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Abstract

The ability for a rover to localizeitself with respectto
its ervironmentis a crucial issueto tackle autonomous
long rangenavigation. In this papey we first preseniand
classifythe variouskind of functionalitiesa rover should
be endavedwith to estimateits positionduringlong tra-
verses.We thenpresenta techniquethatrelieson stere-
ovision and pixel trackingto estimatethe 6 parameters
of therover displacementsanddiscussexperimentalre-
sultsobtainedwith therobotLama. The paperendsby a
brief presentatiorof a complementaryocalizationfunc-
tion, with respecto an object-base@rnvironmentmodel
built by the rover asit navigates.

1 Intr oduction

Futureplanetaryexplorationrobotswill have to explore,
mapor traverselargerandlargerareas.Thisis atremen-
douschallengefor roboticists,that must conceve sys-
temsendaved with autonomougong range navigation
capacitiesIndeedthevariousconstraintselatedo plan-
etaryexploration (communicatiordelays,poorly known
unstructuredterrain) void the possibility to efficiently
teleoperat¢ghemachine.

At LAAS, we have tackledvariousaspectgelatedto
autonomoudong rangenavigation in unstructureder
rainsfor over ten years,and experimentedsomein re-
alistic conditions[1, 2]. We are corvincedthatto effi-
ciently achieve high level missionsdefinedover a large
scaleof spaceandtime, a certaindegreeof delibemtion
is necessaryn orderto anticipateevents, take efficient
decisionsandreactadequatelyo unexpectedevents|3].

In particular this robot ability to plan its actiities calls
for the building of variousenvironmentrepresentations,
at several levels of abstraction(topologicalmaps,geo-
metric maps,objectrepresentations...Jfor thatpurpose,
an estimateof the robot positionis required,and when
executinglong missions sensor®on boardthe landerare
no longerhelpful to computeit. A positionestimateis
not only necessaryo build coherentervironmentmod-
els, it is alsorequiredto ensurethatthe given missionis
successfullpeingachieved, or to seno motionsalonga
definedtrajectory: robotself-localizationis actuallyone
of themostimportantissueto tackleautonomousaviga-
tion.

The internal sensorof a robot being alwayssubject
to errorsanddrift, a lot of attentionhasbeenpaidto ex-
teroceptve databasedposition correctionor estimation
algorithmssincethe very beaginning of mobile robotics.
Basically this problemis threefold: (i) the robothasto
extract and associataelevant dataor modelsfrom the
gatherediata,(ii) he hasto processheseassociationso
refineor estimatdts position,(iii) andfinally, hemustbe
ableto activelycontrolits perceptioncapacitiesn order
to acquiretherelevantdata.

We focusin this paperon thefirst partof the problem,
in thecontet of autonomousgavigationin planetary-like
ervironments. The problemis thenvery differentfrom
indoorernvironments the context within which it hases-
sentially beenstudiedup to now: not only the internal
sensordataare more noisy - the groundis seldomflat
andsmooth,but alsothe ervironmentis notintrinsically
structured,as comparedto indoor ervironmentswhere
simplegeometrigprimitivesmatchfairly well thereality,
andcanthereforebe “easily” associatedrom onepoint



of view to theother

The next sectionpresentsa tentate classificationof
the various position estimationtechniquesa planetary
rover shouldbe endavedwith. Section3 presentsn de-
tails a techniquethat enablegto estimatethe robot mo-
tionswith anexcellentaccurayg, usingpixel trackingand
sterewision. The following sectionsketchan approach
we arecurrentlydeveloppingto localizethe robotover a
long range,on the basisof an object-base@rvironment
representatiobuilt by therobot. A shortdiscussiorcon-
cerningthe currenttrendin researchelatedto roboten-
vironmentmodellingconcludeghe paper

2 A tentative classification of exte-
roceptive localization techniques

Thevarioustechniquesequiredto computetherobotpo-
sition asit navigatesrangefrom inertial or odometrydata
integrationto absolutelocalizationrespectingan initial
model. In orderto have a betterunderstandingf the
problem,we proposehereto classify thesegechniques
into four functionalcateyories:

1. Motion estimation it consistsn integratingdataas
a very high paceas the robot moves, similarly to
proprioceptvelocalizatiort, in orderto estimatehe
parametersf elementarynotions.

2. Position refinement as with proprioceptve local-
ization, exteroceptve motion estimationtechniques
generatecumulatize errors. It is then necessaryo
rely on the associatiorof elementsn the erviron-
ment(landmarks)percevedfrom quitedifferentpo-
sitionsto refinethepositionestimate Thelandmark
matchingproblemis here easily solved thanksto
thepreciseenoughpositionestimaterovidedby the
motionestimatiortechnique.

3. Position determination even when perceving and
memorizinglandmarkssomeerrorson the position
estimatecumulateover a long range of time and
spacegor aftertraveling alandmark-freeareafor in-
stance).Sucherrorscanreachvery high values,so
that when re-percering previously modeledland-
marks,onecannotrely on the currentpositionesti-
mationto matchthem. It thencallsfor objectrecog-
nition to tacklethe dataassociatiomprocess.

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

1we denoteby “proprioceptive localization”all the algorithmsthat
estimatethe robot position using proprioceptve sensors odometers,
accelerometergyroscopesinclinometersetc.

with respecto an initial global modelof the ervi-
ronment(suchasimagesor numericalterrainmod-
els derived from orbital imagery),a problemoften
referredto asthe “drop-off problem” [4]). If de-
scentimagery can be usedto initially localize the
lander[5], the problemof absolutdocalizationstill
hasto betackledwhenroving over several kilome-
ters.

Thereare actually five criteria that lead us to estab-
lish such a classificationof the localization functions:
(i) frequeny of processactivation, (ii) requirementn
the precisionof theinitial robot position, (iii) volumeof
datarequired,(iv) necessityto control the dataacquisi-
tion, and (v) level of abstractionof the processediata.
For instancethe motionestimationfunctionalityprocess
asmallamounbf raw dataataveryhighfrequeny, with-
out ary controlof the dataacquisition,and may require
a preciseinitial estimateof the motions (given by the
proprioceptve sensors)n orderto track and associate
successfullythe data. On the contrary the absolutelo-
calizationfunction is seldomtriggered,requiresa high
level ervironmentmodelbuilt uponnumerougdatasets,
for the constructionof which dataacquisitionstrategies
have beendeterminedand by definition do not require
ary precisenitial positionestimaté.

As one can see,the developmentof several different
dataprocessing@andervironmentmodelingalgorithmsis
requiredto tacklethe localizationproblem. All theseal-
gorithmsare complementaryand provide position esti-
mateswith differentcharacteristicsa modelof eachof
thesealgorithmsis requiredin orderto filter the various
position estimatednto a consistentone, andto plan or
triggertheir activation.

3 Motion estimation using stereovi-
sionand pixel tracking

We presenthere an exteroceptve position estimation
techniguehatis ableto estimatethe 6 parametersf the
robot displacementsn ary kind of ervironments,pro-
vided it is textured enoughso that pixel-basedstere®i-
sionworkswell (thanksto progressesn cameragndal-
gorithms,it is eventhe casefor very smoothandflat ter-
rains- thepresencef noparticuladandmarkis required).
Referringto theclassificatiorpresenteth theformersec-
tion, this techniquds a motionestimationfunction. It is
passivein the sensehatit do not callsfor ary dataac-
quisitionstratgy: imagesarejustusedasfastaspossible.

2Note thatamongthesecriteria, the abstractiorlevel of the datais
actuallydubious:we will indeedseein the nextsectionghatwe tackle
themotion estimationandobjectrecognitionfunctionalitiesusingvery
similar data(raw greylevelimages)



The algorithmsthereforedo not interferewith ary other
functionalitythatmakesuseof the stereaccameragobsta-
cle avoidance mapbuilding).

3.1 Principle of the approach

The approachwe developedandexperimentedcould be
called “exteroceptve dead-reckoning”:it computesan
estimateof the 6 displacemenparameterdetweentwo

steredrameson thebasisof a setof 3D pointto 3D point

matchesgstablishedy trackingthe correspondingpix-

elsin theimagesequencacquiredvhile therobotmoves
(figure 1). Dependingon the time spentby sterewision

andon the numberof pixelsto track, the trackingphase
lastsa variablenumberof frames,which canbereduced
toone.
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Figurel: Principle of theapproach: at time T, a correlationalgo-
rithm computes disparityimagefroma stereopair, anda setof pixels
to track is selectedBetweer; and Ty, theselectecpixelsare tracked
in theimagesequenceAfterthedeterminatiorof thedisparityimageat
Ty, thesetof 3D pointscorresponderm{Pg , Pé} establishedy the
tracking phaseis usedto computethe displacemenfl'ro_, ., andthe
processstartsagain.

The principleof theapproactis extremelysimple,but
paidwe a lot of attentionto the selectionof the pixel to

track:in orderto avoid wrongcorrespondencesnemust
makesurethatthey canbe faithfully tracked,andin or-
derto have a preciseestimationof the motion,onemust
choosepixels whosecorrespondingD point is known
with a good accurag. Pixel selectionis donein three
steps:an a priori selectionis doneon the basisof the
stereoimages(section3.2); a model of the pixel track-
ing algorithmis usedto discardthe dubiouspixels dur-
ing thetrackingphasgsection3.3); andfinally anoutlier
rejectionis performedwhencomputingan estimationof
displacemenbetweertwo steredrames(a posteriorise-
lection- section3.4).

3.2 Selectionof the pixelsto track

To initiate the processas a stereoframe comesup, one
mustselectasetof pixelsto betracked.Ononehand,one
would like to trackpixelswhosecorrespondin@D point
is known with a goodaccurag: this is donethanksto
anerrormodelof the pixel-basedterewision algorithm.
On the other hand,one would like to selectpixels that
arelikely to be successfullytrackedin the forthcoming
imagesequencethisis doneby studyingthe behaior of
theauto-correlatioriunctionin theneighborof thepixels
of theimage.

An error model for pixel correlation-basedstere-
ovision: A densedisparity imageis producedfrom a
pair of imageghanksto a correlation-basedixel match-
ing algorithm(we usethe ZNCC correlationcriteriaor a
Hammingdistancecomputedn Censugransformedm-
ageg[6]). Falsematchesareavoidedthanksto areverse
correlationandto variousthresholdsiefinedonthecorre-
lation scorecurve (essentiallyon the valueof the highest
score,and on betweenthis scoreand the secondhigh-
estpeakin the curwe). To getquantitatie informations
ontheprecisionof the computedisparity(andtherefore
on the coordinate®f the 3D points),we studieda setof
100imagesacquiredfrom the sameposition. As in [7],
it appearedhatthe distribution of the standardieviation
on the disparity estimatecanbe well approximatedy a
GaussianNot surprisingly the standardleviation onthe
depthincreasegjuadraticallywith the deptl¥. A more
interestingfact is that thereis a strong correlation be-
tweenthe shapeof the correlationcurve aroundits peak
andthe standarddeviation on the disparity: the sharper
the peak,the moreprecisethe disparityfound. This cor
relation definesan error mode] thatis usedduring the
correlationphaseto estimatethe error on the computed
disparity(figure 2).

3This would actuallybe true if the standarddeviationson the dis-
paritieswerenot dependenbf the depth. In practice furtherareasbe-
ing lesstexturedthan closerones,the disparity standarddeviation in-
creasesvith the depth.As a consequencéehe depthstandardieviation
increasesnorethanwith the squareof thedepth



Figure 2: Aresultof our sterovisionalgorithm: from left to right,
original image(only correlatedpixelsare shown) disparityimage,and
standad deviationon the disparity estimatedvith our error model.

However, thereare matchingerrorsthat occur at the
border betweentwo regions of very differentintensity
valueslocatedat differentdepths(figure 3): asa con-
sequencethe objectshapein the disparityimageis arti-
ficially growedof half thesizeof thecorrelatiorwindow.
Theseerrors,oftenreferredto as“occludingcontoursar-
tifacts” [8] cannotbefilteredoutthanksto thethresholds
on the correlationcurve or to a blob filtering algorithm.
Moreover, theirestimateckrrortendto beverysmall:it is
practicallyimpossibleto avoid the selectionof suchpix-
elsconsideringonly the sterewision algorithmmaodel.

r'

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

Selecting good candidates for the tracking algo-
rithm : Planetaryervironmentsbeing highly textured,
simplearea-basethatchingtechniquesireextremelyef-
ficient to track pixels in an image sequencesee sec-
tion 3.3). However, dueto noisein the imageandthe
samplingperformedby camerasthe tracking algorithm
ofteneventuallydrifts: afterafew imageframestracked
pixels do not correspondo the sameterrain pointsthan
the pointscorrespondindo the original pixels. This off
courseoccur especiallyon smooth,low textured areas,
but canalsooccuron highly textured areas:checkinga
simple thresholdon the standarddeviation on the grey
levels of the correlationwindow is not sufiicient to en-
surethata pixel will besuccessfullyracked.

To avoid the selectionof pixelsin theimagethatare
likely to drift during the tracking phase,we defineda
measurethertheimagethatrepresenthiow similaris a
pixel to its neighborsThis measurés basednthe com-
putationof the correlationscoreof one pixel with each
of its neighbors,using the samecorrelationscoreand
window sizeasthetrackingalgorithm(auto-correlation).
Thesescoresdefinea correlationpeak (a surface),and
theshapeof this peakindicateshow differentis onepixel
from its neighborsthe sharpeithe peak,the morediffer-
entaretheneighbordrom the pixel. We usethe greatest
valueof thecorrelationscoredoundfor the neighborsas

anindicatorof the sharpnessf the peak,dividedby the
theoreticamaximumcorrelationscore.

Figure 4: Local similarity measue computedover a wholeimage.
Left: original image right: similarity measue encodedasgrey levels.
Thedarker pixelsare goodcandidategor thetrackingalgorithm.

Figure 4 presentsa result of the computationof this
measurever awholeimage.Onecannotethatthepixels
correspondingo occludingcontoursarenotgoodcandi-
datesfor the trackingalgorithm: indeed,in the two di-
rectionsdefinedby the contour the correlationwindows
arevery similar. Finally, notethatthis measuregivesan
indicatorrelatedto the expectedprecisionof the track-
ing algorithmfor a pixel, but not relatedto the ambigu-
ity (certainty): to evaluatean ambiguitymeasurevould
requirethe computatiorof correlationscoredor a wide
neighborhoodwhichis extremelytime consuming.

Pixelsselection Thesetof candidatepixelsto trackis
definedby applyingthresholdn the depthstandardie-
viation estimateof the 3D pointsandon the correspond-
ing pixel similarity measureThepixelsthatwill actually
be trackedarethenrandomlychoseramongthe remain-
ing candidates.

3.3 Tracking pixelsin animagesequence

Althoughthe pixelsto trackhave beencarefullyselected,
someerrors(drifts or falsematchestanoccurduringthe
trackingphase.In orderto avoid sucherrors,we tested
variousmatchingcriteria(SSD,ZNCC, Census..) and
varioustemplateupdatingstrat@ieson severalimagese-
guenceso determinghebestones.

Thanksto stereoimage sequenceswe can detect
whenatrackingalgorithmis drifting by tracking“stereo-
correspondingpixelsin thetwoimagesandby checking
that afterthe trackingphasethe returnedpixels arestill
correspondingn the new stereopair. However, tracking
in parallelpixelsin a stereopair takestwice thetime to
track pixelsin oneimage. We thereforeusedthis possi-
bility to checkoff-line thetrackingalgorithmwith stere-
ovision, to establishstatisticson varioustracking algo-
rithms andwith variouscorrelationwindow sizes. This
helpedo determinghebestmatchingscore templateup-
datestratgyy and optimal window size: we retainedthe



ZNCC correlationscorecomputedverallz11 window,
andupdatethetemplateby interpolatingthetargetimage
aroundthe sub-pixellic matchingestimateand with the
previoustemplate.Moreover, it allowedusto easilyde-
terminethethresholdvalueson themaximumcorrelation
scoreand on the differencebetweenthe secondhighest
peakin thesurfacethresholdsinderwhichthealgorithm
is suspectedb drift or to returna falsematch.

Thetracking phaseis doneasfollows: given a setof
pixel to track andtheir correspondin@D pointsdefined
onthe stereoframe Ty, the searchzonein theimageac-
quiredattime T3 is centeredaroundtheir predictedposi-
tion, usingthe transformatiorl'r7, .7, providedby the
robotinternalsensorsThe sizeof the searchzoneis de-
terminedaccordingto the uncertaintyon the estimated
transformation.This predictionis important: it helpsto
focusthe matchsearchin a smallarea,andthereforere-
ducesthe probability to return a false match. Figure5
shaws the resultof tracking a setof pixelsin two im-
agesacquiredrom two positionsdistantof about0.1 me-
ter. Onecanseethatmostpixels have beensuccessfully
tracked.

Figure5: Resultof thetracking algorithmon a setof selectegixels.
Thepixelsto track are displayedon thefirstimage(left), andthefound
pixelsonthefollowingimageare displayedonright.

3.4 Estimation of the motions

At the date 7;,, when a new stereoacquisitionis per
formed, the pixels of the trackedsetwhose3D coordi-
nate estimateis now belowv a certainaccurag are dis-
cardedandtheremainingmatchesareusedio computea
first estimateof the 3D transformatior¥y_, ., usingacon-
strainedeast-squareethod9]. Onthebasisof thisfirst
estimation,outliersarerejectedfrom the setof matched
3D points,anda new estimateis computed.In our case,
the outlier rejectionis easyto achieve: indeed thanksto
thea priori selectionphaseandto thethresholdsapplied
duringthe pixel trackingphase mostof the matched3D
pointspairsareconsistent.

Tracking pixels over several stereo frames: Theob-
vious drawback of computingelementarymotionsonly
betweentwo consecutie stereoframesis thatthe errors

on the motion estimationcumulatesover time, just asit
happensvhenintegratingthe dataof therobot’sinternal
sensar Oneway to reducethis errorsis to usethe pos-
sibility to track somepixels over several stereoframes:
it allows to determinevariousdisplacementparameters
every time a steredmagecomesup (figure6).
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Figure6: Severadisplacementbetweerstero framescan be esti-
mated

Onecouldimagineto combinethesevariousdisplace-
mentsestimationsusinga stochastidiltering technique:
this would requirethe preciseknowledgeof the uncer
taintieson every displacemengestimation,which is not
obvious to obtain. We solved this problemby comput-
ing a leastsquareestimationfor the whole setof possi-
ble 3D pointsmatchesn a recursve way: oncea posi-
tion correspondindo time 7, is estimatedall the for-
mer 3D pointscoordinatesireexpressedn this position.
At theframeT{,, 4+ 1)x, the matched3D pointsaredupli-
catedin orderto generatell the possibleassociatiorsets
UiZo {Pir ¢ Piny1)x}, andtheconstrainedeastsquare
methodis appliedon thewholeassociations.

The a priori pixel selection,performedevery time a
steredrameis producedis thenonly doneto replacethe
pixels that have beenlost (rejectedduring the tracking
phaseor asoutliers)duringthe previous stereo-to-stereo

cycle.

3.5 Functional architecture

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

3.6 First experimental results

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

4Lamathatis currentlylentto usby Alcatel Spacendustries
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Figure8: TherobotLama,a Marsokhodrobothbuilt by VNII Trans-
machandequippedat LAAS

The first resultsare very promising: on sometrans-
lations of several tensof centimetersthe displacement
estimatedby the algorithmswas closeup to 1% to the
GPSpositions,ie. aspreciseasthe (up to now, we only
characterizedhe translations). We are currently estab-
lishing thoroughstatistics,in orderto preciselyqualify
the precisionof the technique.On longer motions,that
correspondso several tensof stereoframes,it appeared
clearly thatthereis a greatadvantagein tracking pixels
over several steredframes.However, we arenot satisfied
by theleastsquareestimatioralgorithm:aKalmanfilter-
ing would surelydo a betterjob, all the more sincethe
uncertaintyon the 3D pointscoordinatesarewell none.

4 Toward unstructured
recognition

object

We briefly presenherea new techniquewe arecurrently
workingon,thatallowsto identify andregisterpreviously
perceved objects. It canthereforesatisfyboththe posi-
tion refinementanddeterminatiorprocessegsection2).
Historically, thefirst attemptdo solve theseproblemsre-
lied on analyticalobjectsmodels(suchassuperquadrics
for instance) Theinadequag of suchmodelsto unstruc-
turedobjectsleadusto studydeformablemeshesHow-
ever if thesetechniquesarewell suitedfor very precise
geometricdata(suchasin medicalimaging),they remain
uselesdor robotnavigation,wherethedatarangeseveral
metersandaremuchmorenoisy. We think therecentad-
vancesn imageregistrationmaybe successfullyadapted
to our problem:insteadof aimingat building conciseand
precisemodels,thesetechniquegendto solve the data
associationproblemsusing either global invariant fea-
tures[11] or a setof local invariantfeatures[12] deter
minedin theimages.

The principle of the methodwe proposeis the follow-
ing: it consistsin building a databas®f objectimages
(referredto as“aspects”)asthe robot navigates.Instead
of computinglocal invariantsfor thesepixels, asit is
usuallythe casewhenindexing images,we makeuseof
the 3D informationsproducedy sterewision for all the
pixelsto predictthe objectaspector a constantcamera
distanceandorientatior?. This relaxesthe needto com-
pute invariantswith respectto imagescaleand orienta-
tion. On this “projected” aspect,a setof discriminant
pixelsis markedusingthe autocorrelatiorfunction pre-
sentedn section3.2 (or usingan Harris detectorfor in-
stance).During the visual aspectdatabaseonstruction,
a deformablemeshis determinedn the basisof the var-
ious 3D points sets. No meshregistrationis done: we
assumehe precisionof the robot positiongiven by the
motion estimationtechniques preciseenoughto build a
meshthatis roughlyconsistant.

Whenperceving an objectafterawhile or along dis-
tancetravelled,theproblemis to determinevhetheiit has
alreadybeenpercevedor not,andif yes,to determinghe
robot locationwith respectto the memorizedpositions
correspondindo aspects.This is doneaccordingto the
following procedure:

1. The first phaseconsistsin using global attributes
to selectamongall the candidateaspectghe ones
that are mostlikely to be matchedwith the newly
perceved object. Theseattributesare coarsegeo-
metricinformations(suchasthe estimateof the ob-
ject’svolumeandinertiamomentserivedfrom the

5The orientationof the camerawith respecto the gravity vectoris
faithfully providedby inclinometersorthemotionestimatiortechnique.



mesh) andglobalphotometrianformations(texture
for instance).

2. The secondphaseconsistsin selectingthe aspect
amongthe remainingcandidateshatresembleghe
most the currentaspect. This is done on the ba-
sis of the currentaspectipredictionfor the constant
cameradistanceand orientationchosenduring the
databasebuilding, and by evaluating simple cor-
relation scores(as in the motion estimationtech-
nigue)for discriminantpixelsprovided by theauto-
correlationfunction. The originality of the method
rely hereon the useof the 3D datato projectthe
currentaspecto aviewpoint ascloseaspossibleto
the onesstoredin the databasewhich relaxes the
needto computeinvariants. Up to now, the best
candidateis only chosenusing a measuredefined
on the correlationscorefor all the markedpixels.
Geometricconstraintsbetweenthe marked pixels
would probablybehelpfulwhendealingwith alarge
databasethe problemis similar to primitive based
objectrecognitiontechniques.

3. Thelastphaseconsistsn determiningherobotpose
with respectto the matchingaspect,using a 3D
pointssetof correspondencesasin the motion es-
timationtechnique.

Oneof thecritical point of the methodis theability to
seggmentthe objectsin the data. We have only consid-
eredthe easycaseof rockslying on aratherflat ground,
anddevelopedasimpleobjectdetectiorprocedurenthe
disparityimage. It relies on the possibility to quickly
computea virtual disparityimagethat correspondgo a
theoreticaflat ground,usingthe estimateof therobotat-
titude. A differencebetweerthis predictedmageandthe
perceveddisparityimageexhibitsthepartsthatareabore
theground:asimplethresholdnthis differencdeadto a
“blob image”,eachblob correspondingo a potentialob-
ject (similar simple sggmentationtechniquesan be ap-
plied on the 3D pointsimage). However, one of the ad-
vantageof our matchingmethodis thatis do not require
afaithful sgmentation.

5 Conclusions

Rover self-localizationis anextremelyimportantissueto
tacklein orderto endav a robot with autonomousgong
rangenavigation capacities.In this papey we have dis-
cussedhe variouskind of functionalitiesto develop in
orderto solve this problem.Thesefunctionalitiesrequire
variousdataprocessingindernvironmentmodelingalgo-
rithms,andmay requirethe determinatiorof dataacqui-
sition stratgies.

We have presente@napproachhatis ableto estimate
elementaryrobot motions on the basisof sterewision,
without building ary ervironmentmodel, and we have
sketchedan object modeling approachthat can satisfy
boththepositionrefinemenanddeterminatiorprocesses
overalongrange.

Mostinvestigationzoncernindocalizationin outdoor
ernvironmentsrelied mainly on geometriccharacteristics:
onroughterrains,adigital mapelevationis directly used
to feedaniconic matchingprocedurd13, 14], or geomet-
ric featuresextractedfrom the modelare matched15].
On rather flat terrainswhere obstaclesare easily say-
mented,sometechniquegelying on geometricobstacle
modelshave beenproposed16, 17]. However, if ge-
ometryis anessentiafeatureto build ervironmentmod-
elsandindispensabléo computepositions,the errorsin
thedataandthemodelsmakegheassociatioralgorithms
veryfragile.

Theapproachewe presentedely essentiallyonimage
data,ratherthanon geometricdata. Indeed,theincreas-
ing ability to storeandrapidly processa large amountof
data,dueto performanceprogressesf the computers,
lead usto develop techniqueghat makea stronguse of
raw imagedata.As it seemgo bethe currenttrendin the
perceptioncommunity we tendto give up “reconstruc-
tionist” approachethataim at building a conciserepre-
sentation. One canseethat if geometryremainsan in-
dispensabléeaturejts roleis stronglydiminishingin the
dataassociatiorprocesses.
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