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Abstract

The ability for a rover to localize itself with respectto
its environmentis a crucial issueto tackleautonomous
long rangenavigation. In this paper, we first presentand
classifythevariouskind of functionalitiesa rover should
beendowedwith to estimateits positionduringlong tra-
verses.We thenpresenta techniquethat relieson stere-
ovision andpixel tracking to estimatethe 6 parameters
of therover displacements,anddiscussexperimentalre-
sultsobtainedwith therobotLama.Thepaperendsby a
brief presentationof a complementarylocalizationfunc-
tion, with respectto anobject-basedenvironmentmodel
built by theroverasit navigates.

1 Intr oduction

Futureplanetaryexplorationrobotswill have to explore,
mapor traverselargerandlargerareas.This is a tremen-
douschallengefor roboticists,that must conceive sys-
temsendowed with autonomouslong rangenavigation
capacities.Indeed,thevariousconstraintsrelatedto plan-
etaryexploration(communicationdelays,poorly known
unstructuredterrain) void the possibility to efficiently
teleoperatethemachine.

At LAAS, we have tackledvariousaspectsrelatedto
autonomouslong rangenavigation in unstructuredter-
rains for over ten years,and experimentedsomein re-
alistic conditions[1, 2]. We areconvinced that to effi-
ciently achieve high level missionsdefinedover a large
scaleof spaceandtime, a certaindegreeof deliberation
is necessaryin order to anticipateevents, takeefficient
decisions,andreactadequatelyto unexpectedevents[3].

In particular, this robot ability to plan its activities calls
for the building of variousenvironmentrepresentations,
at several levels of abstraction(topologicalmaps,geo-
metricmaps,objectrepresentations...).For thatpurpose,
an estimateof the robot position is required,andwhen
executinglong missions,sensorson boardthelanderare
no longerhelpful to computeit. A positionestimateis
not only necessaryto build coherentenvironmentmod-
els, it is alsorequiredto ensurethat thegivenmissionis
successfullybeingachieved,or to servo motionsalonga
definedtrajectory: robotself-localizationis actuallyone
of themostimportantissueto tackleautonomousnaviga-
tion.

The internalsensorsof a robot being alwayssubject
to errorsanddrift, a lot of attentionhasbeenpaidto ex-
teroceptive databasedpositioncorrectionor estimation
algorithmssincethe very beginning of mobile robotics.
Basically, this problemis threefold: (i) the robot hasto
extract and associaterelevant dataor modelsfrom the
gathereddata,(ii) hehasto processtheseassociationsto
refineor estimateits position,(iii) andfinally, hemustbe
ableto activelycontrol its perceptioncapacitiesin order
to acquiretherelevantdata.

We focusin this paperon thefirst partof theproblem,
in thecontext of autonomousnavigationin planetary-like
environments. The problemis thenvery differentfrom
indoorenvironments,thecontext within which it hases-
sentiallybeenstudiedup to now: not only the internal
sensorsdataaremorenoisy - the groundis seldomflat
andsmooth,but alsotheenvironmentis not intrinsically
structured,as comparedto indoor environmentswhere
simplegeometricprimitivesmatchfairly well thereality,
andcanthereforebe “easily” associatedfrom onepoint



of view to theother.
The next sectionpresentsa tentative classificationof

the various position estimationtechniquesa planetary
rover shouldbeendowedwith. Section3 presentsin de-
tails a techniquethat enablesto estimatethe robot mo-
tionswith anexcellentaccuracy, usingpixel trackingand
stereovision. The following sectionsketchan approach
we arecurrentlydeveloppingto localizetherobotover a
long range,on the basisof anobject-basedenvironment
representationbuilt by therobot.A shortdiscussioncon-
cerningthecurrenttrendin researchrelatedto roboten-
vironmentmodellingconcludesthepaper.

2 A tentative classification of exte-
roceptive localization techniques

Thevarioustechniquesrequiredto computetherobotpo-
sitionasit navigatesrangefrom inertialor odometrydata
integration to absolutelocalizationrespectingan initial
model. In order to have a betterunderstandingof the
problem,we proposehereto classify thesestechniques
into four functionalcategories:

1. Motion estimation: it consistsin integratingdataas
a very high paceas the robot moves, similarly to
proprioceptivelocalization1, in orderto estimatethe
parametersof elementarymotions.

2. Position refinement: as with proprioceptive local-
ization,exteroceptive motionestimationtechniques
generatecumulative errors. It is then necessaryto
rely on the associationof elementsin the environ-
ment(landmarks)perceivedfrom quitedifferentpo-
sitionsto refinethepositionestimate.Thelandmark
matchingproblem is hereeasily solved thanksto
thepreciseenoughpositionestimateprovidedby the
motionestimationtechnique.

3. Position determination: even whenperceiving and
memorizinglandmarks,someerrorson theposition
estimatecumulateover a long rangeof time and
space(or aftertraveling a landmark-freeareafor in-
stance).Sucherrorscanreachvery high values,so
that when re-perceiving previously modeledland-
marks,onecannot rely on thecurrentpositionesti-
mationto matchthem.It thencallsfor objectrecog-
nition to tacklethedataassociationprocess.

4. Absolutelocalization: in this last category, we put
all the techniquesthat aim at localizing the robot

1We denoteby “proprioceptive localization”all thealgorithmsthat
estimatethe robot positionusingproprioceptive sensors- odometers,
accelerometers,gyroscopes,inclinometers,etc.

with respectto an initial global modelof the envi-
ronment(suchasimagesor numericalterrainmod-
els derived from orbital imagery),a problemoften
referredto as the “drop-off problem” [4]). If de-
scentimagerycan be usedto initially localize the
lander[5], theproblemof absolutelocalizationstill
hasto betackledwhenroving over several kilome-
ters.

Thereare actually five criteria that lead us to estab-
lish such a classificationof the localization functions:
(i) frequency of processactivation, (ii) requirementson
theprecisionof the initial robotposition,(iii) volumeof
datarequired,(iv) necessityto control the dataacquisi-
tion, and (v) level of abstractionof the processeddata.
For instance,themotionestimationfunctionalityprocess
asmallamountof raw dataataveryhighfrequency, with-
out any controlof the dataacquisition,andmayrequire
a preciseinitial estimateof the motions(given by the
proprioceptive sensors)in order to track and associate
successfullythe data. On the contrary, the absolutelo-
calizationfunction is seldomtriggered,requiresa high
level environmentmodelbuilt uponnumerousdatasets,
for the constructionof which dataacquisitionstrategies
have beendetermined,andby definition do not require
any preciseinitial positionestimate2.

As onecan see,the developmentof several different
dataprocessingandenvironmentmodelingalgorithmsis
requiredto tacklethe localizationproblem.All theseal-
gorithmsarecomplementary, andprovide positionesti-
mateswith differentcharacteristics:a modelof eachof
thesealgorithmsis requiredin orderto filter the various
positionestimatesinto a consistentone, and to plan or
triggertheiractivation.

3 Motion estimation using stereovi-
sionand pixel tracking

We presenthere an exteroceptive position estimation
techniquethat is ableto estimatethe6 parametersof the
robot displacementsin any kind of environments,pro-
vided it is texturedenoughso that pixel-basedstereovi-
sionworkswell (thanksto progressesoncamerasandal-
gorithms,it is eventhecasefor very smoothandflat ter-
rains- thepresenceof noparticularlandmarkis required).
Referringto theclassificationpresentedin theformersec-
tion, this techniqueis a motionestimationfunction. It is
passive, in the sensethat it do not calls for any dataac-
quisitionstrategy: imagesarejustusedasfastaspossible.

2Note thatamongthesecriteria, the abstractionlevel of the datais
actuallydubious:wewill indeedseein thenextsectionsthatwe tackle
themotionestimationandobjectrecognitionfunctionalitiesusingvery
similardata(rawgreylevel images)



Thealgorithmsthereforedo not interferewith any other
functionalitythatmakesuseof thestereocameras(obsta-
cleavoidance,mapbuilding).

3.1 Principle of the approach

The approachwe developedandexperimentedcould be
called “exteroceptive dead-reckoning”:it computesan
estimateof the 6 displacementparametersbetweentwo
stereoframesonthebasisof asetof 3D pointto 3Dpoint
matches,establishedby trackingthe correspondingpix-
elsin theimagesequenceacquiredwhile therobotmoves
(figure 1). Dependingon the time spentby stereovision
andon the numberof pixels to track, the trackingphase
lastsa variablenumberof frames,which canbereduced
to one.
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Theprincipleof theapproachis extremelysimple,but
paidwe a lot of attentionto theselectionof thepixel to

track: in orderto avoid wrongcorrespondences,onemust
makesurethat they canbe faithfully tracked,andin or-
der to have a preciseestimationof themotion,onemust
choosepixels whosecorresponding3D point is known
with a good accuracy. Pixel selectionis donein three
steps: an a priori selectionis doneon the basisof the
stereoimages(section3.2); a modelof the pixel track-
ing algorithmis usedto discardthe dubiouspixelsdur-
ing thetrackingphase(section3.3);andfinally anoutlier
rejectionis performedwhencomputinganestimationof
displacementbetweentwo stereoframes(a posteriorise-
lection- section3.4).

3.2 Selectionof the pixels to track

To initiate the processasa stereoframecomesup, one
mustselectasetof pixelsto betracked.Ononehand,one
would like to trackpixelswhosecorresponding3D point
is known with a goodaccuracy: this is donethanksto
anerrormodelof thepixel-basedstereovision algorithm.
On the other hand,onewould like to selectpixels that
are likely to be successfullytrackedin the forthcoming
imagesequence:this is doneby studyingthebehavior of
theauto-correlationfunctionin theneighborof thepixels
of theimage.

An error model for pixel correlation-basedstere-
ovision: A densedisparity image is producedfrom a
pairof imagesthanksto a correlation-basedpixel match-
ing algorithm(we usetheZNCC correlationcriteriaor a
HammingdistancecomputedonCensustransformedim-
ages[6]). Falsematchesareavoidedthanksto a reverse
correlationandtovariousthresholdsdefinedonthecorre-
lationscorecurve (essentiallyon thevalueof thehighest
score,and on betweenthis scoreand the secondhigh-
estpeakin the curve). To get quantitative informations
on theprecisionof thecomputeddisparity(andtherefore
on thecoordinatesof the3D points),we studieda setof
100 imagesacquiredfrom the sameposition. As in [7],
it appearedthatthedistributionof thestandarddeviation
on thedisparityestimatecanbewell approximatedby a
Gaussian.Not surprisingly, thestandarddeviationon the
depthincreasesquadraticallywith the depth3. A more
interestingfact is that thereis a strong correlation be-
tweentheshapeof thecorrelationcurve aroundits peak
andthe standarddeviation on the disparity: the sharper
thepeak,themoreprecisethedisparityfound. This cor-
relationdefinesan error model, that is usedduring the
correlationphaseto estimatethe error on the computed
disparity(figure2).

3This would actuallybe true if the standarddeviationson the dis-
paritieswerenot dependentof thedepth. In practice,furtherareasbe-
ing lesstexturedthancloserones,the disparitystandarddeviation in-
creaseswith thedepth.As aconsequence,thedepthstandarddeviation
increasesmorethanwith thesquareof thedepth



Figure2: A resultof our stereovisionalgorithm: from left to right,
original image(onlycorrelatedpixelsareshown),disparityimage,and
standarddeviationon thedisparityestimatedwith our error model.

However, therearematchingerrorsthat occur at the
borderbetweentwo regions of very different intensity
valueslocatedat differentdepths(figure 3): as a con-
sequence,theobjectshapein thedisparityimageis arti-
ficially growedof half thesizeof thecorrelationwindow.
Theseerrors,oftenreferredto as“occludingcontoursar-
tifacts” [8] cannotbefilteredoutthanksto thethresholds
on the correlationcurve or to a blob filtering algorithm.
Moreover, theirestimatederrortendtobeverysmall: it is
practicallyimpossibleto avoid theselectionof suchpix-
elsconsideringonly thestereovisionalgorithmmodel.

Figure 3: False matchesat the border of a rock: disparity image
(left), andcorrelatedpixels(right).

Selecting good candidates for the tracking algo-
rithm : Planetaryenvironmentsbeing highly textured,
simplearea-basedmatchingtechniquesareextremelyef-
ficient to track pixels in an image sequence(seesec-
tion 3.3). However, due to noisein the imageand the
samplingperformedby cameras,the trackingalgorithm
ofteneventuallydrifts: aftera few imageframes,tracked
pixelsdo not correspondto the sameterrainpointsthan
the pointscorrespondingto the original pixels. This off
courseoccur especiallyon smooth,low textured areas,
but canalsooccuron highly texturedareas:checkinga
simple thresholdon the standarddeviation on the grey
levels of the correlationwindow is not sufficient to en-
surethata pixel will besuccessfullytracked.

To avoid the selectionof pixels in the imagethat are
likely to drift during the tracking phase,we defineda
measureotherthe imagethatrepresentshow similar is a
pixel to its neighbors.This measureis basedonthecom-
putationof the correlationscoreof onepixel with each
of its neighbors,using the samecorrelationscoreand
window sizeasthetrackingalgorithm(auto-correlation).
Thesescoresdefinea correlationpeak(a surface),and
theshapeof thispeakindicateshow differentis onepixel
from its neighbors:thesharperthepeak,themorediffer-
entaretheneighborsfrom thepixel. We usethegreatest
valueof thecorrelationscoresfoundfor theneighborsas

anindicatorof thesharpnessof thepeak,dividedby the
theoreticalmaximumcorrelationscore.

Figure4: Local similarity measure computedover a whole image.
Left: original image,right: similarity measureencodedasgrey levels.
Thedarkerpixelsaregoodcandidatesfor thetrackingalgorithm.

Figure 4 presentsa result of the computationof this
measureoverawholeimage.Onecannotethatthepixels
correspondingto occludingcontoursarenot goodcandi-
datesfor the trackingalgorithm: indeed,in the two di-
rectionsdefinedby thecontour, thecorrelationwindows
arevery similar. Finally, notethat this measuregivesan
indicatorrelatedto the expectedprecisionof the track-
ing algorithmfor a pixel, but not relatedto theambigu-
ity (certainty): to evaluatean ambiguitymeasurewould
requirethe computationof correlationscoresfor a wide
neighborhood,which is extremelytimeconsuming.

Pixelsselection: Thesetof candidatepixelsto trackis
definedby applyingthresholdson thedepthstandardde-
viation estimateof the3D pointsandon thecorrespond-
ing pixel similarity measure.Thepixelsthatwill actually
betrackedarethenrandomlychosenamongtheremain-
ing candidates.

3.3 Tracking pixels in an imagesequence

Althoughthepixelsto trackhave beencarefullyselected,
someerrors(drifts or falsematches)canoccurduringthe
trackingphase.In orderto avoid sucherrors,we tested
variousmatchingcriteria (SSD,ZNCC, Census.. . ) and
varioustemplateupdatingstrategiesonseveral imagese-
quencesto determinethebestones.

Thanks to stereo image sequences,we can detect
whenatrackingalgorithmis drifting by tracking“stereo-
corresponding”pixelsin thetwo images,andby checking
thatafter the trackingphase,thereturnedpixelsarestill
correspondingin thenew stereopair. However, tracking
in parallelpixels in a stereopair takestwice the time to
trackpixels in oneimage. We thereforeusedthis possi-
bility to checkoff-line thetrackingalgorithmwith stere-
ovision, to establishstatisticson varioustrackingalgo-
rithms andwith variouscorrelationwindow sizes. This
helpedto determinethebestmatchingscore,templateup-
datestrategy andoptimal window size: we retainedthe



ZNCCcorrelationscorecomputedovera �
������� window,
andupdatethetemplateby interpolatingthetargetimage
aroundthe sub-pixellic matchingestimateandwith the
previoustemplate.Moreover, it allowedusto easilyde-
terminethethresholdvalueson themaximumcorrelation
scoreandon the differencebetweenthe secondhighest
peakin thesurface,thresholdsunderwhichthealgorithm
is suspectedto drift or to returna falsematch.

The trackingphaseis doneasfollows: givena setof
pixel to trackandtheir corresponding3D pointsdefined
on thestereoframe ��� , thesearchzonein the imageac-
quiredat time ��� is centeredaroundtheir predictedposi-
tion, usingthe transformation���	��� �!�#" providedby the
robot internalsensors.Thesizeof thesearchzoneis de-
terminedaccordingto the uncertaintyon the estimated
transformation.This predictionis important: it helpsto
focusthematchsearchin a smallarea,andthereforere-
ducesthe probability to return a falsematch. Figure 5
shows the result of tracking a set of pixels in two im-
agesacquiredfrom two positionsdistantof about$#%&� me-
ter. Onecanseethatmostpixelshave beensuccessfully
tracked.

Figure5: Resultof thetrackingalgorithmon a setof selectedpixels.
Thepixelsto track aredisplayedon thefirst image(left), andthefound
pixelsonthefollowing imagearedisplayedonright.

3.4 Estimation of the motions

At the date �(' , when a new stereoacquisitionis per-
formed, the pixels of the trackedsetwhose3D coordi-
nateestimateis now below a certainaccuracy are dis-
carded,andtheremainingmatchesareusedto computea
first estimateof the3D transformation���)� ' , usingacon-
strainedleast-squaremethod[9]. Onthebasisof thisfirst
estimation,outliersarerejectedfrom thesetof matched
3D points,anda new estimateis computed.In our case,
theoutlier rejectionis easyto achieve: indeed,thanksto
thea priori selectionphaseandto thethresholdsapplied
duringthepixel trackingphase,mostof thematched3D
pointspairsareconsistent.

Tracking pixels over several stereo frames: Theob-
vious drawback of computingelementarymotionsonly
betweentwo consecutive stereoframesis that theerrors

on themotion estimationcumulatesover time, just asit
happenswhenintegratingthedataof therobot’s internal
sensor. Oneway to reducethis errorsis to usethe pos-
sibility to track somepixels over several stereoframes:
it allows to determinevariousdisplacementsparameters
every timea stereoimagecomesup(figure6).
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Figure6: Severaldisplacementsbetweenstereo framescanbe esti-
mated

Onecould imagineto combinethesevariousdisplace-
mentsestimationsusinga stochasticfiltering technique:
this would requirethe preciseknowledgeof the uncer-
taintieson every displacementestimation,which is not
obvious to obtain. We solved this problemby comput-
ing a leastsquareestimationfor the whole setof possi-
ble 3D pointsmatchesin a recursive way: oncea posi-
tion correspondingto time �(*
' is estimated,all the for-
mer3D pointscoordinatesareexpressedin this position.
At the frame ��+ *�, �.- ' , the matched3D pointsaredupli-
catedin orderto generateall thepossibleassociationsets/1032 *032 �5476 0 '98 6 + *�, �.- ';: , andtheconstrainedleastsquare
methodis appliedon thewholeassociations.

The a priori pixel selection,performedevery time a
stereoframeis produced,is thenonly doneto replacethe
pixels that have beenlost (rejectedduring the tracking
phaseor asoutliers)duringthepreviousstereo-to-stereo
cycle.

3.5 Functional architecture

We are currently integrating all the functionalitiesre-
quiredby our approachon boardthe robot Lama. Fig-
ure 7 presentsthe necessaryfunctional modules(inte-
gratedunder the real-time operatingsystemVxWorks
thanksto GenoM,a softwaretool developedin our re-
searchgroupto specifyandintegratelibraries[10]), and
theconnectionsbetweenthem.

3.6 First experimental results

We have tested the approach with the robot
Lama4(figure 8), and establishedcomparisonswith
positionrecordsobtainedwith a differentialphaseGPS
localizationsystem.

4Lamathatis currentlylent to usby AlcatelSpaceIndustries
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Figure8: TherobotLama,a Marsokhodrobotbuilt by VNII Trans-
machandequippedat LAAS

The first resultsare very promising: on sometrans-
lationsof several tensof centimeters,the displacement
estimatedby the algorithmswascloseup to 1% to the
GPSpositions,ie. aspreciseasthe(up to now, we only
characterizedthe translations).We arecurrentlyestab-
lishing thoroughstatistics,in order to preciselyqualify
the precisionof the technique.On longermotions,that
correspondsto several tensof stereoframes,it appeared
clearly that thereis a greatadvantagein trackingpixels
over severalstereoframes.However, wearenot satisfied
by theleastsquareestimationalgorithm:aKalmanfilter-
ing would surelydo a betterjob, all the moresincethe
uncertaintyon the3D pointscoordinatesarewell none.

4 Toward unstructured object
recognition

We briefly presentherea new techniquewearecurrently
workingon,thatallowsto identifyandregisterpreviously
perceivedobjects. It canthereforesatisfyboth the posi-
tion refinementanddeterminationprocesses(section2).
Historically, thefirst attemptsto solvetheseproblemsre-
lied on analyticalobjectsmodels(suchassuperquadrics
for instance).Theinadequacy of suchmodelsto unstruc-
turedobjectsleadus to studydeformablemeshes.How-
ever if thesetechniquesarewell suitedfor very precise
geometricdata(suchasin medicalimaging),they remain
uselessfor robotnavigation,wherethedatarangeseveral
metersandaremuchmorenoisy. Wethink therecentad-
vancesin imageregistrationmaybesuccessfullyadapted
to ourproblem:insteadof aimingatbuilding conciseand
precisemodels,thesetechniquestend to solve the data
associationproblemsusing either global invariant fea-
tures[11] or a setof local invariantfeatures[12] deter-
minedin theimages.

Theprincipleof themethodwe proposeis thefollow-
ing: it consistsin building a databaseof object images
(referredto as“aspects”)astherobotnavigates.Instead
of computinglocal invariantsfor thesepixels, as it is
usuallythecasewhenindexing images,we makeuseof
the3D informationsproducedby stereovision for all the
pixels to predictthe objectaspectfor a constantcamera
distanceandorientation5. This relaxestheneedto com-
pute invariantswith respectto imagescaleandorienta-
tion. On this “projected” aspect,a set of discriminant
pixels is markedusingthe autocorrelationfunction pre-
sentedin section3.2 (or usinganHarrisdetectorfor in-
stance).During the visualaspectdatabaseconstruction,
a deformablemeshis determinedon thebasisof thevar-
ious 3D points sets. No meshregistrationis done: we
assumethe precisionof the robot positiongiven by the
motionestimationtechniqueis preciseenoughto build a
meshthatis roughlyconsistant.

Whenperceiving anobjectaftera while or a long dis-
tancetravelled,theproblemis todeterminewhetherit has
alreadybeenperceivedor not,andif yes,todeterminethe
robot locationwith respectto the memorizedpositions
correspondingto aspects.This is doneaccordingto the
following procedure:

1. The first phaseconsistsin using global attributes
to selectamongall the candidatesaspectsthe ones
that aremost likely to be matchedwith the newly
perceived object. Theseattributesarecoarsegeo-
metricinformations(suchastheestimateof theob-
ject’s volumeandinertiamomentsderivedfrom the

5Theorientationof the camerawith respectto thegravity vectoris
faithfully providedby inclinometersor themotionestimationtechnique.



mesh),andglobalphotometricinformations(texture
for instance).

2. The secondphaseconsistsin selectingthe aspect
amongtheremainingcandidatesthatresemblesthe
most the currentaspect. This is doneon the ba-
sis of the currentaspectpredictionfor the constant
cameradistanceand orientationchosenduring the
databasebuilding, and by evaluating simple cor-
relation scores(as in the motion estimationtech-
nique)for discriminantpixelsprovidedby theauto-
correlationfunction. The originality of the method
rely hereon the useof the 3D datato project the
currentaspectto a viewpoint ascloseaspossibleto
the onesstoredin the database,which relaxes the
needto computeinvariants. Up to now, the best
candidateis only chosenusing a measuredefined
on the correlationscorefor all the markedpixels.
Geometricconstraintsbetweenthe markedpixels
wouldprobablybehelpfulwhendealingwith alarge
database:the problemis similar to primitive based
objectrecognitiontechniques.

3. Thelastphaseconsistsin determiningtherobotpose
with respectto the matchingaspect,using a 3D
pointssetof correspondences,asin the motion es-
timationtechnique.

Oneof thecritical point of themethodis theability to
segmentthe objectsin the data. We have only consid-
eredtheeasycaseof rockslying on a ratherflat ground,
anddevelopedasimpleobjectdetectionprocedureonthe
disparity image. It relies on the possibility to quickly
computea virtual disparityimagethat correspondsto a
theoreticalflat ground,usingtheestimateof therobotat-
titude.A differencebetweenthispredictedimageandthe
perceiveddisparityimageexhibitsthepartsthatareabove
theground:asimplethresholdonthisdifferenceleadto a
“blob image”,eachblobcorrespondingto a potentialob-
ject (similar simplesegmentationtechniquescanbe ap-
plied on the3D pointsimage). However, oneof the ad-
vantageof our matchingmethodis that is do not require
a faithful segmentation.

5 Conclusions

Roverself-localizationis anextremelyimportantissueto
tacklein orderto endow a robot with autonomouslong
rangenavigation capacities.In this paper, we have dis-
cussedthe variouskind of functionalitiesto develop in
orderto solvethisproblem.Thesefunctionalitiesrequire
variousdataprocessingandenvironmentmodelingalgo-
rithms,andmayrequirethedeterminationof dataacqui-
sitionstrategies.

We have presentedanapproachthatis ableto estimate
elementaryrobot motionson the basisof stereovision,
without building any environmentmodel, and we have
sketchedan object modelingapproachthat can satisfy
boththepositionrefinementanddeterminationprocesses
over a longrange.

Most investigationsconcerninglocalizationin outdoor
environmentsreliedmainly ongeometriccharacteristics:
on roughterrains,adigital mapelevation is directlyused
to feedaniconicmatchingprocedure[13,14], or geomet-
ric featuresextractedfrom the modelarematched[15].
On rather flat terrainswhere obstaclesare easily seg-
mented,sometechniquesrelying on geometricobstacle
modelshave beenproposed[16, 17]. However, if ge-
ometryis anessentialfeatureto build environmentmod-
elsandindispensableto computepositions,theerrorsin
thedataandthemodelsmakestheassociationalgorithms
very fragile.

Theapproacheswepresentedrely essentiallyonimage
data,ratherthanon geometricdata. Indeed,the increas-
ing ability to storeandrapidly processa largeamountof
data,due to performancesprogressesof the computers,
leadus to develop techniquesthat makea stronguseof
raw imagedata.As it seemsto bethecurrenttrendin the
perceptioncommunity, we tendto give up “reconstruc-
tionist” approachesthataim at building a conciserepre-
sentation.Onecanseethat if geometryremainsan in-
dispensablefeature,its role is stronglydiminishingin the
dataassociationprocesses.
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