitelyoneof the mostimportant,as
it is requiredat variouslevelsin the whole system from fine trajectorycontrolto
missionsupervision:

e Themissiongo beachiaredby therobotareoftenexpressedn localization
terms,explicitly (e.g. “reachthatposition”, “explorethisarea”...) or more
implicitly (suchasin “returnto theinitial position”whenit is out of sight).
The knowledgeof the robot position (andof the variouspositionsreached

duringits traverse)is thereforerequiredat the missioncontrol level.

¢ Autonomoushavigationcallsfor thebuilding of globalmapsof theenviron-
ment, to find trajectoriesor pathsandto enablemissionsupervision.The
spatial consistencyf suchmapsis requiredto allow an efficient andro-
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12 CHAPTER1. INTRODUCTION

bust behaior of the robot: it is the knowledgeof the robot positionthat
guaranteethis consisteny.

e Finally, the properexecutionof the geometrictrajectoriesprovided by the
path plannerscalls for the preciseknowledgeof the robot motions. Note
thatin this latter case,somevisual guidancetechniqguesanhelp to drive
the robotwithout the explicit knowledgeof its position. However, the do-
main of operationof suchapproachess essentiallyrestrictedto very local
trajectoriesjn amannersimilar to objectcatchingtaskswith anarm.

Deadreckoningtechniquesthatintegrateover time the dataprovided by mo-
tion estimationsensors,suchas wheel encodergor rovers or inertial sensors,
provide an estimationof the robot position asit moves. However, thesetech-
niquesareintrinsically proneto generatgositionestimatesvith unboundeckrror
growth, asthepositionestimatesarededucedrom thecompositionof elementary
noisy motion estimatesVisual motion estimationtechniqueshatusemonocular
sequence$Chaudhuri96, Hegger92, Vidal 01, Garcia0l] and sterewision se-
guencegWeng92, Zhang92, Mandelbaun®9, Mallet 00, Olson01] allow to get
aquite precisemotionestimatebetweersuccessie dataacquisitionsput they are
akinto deadreckoning,andtheir errorsalsogrow with time.

The only solutionto guarantedoundederrorson the positionestimatess to
rely on stableervironmentfeatures.If a spatiallyconsistentnapof the erviron-
mentwhithin which the robot operatess available a priori, map-basegbosition
localizationcan be applied (a numberof successfulapproachedave beenre-
ported,e.g. in [Kwok 03, Borges02, Dellaert99]). Localisationbasedn radioed
beaconssuchas GPS,fall in this cateyory of approachesthe beaconswhose
positionis known, play therole of thea priori map.

On the other hand,it is clearthat if the robot positionis always perfectly
known, thebuilding of anervironmentmapwith theperceveddatais quitetrivial.
If the dataprovide geometricinformationsproperly segmentedfor the chosen
representatioto build, the only difficulty is to dealwith their uncertainties.

Soanaccuratemapis a prerequisitdor absolutdocalization,andin contrast,
anaccuratenapcanbeobtainedwith a correctestimateof therobotmotions.But
in the absencef an a priori map of the ervironment,the robotis facinga kind
of “chickenandegg problem”: it makesrelative obsenationson the ervironment
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thatarecorruptedby errors,while the deadreckoning estimatesf the positions
from which it percevesthesedataare corruptedwith errorsthat grow with the
travelled distance.Theseerrorsin the robot’s posehave aninfluenceon the esti-

mateof the obsened ervironmentfeaturelocations,that arethereforecorrupted
by boththe obsenationerrorsandthe robot positionerrors. Similarly, the useof

the obsenationsof previously perceved ervironmentfeatureso locatethe robot
provide position estimateghat inherits from both errors: the errorsin both the
robot’s poseandthe mapfeaturearecorrelated.

It hasearly beenunderstoodn the robotic communitythat the problemsof
mappingthe environmentandestimatingtherobotlocationareintimatelytied to-
getherandthatthey mustthereforebetakeninto accounttoncurrentlyandsolved
in a unified manner[Chatila85, Smith87]. The approacheshat dealwith this
problemare now commonly denotedas “SimultaneousLocalization and Map-
ping” (SLAM): they consistin concurrentlybuilding up a map of ervironment
features(or landmarks)and localizing the position of the robot using the land-
marks,without ary prior knowledgeon theernvironment.

1.2 SimultaneousLocalization And Mapping

Givena setof ego-motionestimatesandobsenationsof ervironmentlandmarks,
thegoalof SLAM is to accuratelyestimatethe robotandlandmarkpositions,us-
ing therelative obsenationson its motionsandon ervironmentlandmarks Since
the ego-motionestimatesandthe obsenationsare corruptedby errors,if appro-
priate error modelsare available, they can be usedas probabilisticconstraints.
Eventhoughtheconstraintsareinitially loose,aslandmarksarere-obsered,they
becomegraduallytighter, i.e. the precisionon the robotandlandmarkpositions
increases.Figure 1.1 illustratesthe variousstepsinvolved duringa SLAM pro-
cess.

The implementationof a full SLAM approachencompassethe following
functionalities:

e Landmarkdetermination:it consistsn detectingin the perceved datathe
featuref the ervironmentthatcanbe usedaslandmarks,
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Figure 1.1: lllustration of the SLAM problemwith a robot evolving on a plane: (a), erviron-
mentfeatues(or landmarks- corvex corners here) are perceivedand locatedwith an uncertainty
(observation). In (b), the robot moves, and knowsits positionvia an external meanand with
an associatedincertainty(ego-motionestimation: prediction). Thelandmarksare re-observed.
Thanksto matdesof the featuesperceivedfrom the two positions(c: dataassociation)the un-
certaintiesin boththerobotandthefeaturescanbereducedd: fusion). Theprocesggoeson,and
incrementallyestimatesherobotandlandmarkspositionerrors.

e Ego-motionestimation:betweertwo obsenationsof theervironmentland-
marks,anestimateof therobotmotionhasto be provided,

e Dataassociation:it consistsin associatinghe landmarksperceved from
differentrobotpositions,

e Estimation:it consistan integratingthe variousmeasurement® estimate
thepositionsof thelandmarksandtherobotin aglobalreferencdrame. For
thatpurpose an estimateon the errorsin the landmarksandrobot position
measurements required(errorsidentification),

¢ Map managementfinally, for algorithmiccompleity issuesandto ensure
thebestpositionsestimategspossible anactive way of selectingandman-
agingthevariouslandmarkss necessary

Landmark determination

Landmarksarefeaturesn the ervironmentthataresalient,easilyobserableand
whoserelative positionto the robot canbe estimated. The actualdefinition of
a landmarkdependson the kind of ernvironmentwithin which the robot evolves
andon the sensorghe robotis equippedwith. The detectionof landmarksis a
perceptionproblem is consistsn finding in the datathefeaturesgestimatingtheir
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relative positionto therobot,andrepresentingheminto a specificdatastructure.
For robot evolving on perfectplanes(e.g. in indoor man madeervironments),
the landmarkpositionsare expressedn 2D coordinatesand mostof the times
detectedbn the basisof rangedata. If the environmentexhibits somegeometric
structuresasstraightlinesfor instancethesestructuresareideallandmarks Note
thatin theworstcasegasin aperfectlyflat desertfor instance)no landmarksare
availablein theervironment.

Ego-motion estimation

The estimateof therobotdisplacemenbetweernwo dataacquisitionscanbe pro-
videdeitherby somesensorsor thanksto adynamicmodelof therobotevolution.
Thesensorshatcanprovide thisinformationareususallythedeadreckoningsen-
sorstherobotis equippedwith. In theabsencef suchsensorandif thedynamic
modelof therobotis known, themotioncontrolinputscanhelpto predictthedis-
placementandin theworstcasesasimpleassumptiorfsuchasconstanvelocity)
canbeusedto estimatehe motion.

Data association

The perceptionof landmarksis usefulto computethe robot position estimates
onlyif they arepercevedfrom differentpositions:they mustthereforebeproperly
associatedor matched)otherwisethe robot positioncanbecometotally incon-
sistant. A first approachto this problemis to reasonon the positionestimateof
thelandmarksandtherobotto associatéhelandmarksthe positionsof theprevi-
ouslypercevedlandmarkswith respecto the currentrobotpositionarepredicted
on the basisthe currentrobot position estimate,and comparedo the measured
positionsof the landmarks.However, whenthe errorson someof thesepositions
is big, the associationg€an becomeambiguous:this is the casewhenthe robot
re-percereslandmarksafter having travelled alonga long loop trajectoryfor in-
stance.This s all the moredifficult whentherobotis evolving in 3D: the errors
in the predictionof the 6 parametersf therobotposition(3 anglesand3 transla-
tions),rapidly have a drasticinfluenceon the predictedpositionof thelandmarks.
An otherway to solve the dataassociatiorprocesss to recanizethelandmarks,
independentlyfrom their positionestimate. This requiresthat the landmarksbe
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easily distinguishableone from the other andthat they arerepresentedvith a
sufficient setof attributesthatallows to recognizehem.

Estimation

Globaloptimizationtechniqudik e bundleadjustmentisedin “structurefrom mo-
tion” in computervision could be a solutionto the SLAM problem[Deans01],
but they requirea batchprocessingi.e. with all obsenationsandego-motiones-
timatesup to currenttime. In the caseof robotnavigationin large ervironments,
suchabatchestimations notadequateasis doesnot continuouslyprovide anes-
timateof therobotandlandmarkpositions.Furthermorethesetechniqueslo not
provide an estimateof the uncertaintyof the landmarklocations,which is useful
for robotexplorationandpathplanningin unknonvn ervironments.

Theonlineapproache® the SLAM problemconsistsn estimatingaposterior
probability distribution over all the robot and landmarkpositions,with all the
availableego-motionestimatesndlandmarkobsenationsup to the currenttime.
Thedistribution canbewritten as

p(x¢, Oz, u) (1.1)

wherex; is the currentrobot’s stateand ® is the map of landmarks,condi-
tionedon all thelandmarkobsenationsz andcontrolinputsu, the controlinputs
beingtheresultsof the ego-motionestimations.

The posteriorestimationis moresuitableto solve SLAM problemwith noisy
measurementhianamaximumlik elihoodapproachbecausét providesthemost
probablerobotandlandmarkspositionsconsideringanda quantitatve estimation
of theuncertaintyin boththerobotandlandmarkpsitions.To computethe poste-
rior, severalstatisticalestimationtechniquesouldbeengagede.g. Kalmanfilter,
informationfilter andparticlefilter.

Extended Kalman filter Among the differentapproacheso solve the SLAM
problem,the Kalmanfilter basedapproachor variantslik e the informationfil-
ter, is undoubtlythe mostpopular The stateof the Kalmanfilter is the poste-
rior, approximatedoy a multivariate Gausian,representedby the vector of ex-
pectedvalues(mean)and the correspondingcovariancesmatrix, of which the
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off-diagonalelementsepresenthe correlationbetweenlandmarklocationsand
betweenthe robot positionandlandmarklocations. In practice,the systemand
the obsenation modelsbeing non-linear the ExtendedKalman Filter (EKF) is

used:a linear Kalmanfilter formulationis obtainedby linearizingthe non-linear
systemandobsenationmodels.KalmanFilter basedSLAM is theoreticallywell

groundedandit hasbeenprovedthatits applicationto the SLAM problemcon-
verges[Dissanayak 01].

Although EKF-basedsolutionshasbeenmostly usedin the pastdecadethey
suffer from somewell-known problems:the assumptiorthatthe errorsfollow a
Gaussiarprobabilitydistribution, the sensitvity to incorrectdataassociationand
the cubictime compleity of thefilter update.

The uncertaintyof the posterioris representeds a covariancematrix that
maintainsall correlationsof the variablesin the statevector andwhosesizeis
the squareof the statevector Matrix multiplicationsareinvolvedto incorporate
obsenations,which leadsto a compleity which is cubicin the numberof the
statevariables.In large ervironments asnew landmarksareincorporatedvithin
the state the procesecomesintracktable.

The classicaltechniqueto dataassociationn EKF basedSLAM is to assign
eachobsenationto the landmarkthatis the mostlikely to have generatedt, the
likelynessheingdeterminedn the basisof the estimategositionsandvariances
of the landmark. As mentionnedabove, in casethe uncertaintieson the robot
andlandmarkiocationsarehigh, wrongassociatiorbetweerthe obsenationsand
landmarksnightoccur which makesthefilter diverge. This problemcanbeover-
comedby the simultaneousonsideratiorof multiple obsenations,at the costof
highercomputationgNeira01], or by the unambiguousecognitionof the land-
marks.

Otherestimatiorapproachet theSLAM problemhave beenproposedmainly
to overcomethe assumptiorthat the variouserror probability distributions are
Gaussianwhichis requiredoy the Kalmanfilter. Setmembershi@pproachepist
needthe knowledgeof boundson the errors[Kieffer 00, Marco01], but they are
practicallydifficult to implementwhenthenumberof positionparametersxceeds
3, andaresomehav sub-optimal Expectatiorminimizationalgorithmg(EM) have
alsobeensuccessfullyadaptedo theSLAM problem[Thrun 98], andanapproach
thataddressncrementalSLAM in this context canbefoundin [Thrun 00].
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Error Identification The ego-motionandlandmarksrelative obsenationsare
always corruptedby errors. In orderto usethemas probabilisticconstraintsjt
is necessaryo establishappropriatesrror modelsandto estimatetheir quantity
to avoid tedious*filter tuning” stepsandto provide a robustsolution. In casethe
obsenationsaredirectly providedby sensoreadingsrigorousstudiege.g. statis-
tical analysis)on biasandnoisedistribution arerequired.Whenthe obsenations
resultfrom variousalgorithmicprocessesnalyticaltechniqueshatpropagatehe
errorsfrom theraw sensoreadinggo theestimationthroughthevariousalgorith-
mic stagesnustbe applied.

Map management

Oneof themaindifficulty of the EKF basedSLAM solutionis the cubiccompu-
tation compleity causedby keepingthe correlationsbetweenall the statevari-

ableswithin the satecovariancematrix. To apply EKF basedSLAM in large
environments,mary researcherfiave paid attentionto the fact that an obser

vation of a landmarkhave a strong effect on adjacentlandmarks,and hasin

contrastrelatively weak effect on distantlandmarks. Hence,a global map can
be splited into local maps,underthe assumptiorthat the robot lingers a time

long enoughin a sub-rgjion to stabilizethe sub-rgion. Delayedincorporation
of submapsanto the global mapis performedafter the robot moves out of the
submap[Knight 01, Guivant01]. The approache®asedon spliting the global

map into submapdead a sparsedescriptionof the correlationbetweenthe map
elementsof overall map provided by SLAM (e.g. relatve covariancebetween
submaps).Thoroughconsideration®n the relationshipbetweenthe sparsenet-
work of submaps&ndmoreefficientcomputatiorio incorporateobsenationshave

beenreportedBosse02, Chong99, Leonard01].

Recently SparseExtendedIinformation Filter (SEIF), which representghe
SLAM posteriorin thenaturalparametersf multivariateGaussiansasbeenpro-
posed[Thrun02, Thrun03]. The parametersonsistof an information matrix
whichis thereciprocalof the covariancematrix of the standardkalmanfilter, and
aninformationvector(from which theexpectedvalueof the statecanberetrieved
with the informationmatrix). Theimportantpropertyof SEIF basedapproachs
thatthe informationmatrix is dominatedoy a smallnumberof elementsandthe
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updatestepthereforecanbeperformedoy manipulatingonly this smallnumberof
elementsFurthermorethe updatestatesareadditive in the SEIFformulation(to
extracttheoverall landmarkmapfrom SEIF, a matrix inversionis still required).
An alternatve approacho estimataheposteriohasbeenpresentedth [Montemerlo03].

The approachcalled FastSLAMscaleslogarithmicallywith the numberof land-

marksin the overall map and samplesover potentialrobot paths. With motions

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

Application contexts

The SLAM problemhasbeenmostly studiedin the caseof robotsmoving on
planesj.e. whosepositionis totally determinedy 3 parameterganhistoricalpre-
sentatiorof themaincontributionscanbefoundin theintroductionof [Dissanayak 01]).
In termsof sensomodality, solutionsto the SLAM problemhasmainly beenex-
perimentedvith rangesensorgsonarsensor$Leonard91, Wijk 00] orlaserrange
findersin indoorervironmentgMoutarlier 91, Thrun00Q], andmorerecentlymil-
limeterwave radarsin outdoorenvironmentgGuivant01, Dissanaya&01]).

To our knowledge therearemuchfewer contributionsto the SLAM problem
basedon vision. In [Se01], anapproachhatusesstere@ision andvisual scale-
invariantfeaturegransformySITF) for a robotevolving on a planeervironment
is presentedthe dataassociatiorproblembeingsolved a Houghtransformhash-
ing. Recentlyarealtime SLAM approachusinga singlecameracombiningpar
ticle filter and EKF hasbeenpresentedDavison03]. In the approachthe 3D
coordinate®f visuallandmarksareobtainedusinga particlefilter andoncestabi-
lized, they areincorporatednto the statevectorof an EKF. After initializing the
SLAM processwith known landmarks,the SLAM proceedsncorporatingnen
landmarksthe ego-motionbeingpredictedusinga constantelocity model.

1.3 Our contributions

This thesispresentsa solutionto the Simultaneoud.ocalization And Mapping
problemwith sterewision in unknowvn 3D ervironments,in which the robot po-
sitionis totally 3D, i.e. determineddy 3 translationand3 orientationparameters,
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andthat exclusivelyusessterewision. Vision hasthe greatadwantageto allow
both a very precisedeterminatiorof the orientationparametersndthe associa-
tion of stableenvironmentfeatures.Moreover, usinga sterewision bench,range
estimatesf the featuresare directly available, althoughmuchlessprecisethan
thoseprovided by a laserrangefinder We will however seethat thanksto the
Kalmanfilter, it is possibleto achieve extremelypreciselocalizationof the stere-
ovision benchandbuild up a spatiallycoherenimapof ervironment,without the
aid of any otherpositioningsensor

In our approachjandmarksare interest points i.e. visual featuresthat can
be matchedwhen perceved from variouspositions,and whose3D coordinates
are provided by sterewision. The advantageof using suchdiscriminantvisual
featuresaslandmarksis twofold. First, it doesnot requireany assumptioron
the natureof the ernvironment: the presenceof geometricfeaturesor distinctive
elementssuchastrees,rocksor pebbless not required. Second,nterestpoints
are discriminatve enoughto be matchedin imagestaken from different points
of view, regardlessof their correspondingBD position: this allows robust data
associationFor thatpurpose we introducean interestpoint matchingalgorithm
that allows both the motion estimationbetweenconsecutie stere@ision frames
andthe matchingof the currentobsenationsto memorizedandmarks.

We usean extendedKalmanfilter (EKF) asarecursvefilter: the statevector
of the EKF is the concatenatiorof the stereobenchposition (6 parametersand
the landmarks positions(3 parametergor eachlandmark). The visual motion
estimationbetweenconsecutre sterewision framesis usedto predictthe filter
state,andis fusedwith the obsenationsprovided by landmarkmatchings.

The principal contributions of this thesisarisefrom our robustinterestpoint
matchingalgorithm,which providesanimportantbasisto solve the problemshat
make the achiazementof robust SLAM in 3D ernvironmentsdifficult: stablevi-
suallandmarkdetermination preciseego-motionestimationandrobust dataas-
sociation. Thanksto rigorousstudieson the errorson the estimationof the 3D
landmarksposition,on the visual ego-motionestimationandon the obsenation,
we shav showvn thatavery accuratdocalizationandmappingcanbeconcurrently
achiezedin various3D ernvironments.
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Landmark detection In the absenceof any prior knowledgeon the natureof
the objectsthat constitudethe ervironment,salientvisual featurescanbe usedas
stablelandmarksgvenin an environmentwherethereis no discriminantobjects
(e.g. onaflat lawn). Figure1.2 shaws theresultsthe interestpointsdetectedn
variousscenes:suchpoints have good stability propertieswith respectto view
point changesthusenablinga robustdataassociationThe useof interestpoints
aslandmarksnakesthe SLAM applicableo almostary kind of 3D environments,
excepttotally non-texturedregions(i.e. the variationsof intensityaretoo weakto
detectary discriminantpixel).

&
fEa
TEA 4t

Figure1.2: Interestpoints(red crosses)Xetectedn variouservironmentsg.Top row: low al-
titude aerial images; middlerow: outdoorimagestakenby a groundrover; bottomrow: indoor
scenesEvenin lack of texture, interestpointscanbe detectedseetop right image, aerial view of
a lawn). For all theseimages, a detectionthresholdhasbeensetso that the numberof detected
pointsis equalto a fixedvalue
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Robust data association We have developpedan interestpoint matchingal-
gorithm that enableghe matchingof the visual landmarkson the images,inde-
pendentlyfrom the uncertaintyin both the robot and landmarkpositions. Out-
liers thateventuallyoccurcanbe eliminatedby someclassicalrobusttechniques
like RANSAC (RandomSampleConsensus)yhich rootsout mostof the wrong
matches A furtheroutlier removal techniquds appliedto guarantythe rejection
of all theremainingwrong matchesthis providesreliabledataassociationsthat
canbeincorporatechsobsenationsin the KalmanFilter.

Relative obsewationsin non-planar world ToachievetheSLAM, two relative
obsenationshave to be achieved: the ego-motionof the robot betweenconsecu-
tive dataperceptionsandthe estimateof therangeto the percevedlandmarksin
our approachsterewision providesthe rangeestimatesof the visual landmarks
detectedin the images,and a visual motion estimationtechniquethat exploits
the matched3D pointsbetweentwo consecutre framesprovidesa preciseego-
motion estimate.We will seethatonecanachiaze SLAM in the absencef any
additionalsensor

Error identification Threekinds of error must be identifiedin a SLAM ap-
proach:errorsin thelandmarkrelatve measurementgyrorsin thealreadymapped
landmarkobsenations,anderrorsin the ego-motionestimate.In our approach,
theseerrorsresultfrom the processingf noisy data:we will identify themrigor-
ouslywith statisticalandanalyticmethodssothatthefilter setupwill notrequire
ary “tuning” step.

Map management Althoughwe do not useary recentdeveloppemento deal
with thealgorithmiccompleity of the Kalmanfilter, we actively selectthe land-
marksto be incorporatedn thefilter stateamongall the detectednterestpoints,
in orderto limit their number while maximizing their “representatiity” of the
ernvironment.This is madepossibleby anactive control of the numberof interest
points detectedn eachpercevedimage,and an analysisof their precisionand
positionwith respecto alreadymappedandmarks.
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1.3.1 Thesisoutline

Theremaindeof thisthesisis organizedasfollows:

e Chapter2 depictsin detailsthedetectiorof interestpoints,andtheproposed
algorithmto matchthemin differentimages. Variousmatchingresultsil-
lustrateghe developments.

e Chapter3 presentour approacho the SLAM problem,usingexclusively
sterewision. The variousinvolved algorithmsare presentedsterewision,
visualmotionestimation dataassociatiorusinginterestpoint matchingal-
gorithmandlandmarkselection.The KalmanFilter setupis thendescribed,
andthedeterminatiorof thevariouserrorsinvolvedin the whole processs
presented.

e Chapter4 presentsaand discussesesultsobtainedon threevery different
contets: with low altitudeaerialimagesgatheredy a blimp, with images
gatheredy aroverin anaturalunstructurecernvironment,andwith arobot
evolving indoor. It also introducesa way to build a spatially consistent
digital elevationmap,thanksto a determinatiorof all the robotspositions
onceits trajectoryclosesaloop.



24

CHAPTER1. INTRODUCTION



Chapter 2

Inter estPoints Matching Algorithm

2.1 Intr oduction

Landmarkidentificationand matchingis of courseessentiain the SLAM pro-
cess. To implementa vision-basedSLAM, one mustselectfeaturesthat canbe
successfullymatchedunderthefollowing conditions:

e Variationson the grey levels of the images,dueto noiseandillumination
conditions,

e Viewpoint changesthatinducevariationson the imageresolution,on the
aspecbf thepercevedobjects(includingocclusions)andaffectthesurface
of the overlappingareaon theimages,

¢ And finally variationsin the perceved sceneitself, in which objectsmay
appeawor disappeabetweertheimageacquisitions.

Featureganbedirectlytheimagesignal,or edgescontoursJines,regionsde-
tectedon theimage,up to higherlevel semantidnformations.Aiming at design-
ing aversatilematchingalgorithmthatworksin any kind of context precludeghe
useof structuralfeaturessuchasline segmentsthatseldomoccurin naturalervi-
ronmentscenedor instance Moreover, usinglower level featuresavoidsthe use
of fragile sggmentatiomalgorithms:a lot of contributionshave thereforefocused
onthematchingproblemusingdirectly theimagesignalasthefeaturespace.

25
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2.1.1 Relatedwork

Matchingmethodsbasedon local grey value similarity scoresare suitablewhen
the transformatiorbetweenthe two imagesis closeto theidentity, e.g. in stere-
ovision [Faugera®3] or tracking. Varioussimilarity measurenave beenusedor
proposed:the sum of squareddifference(SSD) betweenpixels belongingto a
window surroundinghe pixel to matchis commonlyused[Anandan89, Shi 94,
Papanilolopoulos95]. Commonsimilarity scoreshave beencomparedn [Martin 95]
andanoriginal one,morerobustto signalnoise hasbeenproposedn [Zabih 94].
All thesemethodsarevery sensitve to changesn imagescale rotationandview-
point, because¢hey attemptto matcharigid window betweertheimages:asignal
matchingapproachwith adaptve windows hasbeenpresentedn [Kanade94] to
copewith theaspecthangeslueto theprojectve geometry Still, in orderto gen-
eratereliable matchestheseapproachesequireto focusthe matchsearch.e.g.
with the epipolarconstraintwhich is known in calibratedstereision, or needs
to berecoveredin themostgeneralkcasgZhang95g.

To establishmatchesvhensereralunknovn change®ccurin theimage,one
mustconsiderfeatureshat areasmuchinvariantaspossiblewith respecto any
imagetransformation. Texture descriptorsextractedwith Gaborwaveletshave
theseproperties.Gaborwaveletsmeasurahe signalenegy at a givenfrequeng
anddirection:texturefeaturesareextractedrom theenegy distributioncomputed
in the 2D frequeng/direction space(experimentsshov that humanand mam-
malian vision perform sucha spatial-frequeng analysis[Daugman85]). Such
featureshave beenusedto trackfacial featurepoints[McKenna97], or to search
imagesin databasegWolf 00]. In theseapproachesa high resolutionof spatial
frequeny andangularorientationis required,which is computationallyexpen-
sive.

Pointfeaturesoften denotedas“interestpoints”, aresalientin images,have
goodinvariantpropertiesandcanbe extractedwith muchlesscomputationthey
arethereforeexcellentlandmarkcandidatedor a vision-basedSLAM problem.
The Harris cornerdetectorlocatespointsin the imagewherethe signalchanges
in two directions,by analysingthe auto-correlatiorfunction of the image, esti-
matedwith first orderderivatives[Harris 88]. Furtherstudyin this directionhas
beendonein [Noble 88], and methodswhich usesthe auto-correlatiorof Har-
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ris detectorto detectinterestpointswerepresentedn [Forstner87, Forstner94.

In [Wang95], point featuresarefound usingthe curvatureof theimagesurface,
this curvaturebeingdefinedby the combinationof the cunaturescomputedor-

mally and perpendicularlyto edges. A comparisonof various interestpoints
detectorsis presentedn [Schmid98]: it introducesa modified versionof the

Harris detectorwhich usesGaussiarfunctionsto computethe two-dimensional
imagederivatives,andthat givesthe bestrepeatabilityunderrotationand scale
changegtherepeatabilitypeingdefinedasa quantitatve evaluationcriteriawhich

is the percentag®f repeatednterestpointsbetweentwo images).However this

repeatabilitysteeplydecreasesvith significantscalechanges:in suchcasesa

scaleadaptve versionof the Harris detectoris requiredto allow point match-
ing [Dufournaud00]. But when no information on scalechangeis available,
scaleadaptations not possible:matchingfeaturesn suchcontexts becomegjuite
time consumingscalebeinganadditionaldimensionto searchthrough.To avoid

this, scaleinvariantfeaturedetectionalgorithmshave recentlybeenproposedn

the context of objectrecognitionand imageindexing [Lowe 99, Lindebep 98,

Mik olajczyk01]. However, thesemethodsgeneratanuchlessfeaturesthanthe
standardr scaleadaptve detectors.

To matchinterestpoints, Schmidand Mohr have proposedan approachthat
usedocal grayvalueinvariants|Schmid97], evaluatedn the contet of animage
retrieval application. Local descriptionvectorsusingdifferentialrotationinvari-
antsarecomputedor eachdetectedoint, andpotentialmatchesregeneratedby
a similarity measureggiven by a Mahalanobidistancebetweerthe vectors. The
covarianceusedto computethe Mahalanobiglistancebetweenthe invariantvec-
torsmustbe properlyestimatedrom large setof imagesamples.Sincematches
aregeneratedvithout consideringocal region characteristior geometrictrans-
formationbetweernthe two imagesthey canbe ambiguousandthe initial match
setmustcontaina sufficient numberof inliers to allow the applicationof anout-
lier removal technique. Coarse-to-finemulti-resolutionmatchingmethodshave
beenpresentedywhich generatemagepyramidssothatonly afew prominentfea-
turesare presentat the coarselevels [Rosenfeld77]. The generatednatchesat
the coarsestevel guidematchingprocesgraduallyup to thefinestlevel(original
image).Sincesmalltemplatesat coarsdevelscontainthesignalsof alocalregion
at the finestlevel, the multi-resolutionmatchingprocesgguidedby the matches



28 CHAPTERZ2. INTERESTPOINTSMATCHING ALGORITHM

generatedt coarselevels canbe performedconsideringlocal region character
istic of original image, however thesemethodsare unreliableunderthe signif-
icant viewpoint change(i.e small overlappingbetweenimages). An algorithm
that producesdensematchedrom un-calibratedmagepairs hasbeenpresented
in [Lhuillier 03]. It is initiated by seedinterestpoint matchesestablishedvith a
cross-correlatiomeasurewhichis effective whentheviewpoint changebetween
theimagess rathersmall. A propagatiorof the seedmatchess performedusing
geometricconstraints.

2.1.2 Our approach

Principle. Ourmatchingalgorithmrelieson interestpoint group matching,im-
posinga combinationof geometricand signal similarity constraintsthus being
morerobustthanapproachesolelybasednpointsignalcharacteristicBlung01].

An interestpoint groupis a small set of neighbouringinterestpoints, that
represent small region of the image: the matchingof two groupsin two im-
agesallow to computeanestimateof theactualgeometridransformatiorbetween
the correspondingegions. With groupscomposedf a smallnumberof interest
points,the correspondingegion is smallenoughto ensurethat a transformation
75,0 composedf ascalechanges andarotationchange approximatesgairly well
the actualregion transformationThe estimationof this geometridransformation
is essentialn thealgorithm,asit is usedfor thefollowing purposes:

e Groupmatchhypothesesre qualifiedwith a similarity measurebasedon
the steeredmagederivativescomputedn the correspondingpoints,which
canbecomputecknowing 7 4,

o Similarly, the estimateof 7; , enablesto computea correlationcoeficient
betweerthe pointsof a groupmathhypothesiswhichis usedto validateit,

e Finally, oncea groupmatchis assessedsreliable,the correspondingyeo-
metric transformatiort/; 4 is propagatedn the imagesto focusthe search
for new group matches:this reducesthe numberof match candidatedo
evaluateandthusenablesobustandfastmatching.
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The algorithmdoesnot requirehigh order derivativescomputation,and has
provento beveryrobust,i.e. ableto provide numerouggoodmatcheswhile keep-
ing the numberof outliersvery small, in differentkinds of scenesandin a wide
variety of conditions,toleratingnoticeablescenemodificationsand changesn
viewpoint andillumination. This robustnesss dueto the factthatthe algorithm
simultaneouslycheckspoint matchesand groupsmatches,enablingconsistent
evaluationof the hypotheses.

Algorithm and chapter outline. Thewholematchingproceduras a seed-and-
grow algorithm,thatis initiated by areliableinterestpoint groupmatch.

Thefirst stepof thealgorithmis thedetectiorof theinterestpoints: section2.2
briefly presentscaleadaptve interestpoints,andintroduceshe point similarity
measureve use.

Oncetheinterestpointsof thetwo imagesto matcharedetected|ocal groups
of interestpointsare established.Finding an initial group matchmustbe made
very cautiously asawronginitial groupmatchwould precludethe establishment
of further matchesandcausethe whole algorithmto fail. Section2.3is the heart
of the chapter:it depictsin detailsthe establishmendf a groupmatch,according
to ahypothesiggeneratiorandconfirmationparadigm.A groupmatchhypothesis
is generatedy a pair of point matchespn the basisof the point similarity mea-
sure. The matchhypothesiglefinesan estimateof the geometrictransformation
betweenthe imageregions coveredby the group: this transformatiorallows to
computethe steeredlerivativesanda correlationcoeficientbetweerthe matched
points,andis usedto establisHurtherpoint matcheswithin the consideredyroup.
Finally, a discriminang checkis performedto assesshat the group matchis a
reliableone.

The propagatiorproceduras theninvoked (section2.4): thegeometridrans-
formationdefinedby theinitial groupmatchis usedto focusthe searchfor new
groupmatchesDuring the propagationmoreconsisteng checksareperformed,
in orderto avoid problemscausedy repetitve patternsor the presencef similar
objectsin theimage:if suchcasesaredetectedtheinitial groupmatchhypothesis
is discardedandthewhole procedures startedover.

lllustrative examplesare given throughoutthe charter andrepresentate re-
sultsarepresented@nddiscussedn section2.5. In this lastsection,we alsopro-
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posea way to derive quantitatve measure®f the spatialprecisionof the point
matcheswhich is requiredby the Kalmanfilter in the SLAM solution(obsena-
tion errormodel).

2.2 Interestpoints

To locatepointsin theimagewherethe signalchangedbi-directionally the Harris
cornerdetectorcomputeghe local momentmatrix M of two normalgradientsof
intensityfor eachpixel x = (u, v) in theimage[Harris 88]:

~\ - Iu(X)2 IU<X)IU(X)
M(X,U)—G(X’U)®< L(X),(x)  I,(x)? )

whereG(., d) is the Gaussiarkernel of standarddeviation 5, andI,(.) and
I,(.) arethe first order derivatives of the intensity respectrely in the v andv
directions. The eigervalues(\;, \s) of M(x, 5) arethe principal curvaturesof
the auto-correlatiorfunction: the pixelsfor which they arelocally maximumare
declaredasinterestpoints. It hasbeenshavn in [Schmid9§] thatinterestpoints
aremorestablewhenthe derivativesarecomputedoy convolving theimagewith
Gaussiareriatives:

I,(x,0) = Gyu(x,0) * I(x)

I,(x,0) = Gy(x,0) * 1(x)

whereG,(.,0),G,(., o) arethefirst orderderiativesof the Gaussiarkernel
of standarddeviation o alongthe« andv directions.The auto-correlatiormatrix
is then:

-\ - Iu<xa 0)2 Iu(xa O)L,(X, 0)
M(x,0,0) =G(x,0) ® ( L(x, o)1, (x, 0) L(x,0)? )

2.2.1 ScaleAdaptive interestpoints

To maintainthe derivativesstablewith respectio the imagescalechanges, the
Gaussiarunctionsarenormalisedvith respecto thescalechangdDufournaud0(Q].
Theauto-correlationmatrix of the scaleadaptve Harrisdetectobecomes:
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I,(x, so)I,(x, s0) I,(x,50)?

I,(x,s0)? I,(x, s0)1,(x, so) ) 2.1)

I,(x,50) = sGu(x,50) x [(x)
I,(x,s0) = sG,(x,s0) * [(x)

Figure 2.1 comparedhe repeatabilityof the scaleadaptve detectorwith the
nonadaptve one,with a1.6 scalechange.

If aroughestimateof the scalechangebetweentwo imagesis known (e.g.
with aninitial guesson the cameramotion),interestpointsarecomputedaccord-
ingly beforeattemptinga matchingprocedure.Whenno scalechangeestimate
is available,interestpoints are detectedat differentscalelevels and matchingis
performedfor eachtrial level.

Figure2.1: Influenceof the scaleadaptation. The scalechange betweerthe left image

and the two othess is 1.6, interestpointsare the red crossegfor readability purpose a

high thresholdon their detectiorhasbeenappliedto reducetheir number).Thedetected
pointsin the zoomedmage withoutscalechange consideation are shownin the middle

image: the repeatabilityis here 39%. With the scaleadaptivedetectorthe scalechange

estimatebeingsetat 1.5, therepeatabilityraisesup to 82% - rightmostimage.

2.2.2 Point similarity measure

If the geometrictransformatiori/” betweentwo images!/ and I’ is strictly equal
to ascalechanges androtationchange), andif the grayvaluesof theimagesare
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properlynormalised the following equalityis satisfiedfor two matchingpoints
(x,x') in theimages:

L(x,0,0) \ _ L(x,0) \ [ LI,(x,s0)
( I,(x,0,0) ) = R() ( I,(x,0) ) B ( (!, s0) )

R(O) = 0?30 —sinf
sinf  cost
andl,(x, o, 0) andl,(x, o, §) arethesteeredsaussiamlerivativesof theimage
in thedirectionf [FreemarB1]. As aconsequencaye canwrite:

Since

M(x,0,6)=U Av 0 g
0 Ao

and

M 0,6,8)=U" ( A0 ) ur
0 A

wherethe columnsof U andU’ aretheeigervectors.The principalcunatures
of thetwo matchedpointsarethereforeequal:A\; = A\ andX, = \,.

For two matchingpointsin two imagesof real 3D scenesthis equalityis of
coursenotstrictly verified,becausef signalnoise, andespeciallypecaus¢hetrue
transformatiorof the imageat thesepointsis seldomstrictly equalto a rotation
andscalechange. We definethe point similarity S, betweentwo pointson the
basisof their eigervalues:

min(Ag, )
max (A1, \p)

min(Ag, A})
max(Ag, \y)

The maximumsimilarity is 1.0. The evolution of S,; and S, with respect
to scaleandrotationchangedor matchingpointsis shavn in figure 2.2: the ex-

pectedvalueof the measuras alwaysover 0.8, anddecreasemuchlessthanthe
repeatabilitywith changesn scale.

Spl(X7 XI) = ’ SPQ(Xv XI) =
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Figure2.2: Evolutionof the meanand standad deviation of matding pointssimilarity

with knownrotation and scalechanges. On theright curve theresultscomputedy the

scaleadaptivedetectorwith a scalechang estimatesetto 1.5 are shownwith dashed
lines.

2.3 Interestpoint group matching

2.3.1 Grouping procedure

Onceextractedin the two images!/, I', the setsof interestpoints {x}, {x'} are
structuredin local groups A local groupis madeof a pivot point g, and its

n closestneighbours{gs,...,g,}. To ensurethattheimageregion coveredby

the pointsof a groupis small enough,n is rathersmall (e.g. we usen = 5).

Thegroupsaregeneratedby studyingthe neighbourhooaf eachpointfollowing

a spiral pattern: the groupingprocessis stoppedif the spiral meetsthe image
borderbeforen neighbourarefound. Also, amaximumthresholdonthedistance
betweernthe neighbourgointsandthe pivot is applied,to avoid the formationof

groupsthat would cover a ratherbig region of the imagein low texture areas
for instancewherethereare scarcenterestpoints(the distancethresholdis here
setto 3v/D, whereD is the densityof interestpointsin the image- figure 2.3).

This impliesthatsomepointsdo not belongto any group: their matchingwill be
processedater (seesection2.4.3).

After thegroupingprocesswe endup with two groupsetsG, G':

G=1{G,....,Gn}, G ={G\,....G%}

whereg; denoteghelocal groupg; generateavith the pointx; asa pivot:
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Figure 2.3: lllustration of the point grouping procedue, with n = 2 for readability
purposesGroupshavenotbeengeneatedaroundpointsa andb asthey aretoo closeto
theimage border, and neitheraroundd asno neighbourare closeenough.Threegroups
havebeengeneated,with pointsc, e andf asa pivot(b — f means' b is a neighbourof
f"). In therightimage, wheen = 5, thebluepointsare theonesthathavebeengrouped:
only the pointsisolatedor nearthe border havenot beengrouped.

gi = {g01gla"'agn}7 8o = X;

andtheneighbourd gy, ..., g,} areorderedby their distanceto the pivot:

[vill<..o<l[vall

wherethevectorsv; aredefinedasv; = g; —go and|| . || isthenormoperator

2.3.2 Group match hypothesegyeneration

Giventwolocalgroups(g;, G) in theimagesl, I', asetof hypothesesnthescale
androtationchangeT; , betweenthe correspondingmageregionsis generated
by evaluatingthe possiblevector matdhesbetweenthe groups. A vectormatch
(v, v,) definesascalechanges, , andarotationchange, , computedasfollows:

_ el

v P

/
U Ay

Sp.q Opq = tan w -
p q

!
whereu, = 2, u/, = —~& andA is thecrossproduct.
P lvell? T

lIvell

The setof all possiblevectormatcheg(v,, v;) definedis first prunedby ap-
plying thresholdson the correspondingoint matchessimilarity. This similarity
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measuras thenusedto selectthe bestmatch,whichis afterward confirmedby a
correlationmeasure.

Hypothesespruning. The vector match (v,, v, ) is consideredas a potential
matchif thefollowing constraintsaresatisfied:

Spl(go,gé) and Sp1<xan;) > Ts,

SPZ (gOa gf)) and Sp2<xpﬁ X;) > T$p2

|3p,q — so| < Ty

Thevalueof T} is definedaccordingto the precisionon the initial estimates
of thescalechangeandthevaluesonthetwo thresholds’s,, andT’s,, aredefined
consideringhe evolution of the similarity with respecto scalechangepresented
in section2.2.2. Empirically, a value0.6 for thesetwo thresholdsnsureghatno
goodmatcharediscarded.

To evaluatethevectormatchegv,, v, ) thatsatisfytheseconstraintsye define
thevectorsimilarity S, as:

2
(d(go, 86, S0, Op,q) + d(&p, g4 S0, Opq))

Sv(vpa V:;) =

wherethefunctiond is thesumof the squaredifferencesetweerthe steered
derivativesof two potentialmatchingpoints(x, x'):

d(x,%',80,0) = (I(x,0,0) — I.(x, 500))* + (I,(x, 0,0) — I'(x, s500))*

Thevalueof d canbecomputedhanksto the estimationof 6, ,, which allows
to determindhe steeredierivativeson thebasisof alinearcombinatiorof thetwo
horizontalandverticalderivativesdervativescomputedduringthe interestpoints
extraction[Freemarf1]. Notethatthereis noneedto recomputehesederiatives
with thecurrenthypotheticscalechanges, ,, becaus¢heerrorbetweertheactual
scalechangeandtheinitial one(sy) affectssimilarly all the differencemeasures
of the steeredlerivatives.
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Givenavectorv, in G;, themostsimilar vectorv; in G; amongtheremaining
matchegv,, v,) (if thereexistssome)is givenby:

jg= arg max [Sv(vp,v;)] , g=1,...,n

This definesa matchhypothesish, ; = (v,, v,) for the vectorv,, to which
is associatedhe correspondingransformation7, ; = (sp.4,6p,3). SO a setof
matchinghypothesedd; ; is definedfor thetwo groups(g;, G;):

H;; = {h,;}

The index p being comprisedbetweenl andn (the numberof neighbours
pointsin a group), a maximumnumberof n _hypothesesre generatedor two
groups.

Best hypothesisselection. To selectthe bestvector matchhypothesisamong
H, ;, eachhypothesi, is completedvith additionalpotentialpointmatcheghat
satisfygeometricandsteeredlerivative similarity constraints.

Given an hypothesish, ;, an additional point match (gy, g;) betweentwo
points of the groups(G;, G;) is evaluated. This additionalpoint matchdefines
avectormatch(vy, v;), to which is associate scalechanges,; anda rotation
changed,;, is declaredconsistenwith the hypothesish, ; if the following three
conditionsaresatisfied:

(p<k and <) or (k<p and [<g) (2.2)
|ski = Spal < Ty |Opg — Okal <Th (2.3)
d(gk, &1, 50, Or) < Ty (2.4)

Condition(2.2) expresses constrainon thedistanceof the pointsto the pivot
(theindicesof thegrouppointsaresetaccordingo their distanceo the pivot - cf
section2.3.1).

Condition(2.3) expressegeometricconstraintsthescales;, ; androtationfy;
definedby the vector match (v, v;) mustbe similar to thoseof the hypothesis
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h, ;. Thetransformatior’, ; betweerthe two local groupsbeinganapproxima-
tion of theactualtransformationyve empiricallychoosea valueof 20° for Tj.
Thethresholdl; of condition(2.4)is definedasfollows:

ko
Sv("pv Vi)

Ty= %k(d(go,g(), S0, Op,g) + d(8p, 8 S0: Up,g)) =
q
This last conditionensureghatthe additionalmatchedpointsaresimilar, by
comparingtheir steeredderivatives similarity with the steeredderiatives simi-
larity of the initial vectormatch: the valueof £ is sethigh enough,to avoid the
eliminationof a potentialgoodmatch.
Givena pointgy, in G;, the bestpotentialmatchg; in G; consistenwith the
hypothesish,, ; is the onethatminimisesthe differenceof the steereddervatives
amongthe onesthatsatisfieghe conditions(2.2)to (2.4):

~

l=arg mlin [d(8k, &1, S0y Ok1)] (2.5)

Figure 2.4 illustratesan exampleof the determinatiorof additionalpotential
point matchegyivenainitial vectormatch.

+95
4
g5 +V
G
Vs vl /
7oy,

Figure 2.4: Determinationof additional potential point matces. Givenan hypothesis
hy 3 definedby thevectormatd (v4, v3), thebestpotentialmatd of g5 is determinedy

evaluatinggeometricand point similarity constaints. In theend,thethreepointmatdes

consistentvith hy 3 are obtained:(go, g;), (g4, g3) and(gs, g5)

Onceall thepotentialadditionalpointmatche<orrespondingo anhypothesis
h, ; are determined the group repeatabilityR,(h, ;) and the group similarity
S,(h, ;) of thehypothesisarecomputedasfollows:
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‘hp,ri‘

hy 4l
Rg<hp,é) = Sg(hp’(j) - El.lipl"” d(g- g, so 9')

Con+1’

where|h, ;| is the numberof matchedpointsin h,, ;. The bestmatchhypoth-
esisof H, ; is the onethat maximisesthe group similarity amongthe onesthat
maximiseghegrouprepeatability

2.3.3 Hypothesisconfirmation

It is very importantthat the group matchhypothesis(G;, G;) usedasthe search
seeds areliableone,otherwisethe propagatiomprocedurevouldfail to establish
further matches:a reliable assessmerns required. For that purpose the zero-
meannormaliseccorrelationcoeficient (ZNCC) betweenrall theindividual points
matcheqgy, g;.) definedby thegroupmatchis evaluated:

|Wi|

> (I(pi) = 1(p))(I'(P)) =T (P))
%= T W] /2
(> ) - 1) S (/0) - Ty

=1 =1

wherelV, is the setof pixels{p} definedby a local squarecorrelationwin-
dow centredon g, in I, andon the pixel p’ in I'. The pixelsp’ in I’ are de-
terminedthanksto the geometrictransformatior7;, 4, associatedvith the point
match(g, g}):

&0k

P = st R(0k) (P — &) + g

andthe intensity valuesI’(p’) of the correspondingcorrelationwindow are
computedwith bilinearinterpolation(figure 2.5).

Thepointmatch(gy, g;.) is consideredalid if thecorrespondingNCC score
is above a threshold?’,. The matding strengthof the group match (G;, G;) is
definedas:

S@j:m+§, m<n+1, T,<z<1 (2.6)
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Figure2.5: Rotationand scaleadaptivecorrelation on the potentialmatdhesgeneated
with the besthypothesis, 3 of theexampleshownin figure 2.4.

wherem is the numberof validatedpoint matchegi.e. the groupmatchre-
peatability)and z is the averageof the associatedNCC scores: this kind of
awkward sumdiscriminateghe groupsmatcheghat have the samerepeatability
by themeanZNCC scorecomputedwith the point matches.

A group match (G;, G;) is finally declaredas a valid oneif the associated
matchingstrengthis above a thresholdTs, andthe scaleand rotation changes
of the correspondingieometridransformatior; ; aredeterminedasthe meanof
thescaleanrotationchangeslefinedby all thecorrespondingalid pointmatches.

At this stage a lastcheckhasto be performed.Indeed,if theimagepresents
repetitve patternswith a smallerspacefrequeng thanthe groupsareasize,the
neighbourgpointsof agroupcanbevery similar, thusmisleadingthe point match
establishmentin suchcasesit is verylikely thatagrosserrorontherotationesti-
mateoccur:to avoid this, only thegroupswhoseneighbouraredistinctenoughare
considered.This distinctnessould be checled with first or higherorderderiva-
tives of intensity but this would causeadditional computations. We therefore
definethe discriminancyy,(G;, G;) of agroupmatch(g;, G;) on the basisof the
principal curvaturesof their points:
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VA%gﬁ:l[(%@@m+gﬂﬂ%ﬁyﬂ+(UQﬂ%D+gQﬂ%D>m]
T 2 A(Gi)? + X2(Gi)? AL(G7)% + Xa(G))?
(2.7)

whereX(G) ando(A\(G)) arerespectiely the meanandvariancesf the prin-
cipal curvaturesof the matchedpointsin a group. Thethresholdon the discrimi-
nany 7., is setto avaluesufficiently low to avoid goodgroupmatchesemoval:
empirically, avalueof 0.25 provedto beadequateFigure2.6illustratesthe effect
of consideringthis discriminang measure.Note that similar effects canoccur
with repetitive patternsat higherspacescale:othermeasure$o copewith thisare
proposedn thefollowing section.

2.4 Propagationbasedmatching

Oncea reliable group matchhypothesiss establishedthe propagationprocess
searchesor new groupmatchesusingthe correspondingestimatedmagetrans-
formationto focusthe searchfor candidategroupsin arestrictedimagearea.As
aconsequencejery few groupcandidatesresearchedor, thusspeedingup the
establishmenbf nev matchesand reducingthe probability to establishwrong
matches.Someconsisteng criteriaare checled during the propagationjn order
to detectfalsematcheghatmayoccurwith largerepetitve patternsn theimages,
andto detectcasesvherethegeometryof the scenecauseshe propagatiorto fail.

2.4.1 Propagationprocess

Givenagroupmatch(g;, G;) andthecorrespondingransformatiorV; ; = (s; j, ;.;),
the closesigroupg,, of G; in I is found. Thepositionx;, of the pointin theimage
I’ thatmatcheghe pivot pointx;, of G, is estimatedas

X, = si;R(0i ;) (xx — &0) + &0 (2.8)

Thesetof candidategroupsin I’ thatpotentiallymatchthe groupg; is then

G, = {G'| ¢’ nW(%}) £ 0},
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Figure 2.6: Importanceof the group discriminancymeasue. Thetop imagesshowthe

matdesproduced(greensquaes) after the propagation processexplainednext section,
on the basisof the initial group matd shownby white squaes (the actual scalechange

is 2.2, it hasbeensetas 2 to extract the points). Matchesare geometricallyconsistent,
althoughthey are all wrong: becauseof the repetitivepatterns,the initial group matd

procedue hasbeenmislead. The bottomimages showthe matdesproducedusing an

othergroup matt seed:they are goodmatdes. Thediscriminancymeasue for thefirst

groupmatd is 0.13, whereasit is equalto 0.41 for thesecondgroup matd.

whereW (x},) is a squarewindow aroundx; whosesizeis definedto cope
with errorsin the estimationof thetransformationandn denotegheintersection
of groupwith aregion of theimage: this intersectionis non-nullif a point of a
grouplies within this region.

Note that when the densityof interestpointsin the image! is high, it can
occurthatthe pivot x;, of the checled closestgroupg; is a point thatbelongsto
G;: if this pointis a matchingpointin (G;, G), thereis only a singlegroupin I’
for which matcheswith G;, will betried.
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Thegroupcandidatearethenevaluatedandcompletedaccordingto the pro-
cedurepresentedn section2.3.2,with someslight differencesat the hypotheses
pruningstage:the prior knowledgeon scalechanges, is replacedoy the current
scalechangeestimates; ;, anda constrainion rotationchanges added:

|9p,q - 9i,j| <Ty

Thenumberof hypotheseso evaluateis of courseconsiderablyeducedwith
respecto thefirst matchgroupsearch For the casesn which two pointsbelong-
ing to a candidategroupshave alreadybeenmatchedin the (G;, G}), the group
matchhypothesegeneratiorand pruning stepare skipped,asthesetwo points
directly constitutea bestvectormatch.

Onceanew groupmatchis establishedthe propagatiorprocesss re-iterated
with the correspondindransformationestimate until no more group matchcan
beestablished.

2.4.2 Monitoring the propagation

Therearetwo problemgo considerduringpropagationfirst, repetitve patternof
asizesimilarto thegroupsizecanleadto falsematchesalthoughtheinitial group
matchhaspassedhe testsdescribedn section2.3.3. Secondthe propagation
processcanfail whenthereare big depthdiscontinuitiesin the sceneand large
cameranotions.Thesetwo problemsarehandledoy checkingalocal consistency
measureanda global consistencyneasuraluringthe propagatiorphase.

Local consistency Whensimilarobjectsn thescenerepercevedin theimage,
theinitial groupmatchcanbeawrongone,evenif it hasa highmatchingstrength
anddiscriminang. This would not happenf we could matchgroupscoveringre-
gionslargeenoughto exceedthe sizeof therepeateabjects butin suchcaseghe
assumptiorthata simple scaleandrotationchangetransformatiorapproximates
well the actualimagetransformatiorfor a groupwould be broken (andsowould
beall thegroupmatchprocedureresentedh section2.3).

The ideato detectwhensuchcasesoccuris to checkwhetherthe propaga-
tion processsucceed®r not aroundthe consideredyroup match,in a region a
few times biggerthanthe region coveredby the group. The local consisteng
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7(Gi, G;) of agroupmatch(g;, G7) is definedasthe theratio betweerthe group
matchrepeatabilityandthe repeatabilitycomputedn the expandedegion Q(G;)
thatsurroundghegroupg;:

(n+1) [{mp}|
Vil {xe}|

wheren + 1 and |V, ;| arethe numberof interestpointsand matchesn the
checled group match,x is total the numberof interestpointsin the expanded
region Q2(G;), andmy is the total numberof matchedpointsin this region (these
lestnumberancludethe grouppoints).

If thereis no otherpoint matchin (g;) thanthe groupmatchesj.e. if we
have |V, ;| = [{mg}|, thelocal consisteny is not satisfied.Hencethe minimum
valueof thelocal consisteng is T, = |({’:;1})|.

Figure2.7 illustratesan examplewith awronginitial groupmatchcausedy
the presencef severalsimilar objectsin theimages.

(G, 9;) = xg, mg € Q(G;)

Global consistency Thelocal consisteng of groupmatchess evaluatedn lo-
cally expandedregions: if theseregionsarenot large enoughto exceedthe size
of the repeatedpatternsof objects,somelocally consistentgroup matchcould
still be wrong matches.In suchcasesaspropagatiorbasedmatchingproceeds,
no group matchconsistentvith the wrong matchesare generatedutsideof the
region definedby the repeatedoattern. To assessuchcasesthe distribution of
thegeneratednatchegluringpropagations evaluatedwithin theestimatedylobal
overlapregionsof theimages:whenmatchesrenotregularly establishedh these
regions,theglobalconsisteng is notsatisfied Hence completepropagatiorguar
anteeglobal consisteng of generateanatchesandincompletepropagatiorcan
be detectedoy the partiality of the distribution of matchesn the overlappingre-
gions.
The propagatiorcompletenesgor globalconsisteng) v, is definedas:

_ 9]
fygc - |QG|

where|€2. | is the size of the local region of theimage ! which encloseshe
generategboint matchesofar, and|Q2¢| thesizeof theregion of theimage! that
overlapswith theimage I’. But this definition makesonly sensef the interest
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Figure2.7: Introductionof the local consistencyneasue. On the top two images, the
blue points are the onesthat belongto two groups. The onesthat are surroundedby
a greensquae havebeenmatded: the “car 1" group is badly matded, althoughit

passedll the confirmationtestsof section2.3.3. Thebottomimages showthe pixels of

the expandedegionsin blue: no more additional matheshavebeendeterminedaround
the“car 1” group,its local consistencyneasue is equalto 0.22, the minimumpossible
valuefor this region. In contrast, thelocal consistencyneasue for the“car 2” is equal
to 0.38.

pointsareregularly distributedin the images,which is seldomthe case.Indeed,
if mostof the points are concentratedwithin €27, the global consisteng value
would very low evenif all the matchesareconsistent.Therefore the numberof
interestpointsis usedto definethe sizeof theregions,andthe globalconsisteng
IS re-writtenas:

{xL}|
.= 2.9
= e 29
where{x} = {x|x € Q} isthesetof interestpointswithin Q, and{xs} is
thenumberof interestpointsthe belongto theregion of theimage! thatoverlaps
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with theimage!”: {x¢} = {x|x’ € I'}, in which X’ is thelocationof the point
correspondingo x in I’, estimatedy the equation(2.8) usingthetransformation
of the closestmatchedyroupto x.

The maximumvalueof v, is 1.0 whenthe repeatabilityof the interestpoints
in theoverlappingregionsis 100%. Assumingthatarepeatabilityhigherthan50%
within the overlappingregionsis sufficientto generatggoodmatche§Schmid97,
Jung01], andtaking into accountthe errorsin the estimationof the overlapping
regions,thethresholdontheglobalconsisteng T, . is empiricallysetto 0.4. Even
thoughthis thresholdis not high, it is sufficient to distinguishpartial distribution
of matchesn theoverlappingregionsof theimages.

However, the presenceof depthdiscontinuitiesin the scenecandisturbthe
propagationprocess: occlusionsinducedby viewpoint changescan focus the
searchin wrong areasandthereforebreakthe generatiorof new groupmatches,
andthe propagatiorbecomesncomplete. In suchcasesjf a new group match
canbe determinedwithout focusingthe matchsearch(asin section2.3), andif
the correspondingransformatiorassociatedo this nev matchis consistenwith
the meantransformationassociatedo the alreadygeneratednatchesthe prop-
agationbasedmatchingprocedures continuedwith the (slightly different) nen
transformation.

An exampleof anincompletepropagatiorcausedy abig discontinuityin the
sceneis shown figure 2.8. The white squaregepresenmatchesestablishedso
far, theblue crossesndicatetheinterestpointsin thelocal regionin which group
matchesregeneratedandthewhite onesareall theinterestpointsthatbelongto
theoverlappingregion of thetwo images.Theglobalconsisteng v,. is hereequal
to 0.28: the propagatiorprocesss stoppednew groupmatchesaresearchedor
amongthewhite points.

Figure2.9 showns all the matchesestablisheancea new reliablegroupmatch
hasbeendeterminedandanew propagatiorprocessasediponits corresponding
transformatiorhasbeenachiesed: thecompletenessf thepropagationy,, is now
equalto 0.57, all thematchesaredeclaredconsistent.
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Figure2.8: Incompletepropagationin the presenceof a big discontinuityof scene The
yellowsquae in theright image indicatesthe estimatedocation of the yellow squae in
theleftimage, onthe basisof the matdhesestablishedofar.

Figure 2.9: Matchesestablishedafter a new group matc hasbeendeterminedand a
new propagation procedue achieved.

2.4.3 Non-groupedinterestpoint matching

As noticedin section2.3,somepointsarenotassociatetb groupsafterthegroup-
ing proceduremainly nearthe imageborders. Henceno matchescanbe estab-
lishedfor agroupin theimage! thatis projectedneartheborderin theimagel’
for instance.To avoid this, oncethe propagatiorprocedurds achieved, matches
are searchedor the setof non groupedpoints of the image /. For eachnon
groupedpointx,, the setof candidatamatchesX. in theimagel’ is definedas

X, = {x|x e W(x3)}
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wherex; is the estimatedpositionof x; in I’, estimatedwvith theimagetrans-
formationassociatedo the closestgroup matchof x;, accordingto the equation
(2.8),andwherel¥ (x;) is asearchwindow centringx;.

Thepointscomprisedn X, areevaluatedaccordingo the hypothesigpruning
procesgresentedn section2.3.2: teston the similarity measureof the principal
curvatures,and bestmatchhypothesisselectionaccordingto the steeredderiva-
tives.Thethresholdonthe ZNCC coeficientis thenchecledfor the besthypoth-
esis. Figure2.10shows the additionalmatchegprovided by this lastpropagation
procedure.

Figure 2.10: Non-goupedinterest point matding. Theblue crossesare all the points
aroundwhich a group hasbeendefined(pivot points),thered onesare the othess (either
non groupedpoints, or points around which no group has beenfound). 180 matdes
havebeenestablishedn the upperimages. After the non-goupedpoint matding, 10
additionalmatdheshavebeenfound- lowerimages,neartheborders.
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2.5 Results

Thealgorithmhasbeentestedwith hundredf imagepairsof various3D scenes,
taken from hand-heldcamerasyarious ground robotsand a robotizedairship,

from positionsthat yield variouscomplex image transformations.This section

presentsomeresultsonillustrative examples.

2.5.1 Summary of the whole algorithm

Sections2.2 to 2.4 presentedhe various processesnd testsinvolved to yield
robustmatchestheproceduralescribedelow presentshesequencalongwhich
they aretriggered.

1. Interestpoint computatiorfor I and’

2. Interestpoint grouping:generatiorof G andG’
GO +— G
G, +— G
3. Firstgroupmatchgeneration
while (no groupMatd) and G, # @ do
e randomlyselectagroupg; in Gg
e while (nogroupMatd) and G{, # @ do
— randomlyselectagroupg’; in Gj
— Generatevectormatchhypothesegruneandselectthe bestone

— if ((G;, G';) confirmed)groupMatd < (G;, G';)
elseremovre G'; from Gy

¢ if (nogroupMatd) remove G; from G

if (nogroupMatd) end (no matchegound)
elseremove G; from G ; remove G; from G’ ; proceedo 4

4. Local consisteng check
if (v < T,,,) discardgroupmatch(g;,G’;) ; goto 3
elseproceedo 5
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5. Propagation

6. Globalconsisteng check
if (vge < T,,.) goto3
if (new groupmatchconsistentpoto 5
elsediscardall matches goto 3
elseproceedo 7

7. Nongroupedpoint matching

Thetime performanceof the algorithmmostly dependsn thetime to estab-
lish aninitial reliablegroupmatch. The propagatiorprocedureas thenof course
much fasterto establishmatchesits time being proportionalto the numberof
actualmatchesn the image. Of course,time performancecan be dramatically
enhancedf aninitial estimateof the imagetransformations available (on the
baseon aninformationon the cameramotionfor instance).Thetime to establish
a first reliable group matchis indeedgreatly reducedfor two reasons:only the
groupspositionedin thefirst imagesothatthey arein the overlappingregionin
thesecondmagearechecledfor, andonly afew groupmatchhypothesesnthe
secondmagehaveto bechecled.

2.5.2 Algorithm quality assessment

To definethe effectivenessof the algorithm,i.e. to assegthe numberof outliers
(wrongmatches)iwo evaluationmethodsareused:

e For planarscenesa homographyH is determinedhanksto a non-linear
constrainedeastsquaremethodappliedon the matchednterestpointsco-
ordinates.Thedistancebetweera point p andits matchgq is definedby

du(p,q) =[la—p | (2.10)
wherep = H(p).

e For non-planarscenesyesultsare evaluatedby the distancebetweenthe
epipolarline of a point andits matchingpoint. The fundamentamatrix 7
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thatdefinestheepipolarlinesis estimatedy aleastmediansquaremethod
[Zhang95]. Thedistancds thendefinedasfollows:

dr0.a)= (e -5+l a—al) 211)

wherep, q arethe closestpointson the epipolarlines respectrely defined
by p andq (qFp = 0 andpFTq = 0).

The distanceover which a matchis declaredas an outlier is threetimesthe
averagedistancecomputedfor all the matchesandmustnever exceed1.5 pixel.
This latter constantthresholdis not consideredfor planarscenesto take into
accountthe fact that the perceved scenesare not exactly planar Note that the
algorithmis appliedon raw imagesfor which the cameradistortionhasnot been
corrected: the distortionis correctedbefore computingthe homographyor the
fundamentamatrix to assesgheoutliers.

2.5.3 Thresholdsand parameters

The whole algorithminvolvesseveral thresholdsand parametersthat have been
empirically determined. The valuesto which we corverged are summarisedn
table2.1: for all theresultspresentedere(andduringthe SLAM experiments),
thesethresholdsare not modified

Notethatthethresholdon the matchingstrengthduringpropagatioris setto a
lowervaluethanduringthesearckfor afirst groupmatch:for theestablishmenbf
areliablefirst groupmatch(theseedof thealgorithm),its valueis setto 3.7, which
meansatleast50% of interestpoint repeatabilityanda minimumvalueof 0.7 for
the correlationscore.But during propagationmostof the wrong hypotheseand
candidatedeingeliminatedthanksto the searchfocus, group matcheshaving a
lower matchingstrengthare consideredas good matches:a value of 2.6 make
possiblethe generatiorof matchesevenif the point repeatabilityis only 33% (2
matchesout of 6 membersf group).

2.5.4 Various illustrati veresults

In all the following figures,interestpointsarerepresentetby blue crossesvhen
they arethe pivot of agroup,in redcrosse®therwise. Goodmatchesaredenoted
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Thresholdon point similarity, S,; andS,; 0.6
Thresholdon scalechange [ 0.6
Thresholdon rotationchange Ty 20°
Thresholdon ZNCC, T, 0.6
Thresholdon matchingstrengthfor 15 matchsearchs(,) 3.7
Thresholdon matchingstrengthin propagatiorbasednatching,Ts 2.6
Thresholdon discriminang, T, , 0.25
Thresholdon local consisteny, T, 0.25
Thresholdon completenessf propagation(globatonsisteng), T, 0.4
Sizeof correlationwindow for ZNCC 9x9
Sizeof searchingvindow in propagatiorbasedmatching 21 x 21

Table2.1: Empirical settingof thresholdsand parametes for robust matding.

by greensquaresandthe matchesassessedswrong onesby red squares.The
matchingtime is measuren a SunUItraSparcl0worstation.

Matching with small image transformations Figure 2.11 shavs a matching
resultbetweentwo consecutie aerialimagestaken by an airship. The altitude
of the camerabeing muchbiggerthanthe depthvariationsof the scene which
is ratherflat, the wrong matchesare estimatedusing the homography(equa-
tion 2.10). In this case the detectedwrong matches arenot alwaysactualout-
liers, but rathermatcheghatinvolvespointsdetectedvith apooraccurag, ascan
be seeronthefigure: indeed the meandistanceof rejectedmatchesomputedy
theequation(2.10)is only 2.66 pixels.

Figure 2.12 shows the proportionof inliers found for a sequencef 64 con-
secutve imagesof thesamesceneandthedistancevaluesd,, of thematcheghat
have beenconsideredasoutliers. Again, in all thesecasesmostof the detected
“wrong matches”are not always actual outliers: their averagedistanceis 2.54
pixel.

Matching with compleximagetransformations A resultwith significantvari-
ationson the illumination conditionsand with large cameramotion is shovn in
figure2.13. Thesolewrongmatchdetecteds notanactualmiss-matchthemean
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Figure2.11: Geneatedmathesbetweera pair of consecutivaerialimages(size384 x

512), with slightchange of translationandrotation: 4 wrongmatdesout of 342matdes,
matdingtimeis 450ms
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Figure2.12: Percentaye of inliers matcesfor the 63 run of thealgorithm,anddistances
of the pointsthat havebeenconsideed asoutliers.

of the distanceglefinedby equation(2.11)is here0.24 pixel, andthe distanceof
thediscardednatchis 0.84: it is ratheranerrordueapooraccurayg of theinterest
pointlocation.

Figure2.14presentshe matchingresultsfor a two non-consecutie aerialim-
agegakenfrom the sequencén figure2.12.

A matchingresultontwo 480 x 640 indoorimagess showvn in figure2.15:no
matchedave beenestablishe@dnthepeoplewho movedbetweertheacquisitions.
The algorithmhasbeenappliedon the original distortedimages,andthe bottom
imagesshow the epipolarlines definedby the fundamentaimatrix computedon



2.5. RESULTS 53

Figure2.13: Matching resultfor a 192 x 256 of animage pair, with significantillumina-
tion changg, translationand smallrotation. Only onewrong matd is detectedut of 30
matdiesand matding time 80ms.

Figure 2.14: Matching resultfor two 384 x 512 aerial images, with a big viewpoint
change. 2 wrongmatdesare detectedut of 42 mattes- the matding timeis 640ms.

thedistortion-correctedmages.
Figure2.16shavs anexamplein which alarge panoramiaotationof thecam-
eramakesthe overlappingregion of thetwo imagesreally small.

Matching with significant scalechanges In caseof scalechangegreaterthan
1.5, matchingis performedwith the scaleadaptve interestpoint detectoy with
ana priori estimateof the scalechange.However, for the following examples,
9 differentscaleshave beenchecled (s, 1.5s, 2s, ..., 5s with s = 1): eachtrial
scalechangds usedastheinitial scalechangeestimate.
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Figure2.15: Matching with viewpointchange andmoving elementsn thescene 4 wrong
matdesout of 204 matdesare detectedy evaluatingwith the distancecomputedising
epipolarlines- thematding timeis 140ms.

Figure2.16: Matching with a very smalloverlappingregion causecdby a big panoamic
rotationof thecamee.
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Figure2.17presentshematchegoundfor two 384 x 512 imagesof aparking
lot. Whenapplyingthe 9 differentscalesmatchesaregenerateanly for the 1.5

scalechangeestimateandnota singlematchhasbeengeneratedor all the other
scales.

Figure 2.17: Matching with a small scalechange and viewpoint change. One wrong
matd is detectedbut of 21 matdes,with aninitial guessonthescaleequalto 1.5.

Figure 2.6 of section2.3.3shoved a reliable group matchsatisfyingthe dis-
criminang constraint.Figure2.18shows the matchingresulton thesemagesaf-
ter the whole propagationyith aninitial scalechangeestimateof 2 (no matches
have beenfoundfor all the otherscalechangetrials).

R .

Figure2.18: Matching with scalechange: only onewrongmatd outof 123matdes,the
matding timeis 810ms.

Theimagesof figure 2.19have beenusedastestimagesin [Dufournaud00],
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to evaluatea matchingalgorithmbasedon local grayvalueinvariants.Our match-
ing resultsaresimilar to the resultspresentedn [Dufournaud00], but only good
matcheshave beengeneratedvith the two initial scalechangesstimates3 and
3.5, no outlier removal is necessaryAgain, no matcheshave beenfound for all
theothertestednitial scalechanges.

Figure2.19: Matching resultat differentscales(182 x 250 images). Theupperimages
showthe resultwith an initial scaleestimateequalto 3, and the lowers with an initial
estimateequalto 3.5. Nowrong matd are detectedn both casesthe matding timesis

20ms.

Finally, figure2.20shavstheresultwith two aerial384 x 512 images:matches
wereonly foundfor a scaleestimatesqualto 3. All theseresultswith significant
scalechangeprove thatanaccurag of 0.5 unity onthe scalechangds sufficient.
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Figure2.20: Matching with rotationandscalechange. Onewrongmata is detectecut
of 32 matdes,thematting timeis 110ms.

2.5.5 Matching accuracyestimation

Outlierscanberejectedhewaywe detectedhemin thepreviousresults of thanks
to algorithmssuchas robust fundamentamatrix estimationbasedon RANdom
SAmple Consensu$RANSAC). For the remaininginliers, the estimationof the
spatialprecisionof the matchess essentiain variousapplications,suchas 3D
sceneeconstructiorior instance.

Quantitatve measure®f the matchespatialuncertaintyare estimatedy fit-
ting a Gaussiardistribution to the correlationsurfacecomputedn a searcharea
surroundingthe matchedpoints. Sincethe interestpoint locationerroris very
small,i.e. in generalsub-pixellic without significantscalechange[Schmid98],
the consideredareaaroundthe pointsis alsosmall (5 x 5 pixels). The values
of the pixelsin the correlationwindow surroundingthe pointin theimagel’ is
computedwith the transformationassociatedo the correspondingyroup match
transformationusinga bilinearinterpolation,aspresentedn section2.3.3.

Asin [Singh92] and[Nickels02], we definetheresponselistribution % (u, v)
onthe pixelsof thewindow surroundinga matchedpointby :

%(U, U) — efk(lfz(u,v)

wherez(u, v) is thescoreof ZNCC, andk is anormalisatiorfactorchoserso
that

> R(u,v) =1

u,vEW
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Is it clearthata pixel within W thatyieldsa low responses lesslikely to be
a good matchthana pixel thatyields a high responsethe responsadistribution
canthereforebe interpretedasa probability distribution on the true matchloca-
tion. Underthe assumption®f additve, zeromeanandindependenerrors,the
covariancematrix P,,, onthelocationof the matchedoointin I’ is givenby

0-’(2/4 Uumvm
Pm:( o ) (2.12)

Ot m g

Um

> Ru,v)(u — um)?

2 __ uveEW

tm Z R(u,v)

u,veEW

Z R(u,v)(v — vy)*

2 _ uveEW

vm Z R(u,v)

u,vEW

ZW R(u, v) (U — ) (v — V)
Z R(u,v)

u,EW

whereu,,, v, arethe coordinatesof the matchedpoint. The diagonalele-
mentsof (2.12) representshe normalisedvariancein the verticalandhorizontal
directionsandthe off-diagonalelementsarethe normalisedcovariances.

Thedistribution of theestimatedrecisionof the matchegor fourimagepairs
shavn above arepresentedhn figure2.21,andtable2.2 compareshe meanerrors
computedover all the matchedor the samefour imagepairs: it appearghatthe
smallerthetransformatiorbetweerthematchedmagess, thebetterthe precision
is. Thefiguresindeedshaw thattheestimatedr,,, o, of thematchedoundin figure
2.11aresmallerthanthoseof figure 2.10: with small viewpoint changesa high
repeatabilityof theinterestpointsis ensuredandtheir positionis morestablethan
with biggerviewpointchanges.

Whenthereis a significantscalechangebetweerntheimagesto match,thelo-
cationerrorsof matchesreestimatedn the high resolutionimage:the matching
precisionis thereforedegradedpecause pixel in thelow resolutionimageis split
into severalpixelsin thehighresolutionimage.Thus,thelocationerrorof interest
pointsis proportionalto the scalechange.

Oumvm —
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Figure2.11

Y R

Figure2.10

1
P bk

Figure2.18

Figure2.20

Figure2.21: Precisionestimation:distributionsof &, (top histagrams)and o, (bottom
histagrams) for the setof matthesgeneated by four image pairs shownabove (figure
refelenceson the bottomline).

Matchesof fig. || 2.11| 2.10| 2.18| 2.20
Scalechange | 1.0 | 1.0 | 20 | 3.0
o, (pixels) 0.51] 0.67| 0.84| 1.50
o, (pixels) 0.51] 0.65| 0.90| 1.48

Table2.2: Comparisorof the vertical and horizontalmeanlocation error for the setof
mathesgeneatedby four image pairs
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Chapter 3

SimultaneousLocalisation And
Mapping with stereovision

3.1 Intr oduction

To tacklethe SLAM problemin real 3D ervironmentsthefirst prerequisitas the
ability to make relative obsenationsin 3D: 3D coordinate®f landmarksandthe
6 parameter®f ego-motion. The secondprerequisitds the ability to determine
stable3D landmarksandthethird is to guaranteeobustdataassociation.
Theapproactwe proposehereexclusively useshecalibratedbinocularstereo
benchjs applicablan 3D environmentswith 3D robotmotions,andsatisfieghese
threeprerequisitesevenwithout any additionalpositioningsensor:

e Rangeto 3D points: givenasteredrametakenby the pre-calibratedtereo
bench,the interestpoints are detectedon salient3D objectsin the scene
projectedontotheimageframe,andtheir 3D coordinatesarecomputedoy
sterew@ision.

e Ego-motion: oncethe interestpointsare detectedn a stereoframe,only
someof themare selectedaslandmarksthe remainingpointsare usedto
estimatethe ego-motionof therobot. As shavn in theliterature[Mallet 00,
Olson01], sterewision-basedgo-motionestimations in generalmoreac-
curatethandead-reckning.

61
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e Stable3D landmarks: The numberof detectednterestpointsdepend®n
boththe detectionthresholdandtheimagetexture: evenin aweaktextured
image,a high numberof interestpointscanbe detectedvith a low thresh-
old. Hence,a desirednumberof interestpoints per imageis empirically
pre-fixed,andtheinterestpointsdetectionprocessautomaticallyadjustshe
detectionthresholdaccordingto the desirednumber As aresult,enough
landmarksarealwaysdetectedindependentlyrom the percevedscene.

e Robust data association: Theinterestpoint matchingalgorithmpresented
in the previouschapteris usedto matchthe currentdetectedgointswith the
landmarkghathave alreadybeenmapped Sincethe matchingalgorithmis
effective with no prior knowledgeon imagetransformatior(exceptarough
scalechangeestimate)the obseredpointarecorrectlymatchedo existing
landmarkswithout using the currentestimatedrobot pose. Moreover, we
will introducea supplementaryputlier removal techniqueto ensurethatno
wrongassociationsanoccut

3.1.1 Principle of the approach

The variousalgorithmic stagesachiezed every time a stere@ision imagepair is
acquiredaredepictedn figure 3.1:

1. Sterewision: the 3D coordinateof interestpointsis provided by stere@i-
sion, alongwith an estimateof the covarianceson the coordinatesof the
computed3D interestpoints.

2. Interestpointsdetectionand matching: interestpoints are detectedn one
of theacquiredmagesandarematchedwith theinterestpointsdetectedn
thepreviousstep.If therobotis within analreadymappedareathecurrent
interestpoints are also matchedwith the imagein which landmarkshave
initially beenmapped.

3. Landmarkselection:asetof selectiorcriteriaareappliedto thematchedn-
terestpoints,in orderto partitionthemin threesets:anobsered-landmark
set, a non-landmarkset, and a candidate-landmarkset. The obsered-
landmarksarethe detectedpointsthat matchesalreadymappedandmarks,
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non-landmarkgpointswill solely be usedto estimatethe elementarymo-
tion betweenthe currentand the previous step, and candidate-landmarks
arepointsthatmay be addedto the thefilter state,if they passthroughthe
selectioncriteriaduringthe next steps.

4. Visualmotionestimation(VME): theinterestpointsretainedas’non-landmarks”
areusedto estimatehe 6 motionparameterbetweerthe previousandcur-
rent steps,using a least-squareninimisation. The associatecovariances
arealsoestimatedby propagatingsterecandmatchingerrors.

5. Positionrefinementzthisis the updateof the Kalmanfilter state.

Image1 (k)

‘ Sterec'ision H 3D interest points (k) }7
Image2 (k) |— T

Interest point :
4,( Interest points (k
detection P (K] ‘

h 4
Motion . Relative
estimation position (k/ k-1)

| Landmarks (k1) |—— + 3

| Interest point

| Other points (k-1) |—— matching .
MWatched Kalman
Candidate e !
aints (k k-1 filter
landrmarks (k1) points (k /k-1)
‘ Cld landmarks }7 Landmarlk Matched landmarks
selection feF k1, ke d kem)
¥
Global ition (k
Candidate obal position k)

landmarks (k)

Figure3.1: Functionalarchitectute of our approac to the SLAM problemon the solebasisof
stereovision

Thereis animportantpoint to mentionhere: indeed,the stere@ision bench
beingtheonly sensousedin our approachits datais usedbothfor theprediction
stage(visual motion estimation)and the obsenation stageof the Kalman filter
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(reperceptiorof mappedandmarks). The predictionand obsenration arethere-
fore not fully independentwhich violatesa necessargonditionfor the filter to

bevalid. However, in the absencef calibration errors of the stere@ision bench,
applyingthe predictionandthe obsenation stageson two separatesetsof points
doesnotinduceary correlation(whichis clearif oneconsiderghatthe pointsto

estimatethe ego-motionandthe landmarkpointsare perceved by two different
sterew@isionbenches)thisis why theinterestpointsareseparateth differentsets
during the landmarkselection. Still, the assumptiorthat thereis no calibration
erroris of coursenever satisfied andthe errorsof the predictionandobsenation

stagesarethereforecorrelated But notethatthis phenomenomccursfor mostof

theexisting SLAM solutions,in which two differentsensorsareusedfor the pre-

diction and obsenation stagespecauseahe constant3D transformatiorbetween
thetwo sensorgnountedon therobotis never perfectlyknown.

3.1.2 Outline of the chapter

This chapterorganisedasfollows:

e Thenext sectionpresentshe ExtendedKalmanFilter formalism,andspec-
ify how we useit to developa solutionto the SLAM problemwith stereo-
visiononly. In particular the errorsto identify areexhibited.

e Section3.3 presentghe sterewision algorithm,which providestherelative
obsenationsto landmarks.

e Section3.4 presentghe visual motion estimationalgorithm,which consti-
tutesthe predictionstageof the Kalmanfilter.

e Section3.5 depictsthe stratgy usedto selectthe landmarksamongthe
numerousnterestpointsdetected.

e Section3.6 presenthiow theinterestpoint matchingalgorithmpresentedn
the previous chapteris usedto tackle the dataassociatiorproblemin our
context.

Finally a smallsummaryconcludegshe chapter
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3.2 Kalman Filter Setup

3.2.1 ExtendedKalman filter

The EKF is an extensionof the standardinear Kalmanfilter, thatlinearisesthe
nonlineampredictionandobsenationmodelsaroundthepredictedstate.A general
discretenonlinearsystemis modelledas

2k +1) = f(z(k), u(k + 1)) + vk + 1) (3.1)

whereu(k) is acontrolinput, v is avectorof temporallyuncorrelategprocess
noisewith zeromeanandcovarianceP,, (k).
Thenonlinearobsenationmodelof the systemis modelledas

z2(k+1)=h(z(k+1)) +wk+1) (3.2)

whereh mapsthe statespacento the obsenationspaceandw is a vectorof
temporallyuncorrelatesbsenationerrorswith zeromeanandcovarianceP,, (k).

In theKalmanfilter framework, the stateestimationencompassebreestages:
prediction,obsenationandupdateof the stateandcovarianceestimates.

Prediction. The stateandobsenationsarepredictedusing(3.1)and(3.2),and
the statecovariances obtainedthroughthelinearisationof (3.1):

2k +1 k) =f(@k),u(k +1)) (3.3)
Zk+1|k)=h(z(k+1]|k)) (3.4)
Pi(k+1|k) = VIPs(k)VE" + P, (k+1) (3.5)

Observation. Thetruestatez(k + 1) is obsened,yielding theinnovationv(k +
1), thecorrespondingovariancebeingobtainedby linearising(3.2):

vk +1) =2k +1) — 2(k+ 1| k) (3.6)
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S(k+1) = VhPg(k+1|k)VhT + P, (k+1) (3.7)

Update. The updatestagefusesthe predictionandthe obsenationto produce
andestimateof the stateandits associate@dovariance accordingto thefollowing
formulas:

Fk+1|k+1)=zx(k+1]k)+KE+1rk+1) (3.8)

Pi(k+1|k+1)=Pa(k+1|k)-Kk+1DSk+1DK" (k+1) (3.9

inwhichK(k +1) = P3(k + 1 | k)VhTS 1(k + 1) is the Kalmanfilter gain
matrix.

3.2.2 Filter setupfor SLAM with stereovision

In ourapproachthe stateof thefilter is composeaf the 6 positioningparameters
x, = [¢,0,1,1,,1,,1,] of the sterewision bench(or therobot- the notationsare
the sameasin the first part of the paper)andof a setof N interestpoints 3D
coordinatesn; = [z;, y;, 2,0 < i < N:

x(k) = [xp, m; - - - my] (3.10)

Theassociatedtatecovariancehasthe following form:

P, (k) P (k) ]

PE= BT (h) ()

whereP,, representtherobotposecovariance P, thelandmarkcovariance
andP,,, thecross-coariancebetweertherobotposeandlandmarkestimates.

Prediction. Underthe assumptiorthat landmarksare stationary the statepre-
dictionis:

X(k+1| k) = f(k + 1)(%(k),u(k + 1)) (3.11)
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whereu(k + 1) = (A¢, A0, Ay, At,, At,, At,) is thevisualmotion estima-
tion resultbetweerk andk + 1 positions.Thepredictedstatecovariancgequation
3.5)is writtenas:

Pok+11k) = Vf(k+1)Pu(k)V,f (k+1)+
Vuf(k + DR, (E)V AT (k+ 1)+ Py (k+1) (3.12)

Pk + 11 k) = V,f(k + )Py (k) (3.13)

Pk + 1 k) = Pryn() (3.14)

whereR,, representshe error covarianceof the visualmotionestimationre-
sult Notethatthe covarianceof landmarkds notchangedn the predictionstage.

Observation. Whenobservingtheith landmarkthe obsernationmodelandthe
Jacobiarof the obsenationfunctionarewritten as:

zi(k+1]k) =h(k+1)&(Ek+1]k)) (3.15)

Vh;(k) = [V,h(k), 00, Vo hy(k), 0+ - - 0] (3.16)

whereh;(k + 1)(x(k + 1 | k)) is afunction of the predictedrobot stateand
the ith landmarkin the statevector of the filter: it canthenbe alsowritten as
h;(k + 1)(%,(k + 1 | k),m;(k + 1 | k)). Theinnovation andthe associated
covariances written as:

vilk+1) = zi(k+1) — 2;(k + 1| k) (3.17)

Si(k+1)=Vhy(k+ 1)P(k+ 1| k)Vh"(k+1) +Ri(k + 1) (3.18)

whereR; representshe error covarianceof ith landmarkobservation
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Update. The updatestageof the stateand associatedovarianceestimatess
madethroughthe applicationsof equations(3.8) and (3.9), in which the gain
matrix K, innovation~ andassociate@ovarianceS arerespectiely replacedoy
K;, v; andS;.

If no obsenation are made(i.e. if no alreadymappedlandmarksare re-
perceved), the obsenation and updatestagesare not activated: the stateandits
covariancearejust updatedoy the predictionstage.

Whendetectinga new landmark,it is addedto the statevectorof the filter,
thatbecomesk (k) = [x,(k), my (k) - - - my(k), iy (k)] (its sizeincreasedf 3
units). Thelandmarkinitialisationmodelis:

iy (k) = g(k) (% (k), 2n11(K)) (3.19)
Ppp(k) Py (k) (Vog(k)Ppp(k))"
Pk)=| Py’ (k) Prm(k) (Vg (k)Ppm(k))" (3.20)
Vog(k)Pyp(k)  Vpg(k)Pym (k) P m (k)

P (k) = Vg (k)P (k) V,87 () + Vg (k)R (k) V.87 (k)

wherezn_ 1 (k) denoteghe new landmark,P’,..,,,(k) is the associatedovari-
anceof zn 11 (k) ,g(k) representtheinitialisationfunctionusingthecurrentrobot
poseestimateandR,, is theerror covarianceof thenew landmark

Err ors to identify

To implementtheKalmanfilter in our contet, thefollowing errorsmusttherefore
beestimated:

¢ thelandmarkinitialisationerror(covariancematrixR..,,),

¢ thelandmarkobsenationerror(covariancematrixR; for theobsenedland-
marks),

e andthe error of the input control u, which is the visual motion estimation
result(covariancematrixR,,).
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It isimportantto obtainaprecisedeterminatiorof theseerrors,asit will avoid
theempiricalfilter tuning” step.

Finally, note that in our approachthe lumpedprocessnoisewv is setto 0,
landmarkseingstationaryandtherobotposepredictionbeingdirectly computed
with the currentposeandthe ego-motionestimation.

3.3 Landmark relative measurements: stereovision

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

robotaredeterminedy sterewision. Dependingontheapplicationcontext, dense
stere@ision might be requiredduring the navigation (e.g. to detectthe obstacles
or to build a digital elevation map): in sucha case the interestpoints 3D posi-

tionsarerecoveredin the 3D pointimageproduced.If densesterewision is not

required,then stereision needsonly to be performedon the detectednterest
points(sparsesterewision).

Whena new landmarkis detectedthe covariancematrix R,,, on its stateco-
ordinatess totally definedby the sterewision error. Onceidentified,anew land-
markis addedn thefilter statevectoraccordingequation(3.19),andits uncertain-
ties are propagatednto the stateestimatecovariancematrix accordingequation
(3.20).

3.3.1 Densestereovision

Principle of the algorithm. We usea classicalpixel-basedstere@ision algo-
rithm now widely usedin robotics,thatrelieson an off-line calibratedbinocular
sterew@ision bench.Thevariousstagef thealgorithmarethefollowing:

1. Theimagesarefirst warped(rectified)sothatepipolarlinesarehorizontal,
which allows a dramaticoptimisationto computesimilarity scoresetween
the pixels[Faugera®3].

2. Thedisparitiesbetweemmatchingpixelsareestimatedrom thewarpedim-
agepair thanksto a correlation-basegixel matchingalgorithm. We use
eitherthe ZNCC criteriaor the Censugmatchingcriteria[Zabih 94]. Once
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matchesare generatedising the correlationcriteria, falsematchesare re-
movedthanksto areversecorrelation.

3. Finally, the 3D coordinate®f all the matchedpixelsaredeterminedusing
therelative 3D positionbetweerthetwo camera®f thebenchprovided by

theoff-line calibrationstage.

Figure 3.2 shaws theresultsof the densesterewision algorithm,in threedif-
ferentcontexts.

Figure3.2: A resultof the densestereavision algorithm,in variouscontexts. Fromleft to right:

oneof the original image, disparity map (the disparitiesare inversely proportional to the depth
of the pixels,and are shownhere in a blue/closegreen/farcolour scale),and 3D image, rendeed
as a meshfor readability purposes.Top to bottom: aerial imagestaken at about30 m altitude,
imagestakenin a natural outdoorervironmentandimagestakenin a indoor ervironment.Note
thatin indoor ervironmentsthe lack of texture makesthe algorithm quite ineffective andthe 3D
coordinatesof only a few pixelscanberecovered.
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An error model of densestereovision. During the stereomatchingphasedis-
paritiesarecomputedor integervalues the matchingdisparityd,,, beingtheone
thatmaximiseshe similarity scores. In orderto getafiner disparityestimatea
sub-pixellic disparityd,, is determinedy fitting a parabolao thesimilarity score
curve atits peak,the parabolabeingdefinedby the similarity scorescomputedat
disparitiesd,,, — 1, d,, andd,, + 1. Thesub-pbellic disparityis the disparitythat
maximiseghefoundparabola:

s(dm — 1) — s(dm + 1)

o = Ao S a Y — s(dy = 1) % (5] = 5(dos £ 1]

(3.21)

The sourcef errorsin the disparityestimatesaretheimagenoise,the slight
viewpoint changeof the two camerasthe spatialsamplingof the sceneinduced
by the camerasthe sizeof the correlationwindow used,andtheinterpolationof
the similarity scorecurve. Thoroughstudiesof thesephenomenaan be found
in thevision literature,but they leadto complex algorithmsthatarenot tractable
on-line.

In orderto have anestimateof thedisparityerrors,we studiedthedistribution
of the disparitieson a setof 100 sterecimagepairsacquiredfrom the samepo-
sition. As in [Matthies92], it appearedhatthe distribution of the disparitycom-
putedon ary givenpixel canbewell approximatedy a Gaussiarffigure3.3). But
amuchmoreinterestingactis thatthereis a strongcorrelationbetweertheshape
of thesimilarity scorecurve aroundits peakandthe standardleviation onthedis-
parity: thesharpethepeak,themoreprecisehedisparityfound(figure3.3). This
ratherintuitive relationis the basisof our errormodel: on line, duringthe stereo
matchingphasea standardieviation ¢, is associatedo eachcomputeddisparity
d, usingthe curvatureof the similarity scorecurve atits peak. This is doneat no
extra computingcost,asthis curvatureis the oneof the interpolatingparabolaat
its peak.

Oncematchesareestablishedthe coordinatef the 3D pointsarecomputed
with the usualtriangulationformula:

'Note thattheredoesnot exist any theoreticgroundthatjustifiesthe useof a parabolicinter-
polation. It is only simpleto compute andit shiftsthe valueof theinteger disparitytowardsthe
neighbourthatgivesthe highestsimilarity score whichis intuitive.
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Figure 3.3: Left: examplesof someprobability densityfunctionsof disparitiescomputedon a
setof 100 image pairs, with the correspondingGaussianfit. Right: Standad deviation of the
disparitiesasa functionof the curvatuie of the similarity scole curveat its peak.

z= bjoz T = [uz Y = Yoz (3.22)

wherez is thedepth,b is the sterecbaselineandc«, 3, and~, arecalibration
parametergthetwo latterdependingn (u, v), thepositionof theconsideregixel
in theimage).Usingafirst orderapproximationjt comes:

0z bar)?
%)205 | d4) o5 (3.23)

substitutingthe definitionof z definedin (3.22),we have:

o, = (

0, = 9d 2 (3.24)

ba
which is a well known propertyof sterewision, i.e. thatthe errorson the
depthgrows quadraticallywith the depth,andare inverselyproportionalto the

steredbaseline The covariancematrix of the point coordinatess then:

I By " o4
Yo Buto V2

3.3.2 Sparsestereovision

Densesterewision is quite time-consumingand doesnot provide enough3D
informationin weakly textured ervironments. Either to save time or to recover
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enough3D information, one can usea sparsesterewision algorithm, that only
recoversthe 3D informationsfor theinterestpoints.

The3D informationsonthedetectednterestpointsaresimply providedby ap-
plying theinterestpointmatchingalgorithmonthetwo imagesof the stere@ision
pair. Notethatby runningthealgorithmonrectifiedimagegsimilarly asin dense
sterewision), the matchingcandidatesf a giveninterestpoint mustlie on the
samehorizontalline: asaresult,the numberof candidatess drasticallyreduced
(and so the computationtime), andthe robustnesof the establishednatchess
increased.

Onceinterestpoint matchesareestablishedtheir 3D coordinatesandthe cor-
respondingcovariancesarerecoveredusingthe sameequationsasfor the dense
sterewision algorithm. In the absencef a statisticalstudy the matchingerrorin
the imageplaneis determinedoy the the Gaussiarfitting techniquepresentedn
section2.5.5.

3.4 Prediction: visual motion estimation

3.4.1 Algorithm description

The interestpointsmatchedoetweenconsecutie imagepairsandtheir 3D coor
dinatesprovided by sterewision areusedto estimatethe 6 displacemenparame-
tersbetweentheimages.The principle of the algorithmis simple (figure 3.5): it
consistan establishingBD pointsmatchedetweenwo consecutie stere@ision
frameswith theinterestpoint matchingalgorithm.We thenapplytheleastsquare
minimisationtechniquepresentedn [Haralick 89 to estimatehe 6 parametersf
the correspondingnotion.

As shown in figure 3.5, the 3D coordinateof mostof the point matchese-
tweenconsecutie are provided by sterewision. Therefore,the 6 displacement
parameterare estimatedwith a setof 3D correspondingpoints andthe 3D-3D
poseestimationis usedto infer the rotation matrix R andthe translationvector
T. To simplify the problem,the centroidsof eachsetof pointsarecomputedand
they aretranslatedn spacesothattheselie attheorigin andR. is thencomputed.
T is definedusingthe computedotation.

Theimportantpoint hereis to getrid of the outliers(wrongmatches)asthey
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Figure3.4: Interestpointsmatdhedbetweerthetwo imagesof a steleovision pair (sameimages
asin figure 3.2). Notethatin theindoorimages,someinterestpointshavebeenmatchedon areas
whele the densestereovisionalgorithmfails to establishmatdes.

considerablycorrupttheminimisationresult. The outlierscould berejectedusing
the epipolarconstraintdefinedby the fundamentamatrix computedon the basis
of the matches.However, the computationof this matrix is quite sensibleto the
smallerrorsin the positionsof the matchedpointsandto the outliersthemseles.
Also, suchanoutlierremoval techniquewill notcopefor sterewisionerrors,such
asthe onesthatoccuralongdepthdiscontinuitiedor instance:inliers matchesn

the imageplanemight becomeoutlierswhen consideringthe correspondin@D
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Leftimageatt + 1 Rightimageatt + 1
Figure3.5: isualmotionestimatiorbetweertonsecutivsteeoframespusingthespaise
stereovision algorithm. A translationto the right occurred here betweertime ¢ andtime
t + 1. Thered crossesindicatesthe interest points detectedin the images, the green
squaes are the matded points betweertwo images of a steeo pair, and the blue ones
are the pointsmatdedbetweertwo consecutivémages. Thepointsthat havebeenboth
matdedin the stereo images and the successivéeft images are usedto estimatethe 6
parametes of the motion.

coordinates.

Thereforewe developeda specificoutlier rejectionmethodthatconsiderboth
matchingandsterewision errors. It assumeshatthefirst 3D transformatiores-
timatesprovided by all the matchess closeto the true one, which is the case
becausehe matchingalgorithmgenerates large majority of inliers.

First, matcheghatimply a 3D point whoseuncertaintiesn their 3D coordi-
nateareover a threshold,are discardedthe thresholdis empirically determined
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by a statisticalanalysisof sterewision errors). Then,the remainingmatchesare
analysedaccordingo thefollowing procedure:

1. A 3D transformationis determinedoy the least-squareninimisation,and
themeanandstandardieviation of theresidualerrorsarecomputed.

2. A thresholddefinedask timesthe residualerror standarddeviation is de-
fined (k shouldbe at leastgreaterthan3). The 3D matchesvhoseerroris
overthethresholdareeliminated.

3. kissetto k — 1 andthe proceduras re-iterateduntil £ = 3.

This outlier rejectionalgorithm guarantees precise3D motion estimation
(seeresultsn sections3.4.2and4.1),which canthenbeusedduringtheprediction
stageof the Kalmanfilter (section3.2.1).

3.4.2 Motion estimationerrors

Given a set of 3D matchedpoints @ = [X1,,, XN, X1,,,X x|, the function
whichis minimisedto determinghecorrespondingnotionis thefollowing [Haralick 89:

N
J(, Q) =Y (X'n — R(3,0,0)X,, — [, y, 1.]")> (3.26)

n=1

wheret = (¢,0,1),1,,1,,1,). @ andQ canbewritten with randomperturba-

iU =u+ Au, Q=Q+AQ

wherethetrueu and @ arenotobsened. In orderto measureghe uncertainty
of local motion estimation the uncertaintief 3D matchingpointssetareprop-
agatedo the optimal motion estimatea. Assumingthe optimal motion estimate
minimisesthe costfunction, the Jacobianof the costfunctionis 0, andthe un-
certaintiesof landmarksandtheir obsenationcanbe propagatedby taking Taylor
seriesexpansionof the Jacobiararoundu and @, asshavn in [Haralick 94]:

9(u, Q) = g<U+Au,Q+AQ)—a—g( +Au, Q + AQ)Au -

Ju
dg
@( +Au, Q+AQ)AQ (3.27)
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whereg = g—é is the Jacobiarof the costfunction, andg—fl is the Hessianof
the costfunction with respectto u. The Hessiangﬁ is positive definite for all
(u, Q) becauseherelative extremumof the costfunctionis arelative minimum:
this guaranteeshe existenceof the reciprocalof the Hessian. Sinceu and u
minimises.J (i, @) and.J(u, Q), g(11, @) andg(u, Q) aresetto 0in (3.27). The
randomperturbatiomrAu andits covariancearethencomputedasfollows:

Mu=—(32u+Au, @+ AQ) T (u+ Au, @+ QAR (3.28)
o 99 .. ~_109 . 09 . 7,09 0
Bau= (5,0 Q)7 55 (0. Q%055 (0. Q) (52, Q)7 (329

Consideredhat X,, and X', are not correlated the covarianceestimateP
canbealsowritten as:

09 o 39 oot
Pa = (52(8, @) (Ax + Ax) (5 (61, ) (3.30
where
N g dg
Ax = (8, X5)Px,, (5 (1, X5))"
X ;axn Xl 9X,,
N g dg
Axr = — (0, X)) Pxr,, (50— (0, X))T
X %, o,

Resultsof thevisualmotionestimationsandthe correspondin@rrorestimates
are presentedn figure 3.6, along a sequencef 90 low altitude aerialimages.
Themeanvariancesomputedn the 6 motionparametersandtheir dispersions
summarisedh table3.1: E;, denoteshesquareootof varianceof visualmotion
estimatiorerrorsalongthesequencethevisualmotionestimatiormeasurea few
meterstranslationswith a few centimetresaccurag, andmeasuresotationswith
aprecisionof theorderof 0.1°, with a quitegoodregularity.

ThemotionestimationcovarianceP is theinputcovariancematrix R,, which
isusedn equation(3.12)to estimatehestatevariancesluringthefilter prediction
stage.
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Figure3.6: Themotionparametes computedy thevisualmotionestimatioralgorithmbetween
consecutivdramesalong a 90 imagessequencétop), and correspondingestimatecerrors (bot-
tom). Notethat there are no obviouscorrelation betweerthe image angularand linear distance
andthe computederrors.

3.5 Landmark selection

As explainedin the overview of our approachsection3.1.1),the 3D matcheses-
tablishedaftertheinterestpointmatchingsteparesplitinto threegroups:obsened
landmarksnonlandmarksandcandidatéandmarks Theobsened-landmarkset
is simply the pointsthat corresponds$o landmarksalreadyin the statevector of
the EKF. New candidate-landmarkshouldbe cautiouslyaddedto thefilter state,
in orderto avoid arapidgrowth of its dimensionandto obtainaregularlandmark
coverageof the perceved scenes.The candidate-landmarkselectionprocedure
is madeaccordingto the following threecriteria:
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) © v 12 ty t,
Averageof Ey || 0.15° | 0.18° | 0.038° || 0.072m | 0.061m | 0.0189m
o of Ey 0.10° | 0.11° | 0.024° || 0.046m | 0.042m | 0.0122m
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Table3.1: Statisticson theestimatederrors of thevisualmotionestimation§VME) of figure 3.6.

e Obsewvability. Goodlandmarksshouldbe obsenablein several consecu-
tive frames:it guaranteethatthey aresalient.

e Stability. The 3D coordinatesof goodlandmarksmustbe preciselyesti-

matedby sterewision.

¢ Representability. Goodlandmarksmustefficiently representt 3D scene.
Therobotstateestimatiorwill bemorestablef landmarksareregularly dis-
patchedn thepercevedsceneandthisregularity will avoid arapidgrowth
of the EKF statevectorsize.

Thenumberof candidatdandmarkghatarechecledis determinedn theba-
sis of the numberof new interestpoint matchegi.e. the onesthat do not match
with an alreadymappedandmark). This numberis a percentag®f the new in-
terestpoints: we actually use 10%, as the visual motion estimationtechnique
requiresalot of matchego yield a preciseresult.

Thelandmarkselectionis performedhroughthefollowing steps:

1. New landmarkcandidatesare first selectedusing the obsenability crite-
rion. The obsenability of alandmarkcandidateas evaluatedduring several
frames:whena setof pointsattime ¢t areobserableup to time ¢ + &, the
pointsin the setbecomenew landmarkcandidatesttime ¢. To guarantee
high anduniform obsenability of landmarksthe candidateattime ¢ + 1
shouldbeatleastobserableattime¢ + k£ + 1. If thereis notary candidate
obsenableattimet + £ + 1, new landmarkcandidatesttime ¢t + 1 don't

exist.

2. The stability of the candidateghat passthroughthe obsenrability testare
thenchecled. Their errorsin their 3D positionarememorisedandthey are

ranked accordingto the maximumof theseerrors.
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3. Finally, the representabilityof the candidatess checled. Theranked can-
didatelist is scannedstartingfrom the mostpreciseone: every time a can-
didateis locatedat a distancefrom the alreadymappedandmarksandthe
minimumdistances greaterthana giventhreshold,t is declaredasa new
landmark.

Theobsenability criterionrequiresthatcandidatesreevaluatedhroughsev-
eralsuccessie frames:the EKF is thereforeactivateda few image framedater as
theimagesaregathered.

3.6 Data association

Oncea candidatdandmarksuccessfullypasseshe above selectioncriteria, it is
incorporatedn thestateof thefilter. In thefollowing stepsjf thelandmarkis still
matchedn theacquiredmagesijt yieldsanobsenationof the systemstate.Once
it is lost, it becomesanold landmark i.e. alandmarkthatwill be percevedagain
only whentherobottravelsagainnearby

Thedataassociatior{re-perceptiorof landmarks)s performedby theinterest
point matchingalgorithm,by matchinginterestpointsdetectedn the currentim-
ageandthepreviously detectedandmarks For thatpurposethe detectednterest
pointsfor eachacquiredimagemustbe memorisedandone mustreasoron the
hypotheticvisibility of the old landmarkto selecttheimagein which they will be
matchedwith the currentimage.

3.6.1 Selectionof the visible old landmarks

The visibility of an old landmarkis evaluatedby the distanceof its projection
from the centreof the currentimageconsideringhe uncertaintieon its position
andon the currentrobot positionestimate.The coordinategu;, v;) in theimage
framel(k + 1) of theith old landmarkarecomputedasfollows:

(ui, vi) = &G(x(k + 1[k)) (3.31)

whereg; is definedwith the constanintrinsic matrix A of the cameraandthe
obsenation matrix h; in (3.15),andx(k + 1|k) is the predictedstatevectorin
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(3.11). The associateadtovariancematrix is estimatedoy propagatinghe uncer
tainty onrobotandlandmarkpositions.

Y o
Pe= afc(m1|k)A’(k+1|k)a>z(k+1\k) (3.32)

, _ [ Pwlk+1k) Ppi(k+1[k)
Ak +1]k) = (Ppi(k-i-l\k)T Pii(k + 1|k) ) (3:33)

whereP;; is the covarianceof ith landmarkand P,;(k + 1|k) is the cross
covariancebetweertherobotandlandmarkpositions.

Giventhe coordinate®f the projectionof anold landmarkandits covariance
matrix P;, if threetimesthe covarianceellipsoid definedby P; is within the cur-
rentimage,or if theintersectionbetweenthe imageandthe ellipsoid exists, the
landmarkis consideredsvisible, andits visibility is definedas

V; = e~ WivdPiuv)” (3.34)
whereu;, v arethenormaliseccoordinate®f u;, v;.

(i — e, v; — V)

(ul, vl) = (@ & 2]

2 Vg

(u., v.) arethecentreof imageand(u?, +v2,)/2, themaximumdistancerom
thecentre.

Two thingshave to be consideredere:

e Old landmarkshave beenpercevedin several pastimages:the pastimage
thatwill be matchedwith the currentoneis the onefor which the number
of hypotheticvisible landmarkss the maximum.

¢ It might happerthatthe currentrobotestimates so erroneoughatthe se-
lectedimagedoesnot containary landmarkcurrentlyvisible, afteralong
loop for instance.If suchcaseoccur the matchingalgorithmis run on all
the pastimageswithin which old landmarksarevisible.
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Scalechange. Whenn old landmarksarevisiblein thecurrentanda pastimage,
the scalechanges betweertheimagess definedby theratio of the two different
imageresolutions.This scalechangecanbe approximatelyestimatedy theratio
of thedistanceof the projectionsof the landmarksrom the centreof image.But
in fact, the scalechangeis not only a function of the depthchange but also of
theview pointchangeandthe projectve deformation:we only considertherobot
positionchangealongthe opticalaxisof thecameraat the currentstepto evaluate
it, which definestwo virtual imageplanes(a currentanda pastone).

Theith old landmarkis projectedontothe pastimage! (k — t) onthecoordi-
nates(u;(k — t), v;(k —t)):

(ui(k —t),vi(k —t)) = &(x(k — 1)) (3.35)

Its projectionon the currentvirtual image I’ (k) definedby applyingonly a
depthchangds givenby

(ui(k), vi(k)) = &(x(k — 1) + Ax) (3.36)
with

Ax =[0,0,0,0,0, At,(k,k — t),0,.. ] (3.37)

whereAt,(k, k — t) is the variation of robot positionalongthe optical axis
of thecamerabetweenl (k — ¢t) andI’(k), which canbe definedby the estimated
robotpositionatstepsk — ¢ andk.

The scalechanges(k, k — t) betweenthe two imagesis definedusing the
averageratio:

(). k)
k=)= 2 G s (539

n

As scaleadaptve interestpoints are generatedn the high-resolutionimage
with a pre-definedscalechange,if s(k,k — t) is greaterthan 1, the pointsare
generatedh thecurrentimagel (), unlessthey arerecomputedn thepastimage
I(k —t) with s(k — t, k).

The precisescalechangeestimationinherits from the error on the estimate
At,(k, k — t) andon the 3D positionsof old landmarkshut we have seenin the
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previous chapterthatpointsmatchesanbe establishedvith anapproximatiorof
scalechangewith up to half a unity error. Thus, the estimatedscalechangeis
quantisedo one of the pre-definedscalechangesamong{1,1.5,2,2.5,...}. If
the uncertaintyin the scalechangeestimation(obtainedwith equation(3.32)that
definesthe uncertaintieof the landmarkprojections)is greaterthan0.5, several
candidatescalechange<loseto the estimatedtchangeareappliedandtested.

3.6.2 Obseration errors

Landmarkobsenation being basedon interestpoint matching,matchingerrors
onimageplaneis thefirst errorsourceto considerto definethe obsenrationerror.
Two kind of errorscanoccur:wrongmatchegoutliers),andinterestpointlocation
error. Outliers beingrejectedby the rejectionalgorithm presentedn 3.4, only
interestpoint locationerrorsare consideredo determinethe matchingerrorand
thequantitatve measuref theerrorscanbeobtainedoy our matchinguncertainty
estimationalgorithmin section2.5.5.

Oncetheinterestpointmatchingerroris defined onemustcombineit with the
errorsonthe correspondingD positionestimatego definethe obsenationerror.
Theprincipleof thiscombinationis illustratedin figure 3.7: the obsenationerror
is definedby the reprojectionof the matchingerrorin the 3D sceneprovided by
sterewision.

Landmark detection Landmark ohservation
and initialization attimet+n
at time ¢

Matching emror
oh image plane

Image plane

Figure 3.7: Principle of the combinationof the matding and stereovision errors. The points
locatedin the squae box are the projectionof P on the image plane Small ellipsesindicate
stereovisionerrors, thelarge dottedellipsoidis theresultingobservatiorerror.
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Givenacovariancematrix P, associateavith a matchx, ontheimageplane,
the expected3D coordinateof the matchX, is computedby stere@ision andits
associatedariance gstimatedy its neighbour3D pointsof which the projection
ontoimageplaneis on the onesigmacovarianceellipsoid givenby

xP, 'x" =1, x = (u,v) (3.39)

wherex is the sub-piellic projectionof a 3D point X. Equation3.39is the
surfaceof equalprobability densityin 2 dimension. Sincethe 3D coordinates
are only computedon integer pixels by sterew@ision, assumingthe stereoerror
distributionis azeromeannormaloneandthe 3D surfacevariationlocally linear,
thevarianceof X, is computedusingits 8 closesineighboursX,, £ = 1,2, ,, 8.

1 8
7% = 53 2 wk((Xo = Xp)* + 0 + 07) (3.40)
k=1
wy = (xp = Xo)(xr = %0)", (Xp = X0)Po ™ (xp = %0)T =1 (3.41)

whereo? is the varianceof sterewision in (3.25)of neighbour3D point X;, and
X, IS anintersectiorof the ellipsoidandtheline definedby x, andx; which are
thecorrespondingmagecoordinate®f X, andX,.

These3D coordinate®f matchesandtheassociatedariancesareusedin the
equationg3.17)and(3.18).

3.7 Summary

Thewhole SLAM procesdasedon sterewision, visualmotion estimation Jand-
mark selectionand dataassociatiorstratey, is performedaccordingto the fol-
lowing sequence:

1. Given a stereoframe at time ¢, interestpoints are detectedand their 3D
coordinatesreobtainedby sterewision.

2. Thedetectednterestpointsarematchedwith thepointsdetectedn the pre-
viousframe,outliersareremovedby thealgorithmpresentedh section3.4.
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3. Thelandmarkselectionproceduras performedaccordingto the selection
criteria. Landmarkghatpasghetestsareincorporatedn thefilter statewith
adelaydueto theobsenability evaluation(i.e. attimet, only landmarkfirst
detectedhttimet — k£ areincorporatedn the state).

4. Thevisualmotion estimationis performedwithout the obsened or candi-
datelandmarkdo avoid a correlationbetweerthe predictionandthe obser
vation,andthe predictionstageof thefilter is completed.

5. Theobsenationsfor recentlymappedandmarksaredefinedby the match-
ing resultsbetweerconsecutre frames.For old landmarksthevisibility of
all mappedandmarkss checledandif visible old landmarksexist, they are
obseredby interesipointmatchingbetween/ (¢) andI(t —n), applyingthe
estimatedscalechangebetweerthetwo images.

6. Incorporatingheobsenationsof landmarksthestatevectorandcovariance
of thefilter areupdated.

Sincethe interestpointsmatchingalgorithmrequiresnot only the point coor
dinatesandprincipal curvatures but alsosomepixelsin the correlationwindows
thatsurroundghem,all theimagesmustbe keptin memoryto allow dataassoci-
ation betweena currentimageandan old one. The RAM of the CPU would be
rapidly saturatedafterafew hundredsof images:therefore theimagesaresaved
on a hard drive asthe robot moves. The filter stateis keptin live memory as
well asthe 2D coordinate®f themappedandmarksn all theimageswherethey
have beenperceved. Whenold landmarksareto be re-percered, the imagein
whichthey have beenpercevedis reloadedn thememoryto be matchedwith the
currentimage.
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Chapter 4
Experiments

Our developmenthave beentestedwith severalthousand®f sterewisionimage
pairsin variouscontexts: aerialimagegakenatlow altitudeswith Karma,arobo-
tisedairship,outdoorunstructurederrainimagesakenwith the Marsokhodrover
Lama,andindoorimagegakenwith theiRobotATRV roverDala(figure4.1). We

first presentheresomelocalisationandlandmarkmappingresultsobtaineddur-

ing varioustrajectories.Then,we introducea way to re-estimateall the positions
whentherobotpositionis drasticallyrefinedby the SLAM after having closeda
loop, which allows to build a spatiallyconsistentigital elevationmap.

Figure4.1: Karma,LamaandDala: thethreerobotsusedto gatherstereovisionimages
pairs respectivelyromlow altitudes,on a roughunstructued terrain, andindoot

87
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4.1 Positioning errors

4.1.1 Low altitude aerial images

Thedigital camera®f the 2.2 m wide steredbenchof the blimp Karmaare1 /2"

CCD sensorswith 1024 x 768 pixels, and are equippedwith a a 4.8 mm focal
lengthlens (67° x 53° field of view). The camerashave beencalibratedat full

resolution,andimagesare processeafter beingsub-sampledy a factorof two.
Theimagesusedin theresultsbelov have beentakenat altitudesrangingapprox-
imatelyfrom 20 to 35 m.

Latitude(m)

Elevation(m)

ERETE)
Longitude(m)

Latitude(m)
Latitude(m)

0 =
Longitude(m)

Figure4.2: Afirstresultof our SLAMimplementatiorwith a sequencef 90 steleovision pair,

takenat altitudesrangingfrom20 to 25 m. Topimage showthereconstructedrajectoryin orthog-

onal projectionandin 3D. Bottomimagesshowthe 60 landmarksmappedwith 1o uncertainty
ellipses(left: real scale right: magnifiedby a factor of 40)

The GPSon-boardKarmais a differentialcode GPSwith a 30 accurag of
2 m: it cannot be usedasa groundtruth referenceo validatethe positionesti-
matesof the steredbench.However, whenKarmaflies over analreadyperceved
area(i.e. whenit “closesaloop”), thevisualmotionestimatgVME) canprovide
an estimateof the relative positionsbetweenthe first and lastimage of the se-
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guencethatoverlaps.This referencas preciseenoughascomparedo thecumu-
lation of errorsinducedwith the visualmotion estimationappliedon consecutie
frames.

Figure4.2 presentsa comparisorof the reconstructedoop trajectorywith a
setof 90imageswhile figure4.3 shavstheevolution of the standardieviation of
the6 positionparametersf the steredoenchwhenapplyingthe EKF. Two phases
canbe seenon this latter figure: until image 80, the standarddeviation grows,
howevermuchmoreslowly thanwhenpropagatingnly theerrorsof theVME. A
few landmarksdetectedn the beginning of the sequencearere-perceredin the
following images:the standardleviationssteeplydecreasegndstabilisedor the
subsequenimageswheresome’old” landmarksarestill obsered.

uncertainty (m)

uncertainty (degree)

Sigma of angle
Sigma of translation

Image step Image step

Figure 4.3: Evolutionof the standad deviations of the robot position parametes during the
flight shownin figure 4.2.

The quantitatve figuressummarisedn table 4.1.1 are much more informa-
tive: they comparethe resultsof the final position estimatewith respectto the
referencedefinedby the VME appliedbetweenimagesl and90: the precision
enhancemeriroughtby the EKF is noticeableandthe absoluteestimatecerrors
areall boundedoy twice the estimatedstandardleviations. Thetranslationerrors
arebelown 0.40 m in thethreeaxesafteranabout70 m longtrajectory andangular
errorsareall belov onedegree.

Figure4.4 shaws an other160 m long trajectoryreconstructedvith a setof
240images.

On figure 4.5, one can note that the variancesstarta smoothdecreasafter
the blimps makes a U-turn (aroundimage number170). The decreases here
muchsmootheithanin the previoustrajectory(figure 4.3), becausé¢he landmark
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Framel/90 | Reference|| VME VME SLAM SLAM SLAM

Reference | std.dev. result abs.error result std.dev. | abs.error
P 6.19° 0.18° 11.93° 5.74° 6.01° 0.16° 0.18°
0 2.31° 0.66° 4.00° 1.69° 1.42° 0.55° 0.89°
¥ || —105.94° 0.06° —105.52° 0.41° —106.03° | 0.08° 0.09°
te 3.17m 0.26 m 531m 2.14m 3.13m 0.09m 0.04m
ty 0.61m 0.07m 2.01m 1.40 m 0.26 m 0.19m 0.35m
t, —-1.52m 0.04m -3.25m 1.73m —1.51m | 0.03m 0.01m

Table4.1: Comparisorof the errors madeby the propagation of the visual motion estimation
aloneandwith the SLAMEKF appmoad, usingasa refeencethe VME appliedbetweenmages1
and90

35, — SLAM
— VME

Initial
position
st

Latitude(m)

Latitude(m)
5
Latitude(m)

60 -0 80  -90

30 -0 50
Longitude(m)

Figure4.4: An othertrajectoryreconstructedvith a sequencef 240images. 152 landmarks
havebeenmappedthe magnificationfactor of the uncertaintyellipsesin the bottom-rightimage
is here 20)

that arere-percered were not originally perceved at the very beginning of the
trajectory: their positionuncertaintyasthey have beenincorporatedn the filter
inheritedfrom the robot poseuncertaintyat thattime, which wasnot very small.
Onthecontrary the decreasef thevariancesn figure 4.3 is very steep pecause
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the re-percered landmarkshave beenincorporatedn thefilter stateat the very
beginning of thetrajectory
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Figure 4.5: Evolutionof the standad deviations of the robot position parametes during the
flight shownin figure 4.4.

Finally, figure 4.6 shaw resultsintegrating400imagesthe correspondingiu-
mericalresultsbeingpresentedh table4.1.1.In thislattercasethevariancestart
to decreasemoothlyastheblimpsmakesthe U-turn (aroundmagenumber200),
andsteeplydecreasavhenthe blimp flies againover landmarksperceved at the
beginning of the trajectory(afterimagenumber300). Figure4.7 shov someof
the establishednatchegluringthetrajectory

Framel/400 | Reference| VME VME SLAM SLAM SLAM
Reference | std.dev. result | abs.error result | std.dev. | abs.error

® —0.12° 0.87° —0.13° 0.01° —3.68° 0.38° 3.56°
S 2.87° 1.14° —4.99° 7.86° 5.54° 0.40° 1.64°
\\J 105.44° 0.23° 101.82° 3.62° 104.32° 0.19° 1.12°
te —4.93m 0.57m 545m | 10.38m || —=3.98m | 0.21m 0.95m
ty 0.14m 0.46m 3.04m 2.90m —2.16m | 0.22m 212m
t, 3.89m 0.15m 19.81m | 15.94m 346m | 0.11m 0.43m

Table4.2: Comparisonof the errors madeby the propagation of the visual motionestimation
aloneandwith the SLAMEKF approad, usingasa refeencethe VME appliedbetweerimages1
and400
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Figure 4.6: An other resultof SLAMimplementatiorwith the blimp, with a sequencef 400
stereovision pair. thereconstructedrajectoryis about270m long. Top imagesshowthe recon-
structedtrajectoryin orthogonal projectionandin 3D. Middle imagesshowthe 355 landmarks
mappedwith 1o uncertaintyellipses(left: real scale right: magnified by a factor of 40), and
bottomimagesshowthe evolution of the standad deviationsof the blimp positionparametes.

4.1.2 Outdoor environmentground images

Figure4.8shaw apositioningresultwith a setof 111imagesakenwith therover
Lama,while doingaroundshaperajectoryonaroughterrain. The(.4 wide stere-
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Figure4.7: Interestpoints matdied betweensomeconsecutivémages of the sequencef the
trajectory shownin figure 4.6 - the blue squaes are the matded point. Each line showstwo
consecutivemages, exceptthe last onethat showsthe matthesestablishedbetweenthe image
number390at theendof thetrajectoryandthefirstimage (landmarkre-peception).
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ovisionbenchwasorientedsidevards towardsthe centreof theloop. Quantitatve
resultof the positioningerror of the cumulatedvisual motion estimationandthe
SLAM approactareshavn ontable4.1.4(aswith theaerialimagesthereference
is obtainedby applyingthe VME betweerthe first andlastimagesof the loop).
The SLAM resultis astonishinglypreciseafter a 50 m long trajectoryon rough
terrain. Note alsothatthe cumulatederror of VME is muchsmallerthanfor the
blimp trajectories:the reasorwhy the resultsare so preciseis thatthe obsened
pointsandlandmarksaremuchcloserto thestere@ision benchthanfor theblimp:
remembethatthe precisionof sterewisionis proportionalto baselindengthand
guadraticallyinverselyproportionalto thedepth:the baseline/depthatio is much
morefavourablefor Lamathanfor theblimp.

Framel/111 | Reference VME VME SLAM SLAM SLAM
Reference | std.dev. result abs.error result std.dev. | abs.error

® 0.52° 0.31° 2.75° 2.23° 0.88° 0.98° 0.36°
¢ 0.36° 0.25° —0.11° 0.47° 0.72° 0.74° 0.36°
v —-0.14° 0.16° 1.89° 2.03° 1.24° 1.84° 1.38°
te —0.012m 0.010m 0.057m 0.069 m —0.077m | 0.069m | 0.065m
‘ty —0.243m 0.019m | —1.018 m | 0.775m || —0.284m | 0.064m | 0.041m
t, 0.019m 0.015m 0.144m | 0.125m 0.018 m | 0.019m | 0.001 m

Table4.3: Comparisorof the errors madeby the propagation of the visual motion estimation
aloneandwith the SLAMEKF approac for thetrajectoryof Lama,usingasa refeencethe VME
appliedbetweerimages1 and 111 (thefirstandthelastone).
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Figure4.8: Aresultof our SLAMimplementationwith Lama,with asequencef 110stereovision
pairs. Top images showthe reconstructedobot trajectoryin orthogonal projectionandin 3D.
Middle images showthe 118 landmarksmapped,with 1o uncertaintyellipses(left: real scale
right: magnifiedbya factor of 5), andbottomimagesshowthe evolutionof thestandad deviations

of therobotpositionparametes.

4.1.3 Indoor ervironmentimages

We testedour algorithmswith therover Dala,equippedvith a0.35m sterewision
bench,ontrajectoriesmadeindoor. Figure4.10shaw the positioningresultsafter
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Figure 4.9: Interestpoints matdhed betweensomeconsecutivémages of the sequencef the
trajectorymadeby therover Lamain figure 4.8. Each line showstwo consecutivémages,except
the last onethat showsthe mathesestablishedetweerthe image numberl11 at the endof the

trajectoryandthefirstimage (landmarkre-peception).
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threeconsecutre circle loops(thespeeccommandvasconstanturingall theac-
quisitions),the stere@ision benchbeingorientedsidevards,towardsthe exterior
of thecircle. Thepositioncorrectionafterthefirst loop (justafterold landmarksa
re-perceredfor thefirst time) is noticeable After that, therobotpositionis reli-
ably estimatedNotealsothatthe positionresultingfrom the VME only is slowly
drifting (andgoingup!).

Theinterestof thistrajectoryis thattherobotevolveson aperfectplane while
6 parametersf displacemenarecontinuouslyupdatedoy the SLAM algorithm:
the referencdor the two roll andpitch anglesandthe elevationis thereforesim-
ply 0 (we did not constrainedhe robot positionto lie on a planeon purposejn
orderto have this perfectreference) Thethreecurvesonthefigure4.11shaw the
estimationof thesevariables:they arenoticeablystabilisedafterthefirst loop.

Finally figure4.12show the evolution of somelandmarkpositionsduringthe
trajectory andfigure4.13shonv someof the pointsmatchesstablishediuringthe
trajectory
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Figure4.10: Atrajectoryreconstructeavith a sequencef 1000imagestakenby Dala lookingto
theleft sidewhile turning right (25.6mlong trajectory).338landmarkshavebeenmappediuring
thewholetrajectory(269during thefirstturn, 31 during thesecondand 38 during thethird). The
uncertaintyellipsesof thelandmarksn the down-rightimage are magnifiedby a factor 10.
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Figure4.11: Evolutionof thethreepositionvariables®, # and » displayedwith the correspond-
ing standad deviationsestimates.

Figure4.14shawv alastresultobtainedwith a similar circle trajectoryin the
sameervironment(4 loops here),during which the stereision benchwasfac-
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Figure4.12: Evolutionof the positionof threesetsof ten landmarks(highlightedin redin the
top-leftfigure that showsall thelandmarks).Theellipsessizeis 10 timesthe standad deviation:
thered onesare thelandmarkspositionestimationsat the endof thefirstloop, the greenonesat
theendof the secondoop, andthe blue onesat the endof thethird loop.

ing forward, andfigure 4.15 showv the evolution of the threeposition variables
thatshouldbe stabilisedaround0. It is interestingto comparetheseresultswith
the onesbefore:first, the cameraseingorientedforward andnot in the exterior
directionof thetravelledcircle (the walls of theroom), morelandmarksareper
ceived,atabiggerdistancdrom therobot. Secondthe positionestimatedy both
VME and SLAM are much more noisy (in particularthe circle is not perfectly
recovered),whereashe sameconstantspeedcommandwas given to the robot.
This tendsto indicatethatlooking sidevardsgive betterresultsthanlooking for-
wards,which seemgeasonablewhenoneknows that the errorsin sterewision
are essentiallyon the depthestimates.Finally, let’s notethat on this trajectory
the positionsarenot stabilisedduringthe secondoop, whichis probablydueto a
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Figure4.13: Interestpoints matched betweersomeconsecutivémages of the sequencef the
trajectoryshownin figure 4.10. Each line showstwo consecutivémages,exceptthelast onethat
showsthe mathesestablishedetweertheimage number324 (endof thefirst loop) and thefirst

image.
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wronglandmarkassociationHowever, the large numberof landmarkgpresenin
the scenepreventedthefilter from adivergence.
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Figure4.14: Anothertrajectoryreconstructedvith a sequencef 1300imagestaken by Dala,
with the stereovision bend facing forward (47.3mlong trajectory). 628 landmarkshavebeen
mappediuring 4 loops.
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Figure4.15: Evolutionof ¢, # and z during the trajectoryof figure 4.14.
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4.1.4 Time performance

Thetime performancef our SLAM implementatiordepend®nthesizeof image,
interestpoint detectionand matchingtime andthe numberof landmarks.Given
asteredframe84 x 512) attime 7', the computatiortimesof eachstagesn our
SLAM processaremeasurean sparcSUN Workstationfire v240.

e Pre-processin@distortioncorrectionandrectification):300ms (constant)

Interestpoint detection:200ms (average)

Interestpoint matching(matchingfor sparsestereoandbetweentwo con-
secutve frames):100ms (average)

ExtendedKalman Filter(prediction,updateand nen landmarkdetection):
dependingon the numberof landmarks

Landmarks 100 200 300 400
Computationtime(average) || 20ms | 50ms | 100ms | 220ms

Old landmarksobsenration (matchingbetweenl” and7-n): 200ms (aver-
age)

Totally, in casethereis no visible old landmarksat currentstep,the computa-
tiontimeis lessthan700ms keepingup to 300 landmarkslf someold landmarks
are visible, the computationbecomemore expensve(700ms + 200ms) for old
landmarkobsenation)to re-obsere them.
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4.2 Digital Elevation Maps

Thanksto the precisepositioningestimation,the processedtereaision images
canbe fusedafter every updateof the EKF into a digital elevation map (DEM),
thatdescribesheervironmentasafunctionz = f(z, y), determinedneverycell
(x;, ;) of aregularCartesiargrid.

Our algorithmto build a DEM simply computeghe elevation of eachcell by
averagingthe elevationsof the 3D pointsobtainedby densesterew@ision thatare
vertically projectedon the elementarysurfaceit defines.The standarddeviation
on the cell elevationis also straightforvardly computed,and sincea luminance
valueis associatedo each3D point producedby sterewision, it is alsopossible
to computea meanluminancevaluefor eachmapcell.

Figure4.16 shows the digital elevation built from the 240imagesduringthe
trajectoryshawn in figure 4.4: the resolutionof the grid is here0.1 m, andno
mapdiscrepanciesanbedetectedn thecorrespondingrtho-imagewhichis the
orthogonalprojectionof the luminanceinformationsencodedn the DEM grid.

Figure4.16: TheDEM computedwith 240 images, positionedaccoiding to the trajectory of
figure 4.4: ortho-image and 3D view of the bottom-leftarea. The map covers an area of about
3500 m?2.

Whenclosingaloop afterhaving travelledoveralong distanceabig disconti-
nuity in therobottrajectoryis likely to occur aswe saw in the positioningresults
above. Therefore to constructa spatially coherentervironmentmap, the trajec-
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tory of therobotshouldbe correctedin otherwords,oneneedto re-estimateall
the pastpositionsof the robot on the basisof the correctionthat occurredwhen
old landmarksarere-percered).

Undertheassumptionthatthelocal motionestimatiorerrorbetweertwo con-
secutve framesis small enoughto be nggligible, the trajectorycanbe estimated
by a globaloptimisationmethodwith all obserationsof landmarksandlocal mo-
tion estimategyatheredduring navigation,asin [Deans01] for instance.But this
kind of batchprocesdimited by the numberof obsenationsand motion steps.
An optimal poseestimationapproactrom a network of relationshave beenpro-
posed[Lu 97, Gutmanm99], which consistentlymaintainsthe history of robot
posesanddoesnot useervironmentfeatures:all the local framesof dataaswell
asthe relative spatialrelationshipsbetweenlocal framesare maintained. Even
thoughthe approachs computationallylessexpensve thanthe methodusingall
obsenationsof landmarkandlocal motion estimatessinceall the history of the
robotpositionaremaintainedit is difficult to applyoverlong rangesjn largeen-
vironments.Moreover, the nonlinearcomplex obsenationmodelof local motion
(6 parametersyequiresan iterative nonlinearoptimisation,whosecomputation
become®xpensve asthe numberof consideregositionsincreases.

We proposeherea fastbackward correctionmethodwhich locally maintains
the obsenationof landmarksanda local motion estimateper step,usingthe con-
structedandmarksmap. This local optimisationmethodproceed$rom the most
accurateestimateof robot’s pose. As long aserrorsin the estimateexist, even
very small,the methodis suboptimabecauséhe errorsinfluenceghelocal opti-
misationin subsequensteps.Usingthe robot stateat currentstepk, the stateat
stepk — 1 minimisesthe costfunctionwith n obserationgivenby

Blxylk—1) = 1 (6,(k) — %,(k) Ry (5, (k) — %, (k) + @)
o 3k = 1) = 2k — 1) R7 (b — 1) — 2k~ 1)

wherex,, is thevectorof 6 positionparametersy thevisualmotionestimation
result(controlinput), z; the obsenation, z; the estimatedbsenationby x,, and
R, R; arerespectiely the covariancesf u, z; (seesection3.2.2),andthe esti-
mated6 parametersectorx, (k) is definedusingthe VME resultandthe robot
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stateatthe previousstep.
Xp(k) = f(xp(k — 1), u(k))

At first glance,it is easilyshown thatthe first termof (4.2) is constrainedy
predictionandthe secondpy obsenationsof landmarks.Usingthe minimisation
resultx,(k — 1), therobot stateat stepk — 2 is estimatedby the samemethod
above. In this suboptimalmethod,eventhoughthe positionerror at currentstep
is propagatedo all paststeps sincethe costfunction minimisesobsenationand
positioningerrorusingbuilt landmarkmapandlocal motionestimationdetween
two consecutre framesatthe sametime, if thelandmarkmapis correct,the min-
imisationof obsenationerrorat eachpositionguaranteea boundecderrorgrowth
duringbackwardcorrection.

Figure 4.17 shows the comparisonof the resultof DEM building with and
without backward correctionof the trajectoryof figure 4.6: in the presencef a
significantdiscontinuityin the trajectoryof robot, a coherentDEM canbe built
with thetrajectorycorrectedoy backward correction.
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Figure4.17: Left: the DEM computedvith 400images, positionedaccouing to the trajectory
recovered by SLAMin figure 4.6. Right: DEM computedn the basisof the correctedtrajectory
after applyingthe badkward correction. The differenceis noticeableon top of the ortho-images
(upperimages),which corresponddo the areasperceivedat the start and end of the trajectory
Themapcovers an areaof about6000 m?.



Chapter 5
Discussion

We have presented solutionto the SLAM problemthat exclusively usesstere-
ovision. The mainadwantageof our approachrelieson the useof interestpoints
aslandmarks Suchpointsareindeedvery numerousn ary kind of ervironment:
no "obvious” landmarksare requiredfor the algorithmsto operatesuccessfully
andthis allows anactive selectionof thelandmarkgo map. Thereliability of our
interestpoint matchingalgorithmis of coursea key point here,asit allows robust
dataassociations Also, the useof the visual estimationtechniqueasa meanto
achieve the predictionstageof the filter is very efficient: its estimatesare pre-
cise enoughto yield a fastconvergence,keepingthe filter linearisationsas fair
approximationsFinally, athoroughstudyandidentificationof the variouserrors
estimatesnvolvedin thefilter allowsto setit up properly without ary empirical
tuning stagewhich would have beenvery tedious.

The resultspresentedshow that thanksto the applicationof an EKF on the
solebasisof sterewision, it is possibleto achiare a precisepositioningof arobot
after navigation over long distancesn variouskinds of 3D environments. Our
approaclhis especiallyeffective with aerialimageswherethe visual motion esti-
mationprovidesan estimateat leastasprecisethanthe off-the-shelfcheapposi-
tioning sensorgnamelyGPSandlow-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 usesterewisionto tacklethe SLAM problem:ary additional
sensoitis of coursewelcomedto solve the complex localisationproblem,andour

107
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algorithmsfor the predictionstage(VME) or the landmarkmappingcould eas-
ily beintegratedwith ary otherpositioningsensoiin a Kalmanfilter framework.
Our pointis to prove that sterewision is aninterestingsensorto considerfor the
SLAM problem. And sinceit is a sensoralso requiredby otherfunctionalities
(e.g obstacledetection peopletracking,or objectandplacerecognition)in mary
applicationcontexts, one shouldalso benefitfrom its possibility to localisethe
robotandto mapdiscriminaniandmarks.

Still, severalimprovementshouldbemadeto have asterew@isionbasedSLAM
solutionrunningon-boardarobot. Besideghe consideratiorof SLAM optimisa-
tion techniquessuch as the consideratiorof sub-mapsor fastSlamapproaches
(numeroudandmarksarerequiredby our algorithmto operatecorrectly- andthe
updatestageof the Kalmanfilter with 400 landmarksrequiresaroundl1.0sof a
powerful CPU), the necessityto keepin memorythe whole setof the perceved
imagesis a big dravback. The numberof imagescould be reducedby a factor
of several unities, by keepingonly “key images”in which numeroudandmarks
arevisible. Finally, sterewision is intrinsically limited by the baseline/deptina-
tio: the 3D informationsprovidedby a configurationn which thisratiois smaller
thanaboutl /30" almostdo not make senseThisis notabig problemfor ground
robots,thathardly needto perceve usefulinformationsfurtherthana few tensof
meter but it is a stronglimitation for aerialrobots: for that purposethe consid-
erationof SLAM with monoculaimagessequencess necessarywhichis avery
interestingandchallengingproblem.
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