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Abstract

Thepaperpresentsan approachto reactive navigation in cross-country
terrains.Theapproachrelieson aparticularprobabilisticobstacledetection
procedure,thatdescribestheareaperceivedby apairof stereocamerasasa
setof polygonalcells.To generatethemotioncommandsonthebasisof this
terraindescription,we presentsomeimprovementsandadaptationsto the
classicalpotentialfieldstechnique.Thealgorithmshave beenimplemented
within aninstanceof agenericsoftwarearchitecture,andexperimentedwith
therobotLama.

1



1 Intr oduction

Amongthewide rangeof real-world applicationsfor intelligentmachines,inter-
ventionmobile robotsthat have to perform tasksin ill-known remoteenviron-
mentshasbecomemoreandmoreconsidered.Severalapplicationsof suchrobots
haveapotentiallybig impact(civil security, demining,scientificexploration,field
survey), andsomeof theseapplicationsarevery demandingfor roboticians.In-
deed,when communicationconstraintsvoids the possibility to efficiently tele-
operatethe machine(bandwidth,delaysandcommunicationwindows – typical
constraintsfor planetaryrovers for instance),a very high level of autonomyis
required. Topicsstudiedwithin this kind of applicationscover the whole range
of mobile robotics: dataacquisition,terrain modeling,robot localization,path
generationandexecution,etc.

Effective researchand developmentin the areaof field roboticstraceback
to the early eighties,with the ALV project. Sincethen,several universitiesand
institutesaccomplishedimportant achievements,e.g. CMU (Ambler, Navlab,
UGV, Nomad,Rattler, . . . ), JPL(RobbyandthevariousRockies),andMIT. Au-
tonomousnavigation is of coursethemostaddressedtopic, asit is a basicfunc-
tionality any interventionrobotshouldbeendowedwith.

At LAAS, wehaveaddressedthevariousproblemsraisedby autonomousout-
doornavigation[19, 4, 3]. Accordingto a general“economyof means”principle
dueto limitationsof on-boardprocessingcapacities,memoryandenergy, andto
achieve anefficient behavior, we have definedan adaptiveapproach to the long
rangenavigationproblem:dependingon thenatureof theterrainto traverse,the
robotadaptsits behavior, by selectingtheappropriateperception,trajectorygen-
erationandexecutioncontrol functionalities.Basically, two kinds of navigation
modesareconsideredwithin this approach:� Reflex modes: when the environmentis “easy”, i.e. essentiallyflat and

lightly cluttered,the robot canefficiently move just on he basisof infor-
mationsprovided by “obstacledetector”sensors:no global environment
representationis required,andthe motion commandsaregeneratedat the
paceof dataacquisition.� Planned modes: reflex modesbecomeinefficient in morecomplex envi-
ronments,in which the robot canbe trappedin dead-endsfor instance:in
suchcases,trajectoryplannersthat reasonon a modelof the environment
arerequired.Dependingon thedifficulty of theterrain,a 2D plannerusing
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a transversable/non-transversabledescription,or a3D plannerusinganele-
vationmapto checkstabilityandcollisionconstraintshave to beactivated.

We focusin this paperon a reflex mode1 (or reactive mode)we have devel-
opedandexperimentedon therobotLama(figure1). Theprincipleof this mode
is sketchedin figure2: a pair of stereoimagesis acquired,anda correlationpro-
cedureproducesadense3D point imagewhichis projectedontoagrid. Theprob-
ability for eachgrid cell to correspondto anobstacleis estimatedby a Bayesian
classifier. The goal is provided by a visual tracker, and the elementarymotion
commandsarefinally generatedby a potentialalgorithm. This sequenceis re-
peatedaslong asthegoal is not reached,at a ratethat is determinedby the time
necessaryto processthe data: whenavailable,a new local map(or a new goal
position)simply replacesthe former one. The local mapsare not fusedinto a
globalmodel,andtherobotpositionis only definedrelatively to thegoalby the
goaltracker: no dead-reckoningis required.

Figure1: TherobotLama: a six-wheeledmarsokhodtyperobot,equippedwith a pair of stereo
camerasmountedon a panandtilt platform(seesection5.1).

This modeis to beappliedon relatively fair terrains,scatteredwith few iso-
latedobstacles,andis usedto autonomouslyreachagoalonsight. In ourapproach

1More detailson the generalapproachand the plannedmodescan be found in previously
publishedpapers[4, 9].
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Figure2: Principleof thereactivemotionapproach.

to long rangenavigation, this goal is selectedby a high level navigationplanner
whentheenvironmentconfigurationdoesnot requiremoreprecisemodelingand
motionplanning;but themodecanalsobeconsideredasa basicfunctionality to
executesensor-basedmotion,or to teleoperatetherobot: in sucha case,theuser
woulddefinethegoalby clicking in animageacquiredby therobotfor instance.

The paperis organizedas follows: the next sectionpresentsthe perception
functionalitiesthatproducethe two inputsto themotiongenerator, i.e. the local
obstaclemapandthe goal position. Section3 is devotedto the coreof the sys-
tem: it presentssomeimprovementsandadaptationsto theclassicalpotentialfield
technique,thatensuresafeandsmoothrobotmotionswithin the local map. The
softwarearchitecturewithin whichareembeddedandcontrolledthesefunctionali-
tiesis briefly describedin section4. Section5 presentssomeexperimentalresults
obtainedwith Lama,anddiscussesour approach.Properreferencesto existing
contributionsaremadealongthepaper.

2 Perception functionalities

All theexteroceptivesensorydatarequiredby thereflex navigationmodearepro-
vided by the stereocameras.We briefly describeherethe way a pair of stereo
imagesis processedin order to provide 3D informations(a “3D image”), how
suchanimageis analyzedto detecttheobstacleson theterrain,andhow avisible
goalcanbetrackedalongasequenceof images.
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2.1 Stereovision

We have implementeda “classical” stereovision correlationalgorithm [18, 5],
sketchedin figure 3. After an optional sub-sampling,imagesare rectified and
their distortionis corrected(usinga quadraticradialdistortionmodel)sothatthe
epipolarline of every pixel

�������
) of one imagecorrespondsto the line with the

sameindex
���	�

on theotherimage:thisallows for severaloptimizationduringthe
correlationphase.Pixel matchesare thenfound usinga ZNCC correlationcri-
teria [18] computedon a 
�

��
�
 window, andincorrectmatchesarediscarded
thanksto (i) areversecorrelationandto (ii) two thresholdsappliedonthecorrela-
tion scorecurve (valueof thehighestscore,differencebetweenthis scoreandthe
secondhighestpeakin thecurve). A parabolicinterpolationis performedto geta
sub-pixel disparityestimate.

LEFT IMAGE

SUB-SAMPLING

RECTIFICATION AND
DISTORTION CORRECTION

MEAN AND VARIANCE
COMPUTATION

RIGHT IMAGE

SUB-SAMPLING

RECTIFICATION AND
DISTORTION CORRECTION
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BLOB FILTERING
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Figure3: Thevariousstepsof thestereo-correlationalgorithm.

We foundtheZNCC correlationcriteriaextremelyefficient: althoughwe use
cheapvideo camerasandlow quality lenses(seesection5.1), no noisefiltering
of theimagesis required,andit wasvery easyto determinethevaluesof thetwo
thresholdsso that the algorithmproducesdensedisparity imageswith very few
falsematches(whichareeventuallydiscardedwith asimpleblobfilter). However,
notethattherearematchingerrorswecouldnot avoid, thatoccurat theborderof
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two regionsof very different intensityvalueslocatedat differentdepths(which
often happenswhenperceiving obstacles).Sucherrorsleadto a growing of the
obstacleshapein thedisparityimage,whichdependsonthesizeof thecorrelation
window; to our knowledge,no stereocorrelationalgorithmperformedon fixed
sizewindowsareabletogetrid of sucherrors,but fortunately, thisis notaproblem
whenit comesto avoid obstacles.

Figure 4: Pixel-basedstereovision. From left to right: a stereoscopicimage pair acquired
with Lama, the disparity image producedby the correlation algorithm, and a top view of the
corresponding3D image.

To get quantitative informationson the precisionof the computeddisparity
(andthereforeonthecoordinatesof the3D points),westudiedasetof 100images
acquiredfrom thesamerobotposition.As in [21], it appearedthatthedistribution
of thestandarddeviation on thedisparityestimatecanbewell approximatedby a
Gaussian.Not surprisingly, we noticeda strongcorrelationbetweentheshapeof
the correlationpeakandthecomputedstandarddeviation: thesharperthe peak,
thebettertheprecisionon theestimateddisparity. This correlationallows to es-
timateon line a standarddeviation on thedisparity, andthereforeon the3D co-
ordinatesof the points. Although suchconsiderationsarenot very useful in the
context of thisarticle,where3D imagesareonly qualitatively analyzed,let’snote
thatwith thecamerasof Lama,ameanerrormodelonthedepthestimate� is well
approximatedby ������������� , where ������
��! !" .
2.2 Terrain classification

The difficulty of representingoutdoorenvironmentscomesessentiallyfrom the
diversityof their geometricalandphysicalnature:suchenvironmentsarenot in-
trinsicallystructured,ascomparedto indoorenvironments,wheresimplegeomet-
ric primitivesmatchthereality. Theproblemof obstacledetectionon thebasisof
3D dataon naturalfair terrainshasbeenfrequentlyaddressed[21, 2, 10,23, 11].
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To our knowledge,all the existing contributionscometo a segmentationproce-
dure,be it on thedisparityimage,on the coordinatesof the3D pointsor on the
estimateof their normals. Moreover, all thesetechniquesproducea binary de-
scriptionof the environment,in termsof traversableandnon-traversableareas.
As a consequence,in orderto ensurerobotsafety, onemustforce thenumberof
non-detectionsto beascloseaspossibleto zero,whichofteninducesfalsealarms,
andthus“over-constrains”theproblem.

Wepresenthereaclassificationprocedurethatproducesaprobabilisticallyla-
beledpolygonalmap. It relieson a specificdiscretizationof the perceivedarea,
thatdefinesacell image. Attributesarecomputedfor eachcell, andareusedto la-
bel thecellsthanksto asupervisedBayesianclassifier:a probabilityfor eachcell
to correspondto anobstacleis estimated,whichallowsto considercostsbasedon
a risk to planpathsor to generatemotioncommands.Thediscretizationbeingim-
posed,this procedureis essentiallyan identificationprocess,anddoesnot require
any thresholddetermination(a tediousproblemwith segmentationalgorithms).

2.2.1 Cellsdefinition

The sensorsthat produce3D points,be it a laserrangefinder or a stereo-vision
correlationalgorithm,generallyhave a regular scanningrate2 within the sensor
frame. But whenperceiving a flat groundwith suchsensors,the resolutionde-
creasesdramaticallywith thedistanceto thesensor. This fundamentalpoint lead
usto chooseadiscretizationof theperceivedzoneaspresentedin figure5, instead
of a Cartesianonesuchasin [10]. This discretizationcorrespondsto thecentral
projectionon a virtual horizontalgroundof a regular(Cartesian)discretizationin
thesensorframe.

The fundamentalpropertyof this discretizationis the “conservation of den-
sity” : onaperfectlyflat groundcorrespondingto thereferenceplane,thenumber
of pointsthatbelongto a cell – i.e. whoseverticalprojectionis within cell bor-
ders– is equalto a constantnominaldensity, definedby thediscretizationrates.
On the otherhand,a cell covering an obstacleareacontainsmuchmorepoints
than the nominal density. The numberof points in a cell is then an important
characteristicof thenatureof theperceivedzonecoveredby this cell.

Otherfeaturesareusedto identify acell: theelevationstandarddeviation and
themaximumelevationdifferencecomputedonthecell pointsgiveaninformation
on the “flatness” of the cell; the meannormal vector and the varianceson its

2Theangularscanningrateof acamerais actuallynotexactly constant.
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Figure5: Discretizationsof a 3D stereo image. Left: regular Cartesiandiscretizationin the
sensorframe(only the correlatedpixels are shown). Right: its projection on the ground (the
actualdiscretizationis much finer)

coordinatesare useful to determineif the cell coversa regular slopeor hasan
irregular surface. The cell distanceto the sensoris also an importantfeature:
thereis actuallyno correlationbetweenthis distanceandthecell’s class,but all
theformerfeaturesstronglydependonit. Theintroductionof thisdistancefeature
comesto implicitly taking into accountthe sensor’s uncertaintyand resolution
propertiesin theclassificationprocess.

2.2.2 Cell classification

A supervisedBayesianclassificationprocedureis usedto label eachcell. Dur-
ing an off-line learning phase,a humanprototypesa set of cell images: for
eachcell, thecorrespondingterrainclassfor theconsideredrobot is determined.
Theseinformationsassociatedwith thefeaturevectorcomposetheprototypesdata
base.On line, once3D dataareacquiredanddiscretized,thefeaturevector # is
computedfor eachcell. Bayestheoremis thenappliedto determinethe partial
probabilities $ ��%�&�' # � for a cell to correspondto eachof the ( terrainclasses)*%,+-�/.0.0./�1%�243

:

$ �5%�&6' # � � $ � # '*%�&�� $ �5%�&7�$ � # � � $ � # '*%�&�� $ �5%�&5�8:9&<;=+ $ � # '*%�&�� $ �5%�&5� �
where $ � # '>%�&��

aretheprobabilitydensityfunctionscomputedthanksto a
nearestneighbortechniqueappliedin thefeaturespacefilled with theprototyped
database,and $ �5%�&7� arethea priori probabilitiesto perceiveanareathatbelongs
to theclass

%�&
.
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This classificationprocedureis very fastandrobust: we testedit on hundreds
of images,usingvariousprototypedatabases.For the situationsconsideredin
this paper, we only considertwo terrainclasses,i.e. flat andobstacle.Figure6
shows someclassificationresultswith imagesacquiredby Lama: note that the
resultquality decreaseswith the distanceto the sensor, which is not surprising.
Theentropyof acell is anestimateof theconfidenceof theclassificationresults.
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Figure6: Examplesof classificationwith Lamaimages. From left to right: left image of the
stereovisionpair, partial probabilitiesof thedefinedcells to bean obstacle(representedasgray
levels), and reprojection of the cells in the sensorframe, after the application of a symmetric
decisionfunction.Notethat there are someemptycells,andthat theonescoveringareasfarther
than ?1@�A arediscarded

Thereareseveralextensionsto themethod,not consideredfor theapplication
context of thisarticle: thediscretizationis dynamicallycontrolledto allow afiner
description,theclassificationresultscanbecombinedwith a terrainphysicalna-
ture classifierusing texture or color attributes,andthe partial probabilitiesof a
cell to belongto a terrainclassallow to performa fusion procedureof several
classifiedcell images.

9



2.3 Visual goal tracking

Keepingtrackof a goal in a sequenceof outdoorimagesis not difficult: indeed,
simplecorrelationtechniqueshave beenwidely studiedanddo thejob quitewell
whenthe environmentis texturedenough[27]. The only difficulty is to be able
to selectin animagetheareason which thetracker will not drift. Pixel selection
on thebasisof theHarrisdetector, onsometextureattributes[26] or moresimply
on thegrey level standarddeviation, is sufficient for that. Of course,thedetermi-
nationof the thresholdson thesevariouscriteria hasto be doneconsideringthe
trackingalgorithm,which callsfor somestatisticaltrials.

Work concerningthe goal tracker is still underway (in our currentexperi-
ments,thegoal is givenasabsoluteCartesiancoordinates– section5.1); we are
consideringthreedifferenttrackingmodes:� The goal is initially tracked in a sequenceof images. We implementeda

simplepixel tracker basedon the ZNCC correlationcriteria computedon
�BC��
�B pixels, the templateupdateis doneby interpolatingthe current
imagearoundthe sub-pixel coordinatesof the correlationpeak(figure 7).
During thismode,theresultinggoalthatis givento themotiongeneratoris
only adirection.� Oncetherobotmovedawhile, thegoalCartesiancoordinatescanberoughly
derived usingdead-reckoning andthe evolution of its directionin the im-
ages.� Finally, the goal distanceto the robot is more preciselyestimatedas the
robotapproachesit, thanksto its 3D coordinatesthatarenow producedby
thestereovisionalgorithm.

3 Obstacleavoidance

Theartificial potentialfield methodoriginally proposedin [17] is oneof themost
widely usedtechniquesfor mobile robot local collision avoidance:it is simple,
quiteeasyto implement,andvery well adaptedfor real-timemotioncontrol. We
presentthe developmentswe implementedto improve sucha techniqueand to
adaptit with therobotLama,usingcell imagesastheenvironmentdescription.
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Figure7: An illustration of the pixel tracking algorithm: four goals locatedat approximately
50 meters are selectedon theleftmostimage, andare trackedastherobotmoves(only oneimage
out of twentyis displayed:theactualtracking hasbeenperformedon 100images).Thanksto the
ZNCCcorrelationcriteria, illuminationvariation donot affectthetrack.

3.1 Potential-basedmotion

The principle of artificial potentialfield motion generationis extremelysimple:
therobotmotionis derivedfrom theapplicationof (i) anattractiveforcegenerated
by thegoalandof (ii) repulsive forcesgeneratedby theobstacles.Theartificial
potentialfunctiondefinedat therobotposition D is of theform:E � D � � EGF � D �IH EGJ � D �

where
EKF � D � is theattractivepotentialproducedby thegoalat D , and

EGJ � D �
the repulsive potentialinducedby the obstaclesat D . The resultantforce # is
then:

# � D � �L# F � D �IH # J � D �
where # � D � �NMPOQRE � D � . # F is theattractive forcewhich guidestherobot

to thegoaland # J is therepulsioninducedby theobstacles.Oncecomputed,the
force # � D � is thensimply transformedinto a robotmotioncommand.

Thedifficulty with suchmethodsreliesin thedefinitionof thevariouspoten-
tials: simplephysics-basedfunctionsfor instance(suchasin agravity field) donot
work quitewell for robotsthathave kinematicconstraints(non-holonomy).The
following sectionspresentsomeimprovementsto classicalpotentialfield tech-
niquesadaptedto the robot andto the environmentdescriptionprovided by the
cell images.

3.2 Attracti vepotential

Theattractivepotentialsuchasproposedin [17] inducesanattractiveforcewhose
intensityis a linearfunctionof thedistancebetweentherobotandthegoal. With
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suchapotential,therobotbehavior with respectto theobstaclesstronglydepends
on its distanceto thegoal: for instance,therobot tendsto dangerouslyapproach
theobstacleswhenit is far from thegoal. To copewith this, we choseto usethe
attractive potentialfunction we originally proposedin [15]. This function hasa
quadraticbehavior at the goal neighborhoodandan asymptoticlinear behavior
away from it: EGF �LS FUT V �F HXW �

where
VUF

denotesthedistanceto thegoal, S F is a positivegainconstant,andW
is aconstant.Theforcededucedfrom this potentialis thus:

# F �YM,S F VT VUF � HXW �
Z VUFZ D .

where W � VU[ 
#]\F � M�
 �
is a function of a user-definedlimit distance

VU[
anda maximumattractive

force # \F . Thus, # F is asymptoticallyconstantfor distancesgreaterthan
VU[

, and
tendsto zeroas

VUF
tendsto zero (figure 8). Figure9 presentsthe result of the

applicationof this force3.

3.3 Repulsivepotential

Mostof theproposedrepulsivepotentialfunctionsin theliteratureonly dependon
thedistanceto theobstacles.A majordrawbackof suchpotentialsis thatobstacle
segmentshaveaninfluenceon therobotevenif therobotis moving in adirection
parallelto them.This canleadto irregularmotions,especiallyin our casewhere
theenvironmentdescriptionis polygonal.

Weusetherotationalpotentialapproach,whichweinitially introducedin [16].
In this approach(asin [8]), someparametersdescribingthegeometricalsituation
of therobotwith respectto theobstaclesaretakeninto accountto definetherepul-
sivefunction.Theresultantrepulsivepotentialweconsideris alinearcombination
of two repulsivepotentialŝ

+_� D � and̂ � � D � :
3Notethatall theresultsof robotmotionspresentedin thissectioncorrespondto longtraverses

of onelocal map: this is for illustrative purpose,in the realexperiments,a local maphasa short
life duration,andtherobottravelslessthanhalf a meterwithin thesamemap.
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Figure8: Shapeof thechosenattractivepotentialandcorrespondingforce
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Figure9: Illustration of the influenceof theattractivepotential: on the left, with theattractive
forcepresentedin [17], therobotgetsverycloseto theobstacleandis therefore stronglypushed
away;whereason theright, with theproposedattractivepotential,it beginsto avoidit earlier (a
samerepulsivepotentialis usedfor bothsituations).

E,` � D � �ba � � ^ � � D �IH ^ +c� D � if
VedfVhg

,� otherwise.
(1)

where
V!g

is a influencelimit distanceoverwhich theobstaclehasno influence
on therobotmotion,and �C�Li�jlk ��monh� , mon is therelativeanglebetweentherobot
directionandthe nearestcell segment(figure 10). The functions ^ + and ^ � are
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definedasfollows:

^ +c� D � � +� S +qp +r�sut6v M +rxwzy �^ � � D � � +� S � � V � D � M V!g � �^ +/� D � has a quadraticbehavior and ^ � � D � a linear one. The aim of ^ + ,
whichdominatesin theneighborhoodof theobstacle,is to guaranteenon-collision
(̂
+c� D �|{ }

when
V � D �~{ � ). ^ � having a linearbehavior, it dominatesin

the region nearthe influencelimit distanceboundaryandactsto smoothlypre-
avoid theobstacleconsideringits relative orientationexpressedby theparameter� (figure10).
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Figure10: Therotational potential. From left to right: parameters involvedin the obstacle
repulsiveforcecomputation,“classical” repulsivepotential,andresultantpotential �6�������7� �0������

Figure11 illustratesthe advantageof the introductionof the parameter� in
thedefinitionof therepulsivepotential.

3.4 Adaptation to the cell images

A cell imagegivestheprobabilityfor eachcell � ������� to correspondto anobstacle,
but for securityreasons,wedivide thecellsinto two categories:� obstaclecells: arethenonclassifiedcells(nodata)or thecellswith $����7���G��q�

where
���

is afixedthreshold.Therepulsivepotentialfunctionassociated
to suchcellsis therotationalpotentialdefinedin equation1;
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Figure11: “Go to goal” with classicalrepulsivepotential ������� (left), andwith therotational
potential �6����������� � � � (right). Only thetwo rightmostgraycellsare consideredasobstacles.

� traversablecells: aretheclassifiedcellswith $K���7�7� d ��� . For a traversable
cell � ������� , therepulsivepotentialfunctionis thengivenby:

EGJ � ��������� D � � a ����� ������� $K���7���	� ������� ^�� � D � if
V
d�Vhg� otherwise.

wherê�� � D � ��S4� +� � V � D � M Vhg � � . The force issuedfrom this potentialis
linearandhasa limit intensityas

V
tendsto zero.This intensityis alsomod-

ulatedby the parameter$K���7��� , the gain of this potential,which represents
thecell traversabilitydanger.

As a consequence,therobotmayavoid thecellswith $����7��� d � �
, or traverse

themif nobettersolutionexists.Thechoiceof S4� mustinsurethatthetraversabil-
ity of thesecells is still possiblewhentherobot is subjectto forcescomingfrom
obstaclecells.

Theresultantpotential
E

, generatedby thecell imageandthegoalat positionD is thefollowing: E � D � ��  &z¡ ¢ � EKJ � ��������� D ���=H EGF � D �
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Note that
EGJ � ������� �£� if thereis an intersectionbetweenthe robot and the

cell � ������� : indeed,therobotmustnot be influencedby a cell within which it lies.
Figure12shows theresultantpotentialfor thea typical cell image.

© Oper

GOAL

Figure12: A cell image and the correspondingpotential field computedfor all the possible
positions,with a constantorientationangle.

3.5 Dynamic adaptation of the influencelimit distance

Thelimit distance
Vhg

thatdefinestheinfluencerangeof acell is anextremelyim-
portantparameter:usinga ratherlargevalueof this distancewould avoid getting
therobottoocloseto theobstacles,but unfortunately, it wouldconstraintoomuch
the robot motion if therearemany obstaclesaround. It is difficult to tune this
parameterto ensuresafemotionsononehand,andto guarantythattherobotfinds
hiswaytroughtheobstaclesanddoesnotgettrappedin localminimaontheother
hand.

To solvethis problem,wedefineda dynamicinfluencelimit distance:¤og �5¥�� � Vh[§¦ �5¥�� � VU[L¨ 
 Hª© s¬«7­�®¯s±°/v²v
 Hª© ³
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where
VU[

is thesecuritydistancecorrespondingto
Vhg

in thestaticcase,and
¥

is theanglebetweentherobotmotiondirectionandtheheadingangleof therobot
closestpoint to an obstacle(figure 13). With sucha definition of the weighting
function

¦ �¯¥´�
, theobstacleinfluenceon therobotdependson its relativeposition

to therobot: thelimit distance
Vhg �5¥��

is maximalfor
¥ �µ� (theobstacleis in front

of therobot),andis minimal for
¥ �L¶ (theobstacleis behindtherobot).
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Figure13: Theangle · usedto definethe dynamiclimit distance, and the weightingfunction¸�¹ ·Uº
Figure14 illustratesthe advantageof the adaptationof the limit distance,in

the casewherethe robot movesbetweentwo obstacles.Note also that usinga
staticlimit distance,the robot canhardly reachits goalbecauseof an important
repulsive forcegeneratedby anobstaclecloseto thegoal. Using

Vhg �5¥��
, therobot

motion is smootherbetweentheobstacles,andthe influenceof anobstacleclose
to thegoalis reducedconsiderably.

3.6 Dealingwith a sequenceof images

From the point of view of obstacleavoidance,the difficulty of dealingwith a
sequenceof imagesarisesfrom the fact that the processingtime »x¼	½7¾ neededto
obtainacell imageis not negligible with respectto therobotspeed.

Let usassumethatat instant» of imageacquisition,therobotis in acell image¿ �  + (figure15). From » until theavailability of thenext cell image
¿ � , therobot

is boundedin
¿ �  + , sinceit is theonly areaon which it hasinformations.At the

time » of thenew imageacquisition,only theboundariesof thefuturecell image¿ � areavailable.Therefore,therobotmotionexecutedduringtheprocessingtime»x¼	½7¾ mustconstraintherobotto reachthearea
¿ �  +�À ¿ � .
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Figure14: “Go to goal” with a staticparameterÁ_Â (left) andwith thedynamicparameterÁcÂ ¹ ·Uº
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Figure15: Linking an imagesequence

Thisconstrainthasanimportantimplication: thetime »x¼�½7¾ andtherobotspeed
beinggiven,onemustmake surethat at any time thereis enoughfree spacein
front of therobotsuchthattheintersectionbetweenthecurrentcell imageandthe
next oneis still accessible.This constrainstherobotto avoid sharpturnsandget
closeto obstacles,which is madeby tuningpropoerlythevariousgainparameters
in therepulsivepotentialdefinition.
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3.7 Conclusions

Themaindifficulty with potential-basedmotiongenerationis to triggerthevarious
parametersof theforcedefinition.Theseparametersmustbesetsothattherobot
executesavoiding maneuverssafely, i.e. without approachingthe obstaclestoo
much,while avoiding to get trappedin local minima. If mostof the “classical”
potential functionscan easily be tunedto satisfy theserequirementsin simple
environments,it becomesmuchmoredifficult whentheenvironmentsgetsmore
cluttered. Thanksto the variousimprovementswe have proposed(definition of
theattractiveforce,introductionof thegeometricrobotconfigurationwith respect
to an obstacleto definethe potentialandthe influencelimit distance),we could
easily tune the variousparametersso that the robot executessafeand smooth
maneuvers.Theseparametersarethefollowing:� For theattractivepotential,thegain S F , thelimit distance

VU[
andthemax-

imumattractive force # \F ;� For therepulsivepotential,thelimit distance
Vhg

andthethreegainsS + , S �
and S4� .

Figure16 shows varioustrajectoryexamples,all executedwith thesamepa-
rameterset.Of course,we still cannot guarantythatno local minimaoccur: it is
oneof theattributionof thedecisionlevel (next section)to detectandsolvethem.

© Lama Pilot d0 dynamique
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dm = 1.5 metre

© Lama Pilot

d0 dynamique

dm = 1.5

But

© Lama Pilot

d0 dynamique

But

dm =1.5

Figure16: Sometrajectoriesresultingfromtheapplicationof thevariousimprovements.

Finally, to testouralgorithmsonrealisticimagesequences,wehavecompleted
asimulationsystemonUnix platforms(figure17): aray-tracingalgorithmrunon
adigital elevationmapproduces3Dpointsimages,attheresolutionof thecameras
thatequipsLama.Theclassificationprocedurebeingratherqualitative,its results
on simulated3D imagesaresimilar to thoseon real images.This simulationhas
beenhelpful to tunethevariousparametersof theobstacleavoidancemodule.
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Figure17: A completesimulationresult

4 Softwarearchitecture

Thepresentednavigationcapacitieshave beenintegratedonboardtherobot. The
softwareorganization,or architecture,thatwe have adoptedis not specificto this
application.It is animplementationof agenericarchitectureelaboratedto design
full autonomousrobots[1].

Only a subsetof this architectureis really necessaryto demonstratethe re-
active navigation capacity– which in our viewpoint is oneamongotherneeded
capacityof an autonomousrobot. This approachcantake advantageof a back-
groundof conceptsand tools (PRS[13, 12], GenoM [6, 7]) for the architecture
design,andaboveall it will allow to extendtherobotcapacities.

After abrief overview of thegenericarchitecture,thedifferentcomponentsof
theLamaarchitectureinstantiationarepresented.

4.1 The genericarchitecture

Thegenericarchitecturehasthreehierarchicallevels[1], having differenttempo-
ral constraintsandmanipulatingdifferentdatarepresentations.Frombottomup,
thelevelsare:� A functional level. This level includesall the basicbuilt-in robot action

and perceptioncapacities. Theseprocessingfunctionsand control loops
(imageprocessing,motioncontrol,etc.) areencapsulatedinto controllable
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communicatingmodules(section4.2). In order to accomplisha task, the
modulesarecontrolledby thenext level.� An executioncontrol level, or Executive. Justabove the functionallevel,
it controlsandcoordinatesdynamicallytheexecutionof thefunctions,dis-
tributedin themodules,accordingto thetaskrequirementsspecifiedby the
higherlevel (section4.3.1).� A decision level. This higher level includesthe capacitiesof producing
the taskplan andsupervisingits execution,while beingat the sametime
reactive to eventsfrom theunderlyinglevels.

However, aspointedout in [1], not all instancesof this genericarchitecture
useall thelevelsandcomponentspresented.Indeed,in theapplicationconsidered
in this paper, we did not deploy any plan supervisor, nor missionplanner. The
resultedsoftwarearchitecturefor thepresentedexperimentis shown on figure18
onpage23.

Nevertheless,theoverall applicationhasbeenbuilt following this genericar-
chitectureand,if necessary, caneasilybe extendedtoward a morecompletein-
stance,includingahigh level planner, aswell asamorespecificexecutioncontrol
component.

4.2 Functional Level

The FunctionalLevel embedsa set of elementaryrobot actionsimplementing
processingfunctionsand task-orientedservo-loops. In particular, it integrates
the platform-dependentbasicfunctionalitiesto control the sensorsandeffectors
(cameras,odometry, drive-wheels,etc.); but alsothe reactive navigation capaci-
ties presentedin this paper: imagesanalysis(section2) andobstacleavoidance
(section3).

Thefunctionsareembeddedinto modules[7] wherethey arerunusinginternal
synchronousor asynchronoustask-processes.Thestateof therobot,its execution
context and its perceptionof the environmentareentirely apprehendedthrough
themodules.A modulehastheresponsibilityfor thephysicalresources(sensors
or effectorsfor the low level modules)or the logical resources(shareddata: a
map,a position,etc) that it controls:it mustrespectthetime constraintsimposed
by thecontrolledresourcesandmustguaranteetheintegrity of theresources,or at
leastdetectandsignalany problemthatmayoccur. For instancethemodulethat
runstheobstacleavoidanceproceduremustalsobeableto detect“local minima”.
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However a modulehasnot a global view of the robot taskandcannot de-
cide to startor to stopa treatment.This operationis controlled,directly or indi-
rectly, by thedecisionlevel. Thus,eachmoduleoffersasetof predefinedservices
that areparameterizedand/oractivatedasynchronouslythrougha non-blocking
client/server protocol: a relevant request, thatmay includeinput parameters,ap-
plies to every serviceof eachmodule. For instance,the acquisitionof a pair of
stereoimagesis a serviceofferedby a moduleCAMERAS. A modulemay also
senda requestto anothermodule(amoduledoesnot know a priori its clients).

Oncetheserviceis over, themodulereturnsa reply to its client that includes
anexecutionreportwhichqualifieshow theservicehasended(local-minima-
error, . . . ). All thepossibleexecutionreportsfor a givenservicearedefineda
priori andallow theclienttoplanadequaterecoveryprocedures.Theseclient/server
relationshipsareestablisheddynamically(uponreceptionof a request)andthey
implementthecontrol flowof thefunctionallevel.

Thedataproducedby themodules(a pair of stereoimages,a mapof obstacle
cells,a robotpositionestimation,etc) areexportedinto sharedmemorystructures
namedposters (the circles in figure 18 on the next page). A posteris readable
by any elementof the architecture,but its contentscanbe modifiedonly by the
modulethat owns it. Eachposteris identifiedby its name. This identification
permitsto easily redirect the data flow: the requestassociatedto a servicethat
needsaninput data(producedby anotherservice)hasa parameterto specifythe
posteridentifier.

Thefollowing presentationof theLamafunctionallevel will givetheoccasion
to illustratethis moduleorganization.

4.2.1 Lama Functional Level

The functional level for Lama is currently composedof ten modules: the nav-
igation capacitiesareintegratedin four distinct modules;the basiccapacitiesto
controlsensorsandactuatorsareintegratedin four othermodules;andfinally, two
modulesareusedfor teleoperationpurposes.

Thesemodulesarerepresentedon figure18. They canbevirtually classified
into threegroups:

1. The hardware devices control modules. At the bottom of the functional
levelwefind thefour basicmodulesthatcontrolthehardwaredevicesof therobot:� themoduleCOM controlstheradiocommunicationwith theoperatorstation.
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Figure18: Thesoftware architecture for reactivenavigation. Thedottedarrowsat the func-
tional level representa possibleinstanceof the data flow betweenthe modules,establishedby
thedecisionlevel,during theexecutionof a reactivenavigationloop. For each module, themain
servicesare indicated.

It offers two services:oneto sendmessagesandoneto receive messages
(this secondoneis similar to a monitoring: thefinal reply is sentbackon
thereceptionof amessage).� themoduleCAMERAS controlsthe two cameras.It offersseveral services
to acquiremono(with any camera)or stereoimages.Theresultedimages
arestoredin aposter.� themodulePLATFORM controlsthepan-tiltplatformthatsupportsthecam-
eras.It maintainson a posterthecurrentconfigurationof theplatformand
offersservicesto executerotationsto a givenorientation,or alonga given
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trajectory(dynamicspeedprofiles)for trackingpurpose.� themoduleLOCOMOTION controlstheproprioceptivemotionsensors(odom-
etry, compass,inclinometers)andthe wheelmotors. It hastwo main pur-
poses:(i) usingtheproprioceptivesensorsit maintainson a posterthecur-
rentconfigurationof therobotata25millisecondsrate;(ii) it looksafterthe
servo-controlof the robot on a givenposition,or alonga given trajectory.
Thepositionor thespeedreferencesarereadperiodicallyonaposterwhich
identifieris specifiedwithin therequestparameters.In this application,this
postercouldbelongto two differentmodules:AVOID orPILOT hasshown
bellow.

Thesemodulesdependonly on thephysicalrobotandfit with almostall pos-
sibleapplications.

2. The reactive navigation modules. Thenavigation functionalitiespresented
aboveareorganizedin four modules:� themoduleCORREL embedsthestereocorrelationfunctions.It producesa

3D imagefrom a pair of stereoimagesreadfrom theCAMERAS posterin
this application.� themoduleCLASSIF integratestheterrainclassificationfunctions.It pro-
ducesa cell mapfrom a 3D image. This imageis currentlyproducedby
themoduleCORREL, but it couldaswell usea3D imageprovidedby a3D
lasermodule.� the moduleAVOID integratesthe local avoidancefunctions. From a map
of obstaclesandthecurrentpositionsof therobotandthegoal in this map,
it updatesdynamicallyin aposterthereferencepositionthattherobot(i.e.,
themoduleLOCOMOTION) hasto track: AVOID is a client of themodule
LOCOMOTION.� themoduleGOALFIND integratesthegoalidentificationandlocationfunc-
tions. It producesagoalposition.Currentlythis moduleis nearlyanempty
shell: theinitial estimationof thegoalpositionis directly copiedin its goal
dataposter.
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3. The teleoperation modules. Besidethe autonomousreactive navigation
modethe robotcanbecontrolleddirectly by anoperatorin a teleoperatedmode
whichusestwo moremodules:� the moduleTV down-loadsthe last imagesacquiredby CAMERAS. It al-

lows the operatorto visualizethe environment“seen” by the robot andto
remotelycontroltherobot.� the modulePILOT allows to executebasic trajectories(translationsand
rotations).Thereferencepositionsalongtherequiredtrajectoryaresentto
themoduleLOCOMOTION.

Thearrows on figure18 on page23 representthedataflow (andnot thecon-
trol flow) during a completethe executionof thenominal loop presentedon the
introduction.

Thesequencingis ensuredby thedecisionlevel.

4.2.2 Integration Methodology

All the modulespresentstandardinterfaces,a standardstructureanda standard
behavior. In factthey arebuilt accordingto a commongenerictemplate[7]. This
modelallows to integratebothsynchronousandasynchronoustreatments.More-
over, modulesare automaticallygeneratedusing a generatorof modulenamed
GenoM [7].

Only thespecificpartsof a givenmodulehave to bedescribed.This descrip-
tion is basedon a simple declarative language,associatedwith GenoM, which
mainly consistsin declaringthe servicesoffered by the module,their parame-
ters,theirexecutionreports,their temporalcharacteristics,theirpostersandsome
othersparameters.

This descriptionis analyzedby GenoM which instantiatesthe commontem-
plateandcompilestheresultingcodefiles. Thenew modulecanthenbedirectly
integratedin thearchitecture(on Unix or VxWorksoperatingsystem).Thealgo-
rithmslinkedto eachserviceareincrementallyincludedandfinalized.

GenoM producesalsotheclient librariesto communicatewith themoduleand
aninteractive testprogramto evaluatethemodule.

4.3 ExecutionControl Level and DecisionLevel

Although theexecutioncontrol level anddecisionlevel have distinct functional-
ities, andshouldbe runningwhile satisfyingdifferent temporalconstraints,we
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presentthemtogetherin thispaperasthey wereprogrammedusingthesametool:
PRS.Their presencein the systemallow the robot programmerto build a more
complex systemby addingor combiningothernavigationmethods(providedthe
properfunctionalmodulesareavailable).

4.3.1 The ExecutionControl Level

TheExecutionControlLevel (or Executive) is a purely reactive system,with no
planningcapability. It receivesfrom thedecisionlevel thesequencesof actionsto
beexecuted.It selects,parameterizesandsynchronizesdynamicallytheadequate
servicesof thefunctionallevel, i.e. therequeststo besentto themodules.

The selectionand the instantiationof the requestparametersdependon the
task and on the current stateof the system. This stateis maintainedby the
Executive, accordingto the ongoingservicesandto the outputof previous pro-
cessing(i.e. accordingto requestssentand to repliesreturned). Repliesmay
trigger requestsdelayedby the Executive. A reportmustbe returnedsystemat-
ically to the decisionlevel (e.g. robot-localized, target-not-found,
trajectory-computed), to enableplansupervisionandselectionof next ac-
tions.Theinstantiationof therequestparametersconsistsgenerallyin redirecting
datapreviously producedby otherservicesthroughthe posters(e.g. a 3D map
computedby themoduleCORREL which hasto beclassified).

Theexecutive interactswith themodulesusingtheclient/server protocoland
it integratesthecommunicationrulesmentionedpreviously (requests,repliesand
posters).

For instance,let’sconsiderthemainserviceof themoduleAVOID: theservice
AVOID-TRACK that producesthe referencepositionsfor the robot to reachits
goalwhile avoidingobstaclecells.

Theexecutioncontrol consistsin sendingthecorrespondingrequest,waiting
for thefinal reply, and,asfar aspossible,handlingthefailures(thatdo not break
down thetaskplan).

In our application,two failuresareconsideredby this procedure:a local min-
imum can be detectedby the moduleAVOID, and servo-controllermay auto-
shutdown on overvoltage(detectedvia themoduleLOCOMOTION which informs
its client: themoduleAVOID).

For the first case,the executive simply tries to restartthe service,expecting
that a pathwill be found in a new obstaclecells map. After a given numberof
unsuccessfulretriesthefailureis sentbackup to thesupervisor.

Thesecondcasemayoccurin two situations:atemporaryslippingof awheel,
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or a fault of theservoswhichneedsaspecificrecoveryprocedure.To detectthese
situations,the executive checksfor the stateof the servos during a given time.
It restartsthe serviceif they work correctlyor informs the supervisorafter the
timeout.

4.3.2 The DecisionLevel

TheDecisionlevel is in charge of all theprocessesthat requireanticipationand
someglobalknowledgeof the taskandtheexecutioncontext: it embedsthede-
liberativecapacitiesof planninganddecision-making,andshouldremainreactive
to incomingeventswhich inform how theplanexecutionis goingon.

Theactivity of thesupervisorconsistsin monitoringtheexecutionof theplan
by performingsituationdetectionandassessmentandby takingappropriatedeci-
sionsin realtime.

As mentionedearlier, we have not currentlyintegratedany high level planner
in thisapplication(see[1] for examplesof applicationsusinghighlevel planners).
Besidestheplan,thesupervisormakesuseof asetof situation-drivenprocedures
embeddedin adatabase.

Finally, thesupervisoris in charge of receiving the taskor thegoal from the
operator. They areeithersentto theplannerfor producingthesequenceof actions
achieving them(if any), or directlyexecutedif they correspondto proceduresthat
arealreadypresentin thesystem(caseof this application).

Figure19onthenext pagepresentsthemainPRSprocedurewhichis in charge
of the propersequencingof the variousdataacquisitions/processingsand goal
tracking.

The procedureis startedon the(REACTIVE-LOOP) invocation(sign! in
PRS).It then startsin parallel the AVOID-TRACK-LOOP procedurepresented
above,andthesequenceacquisition-correlationto producethe3D image.

The stereo-visionloop (dashedlines loop on the left of the figure) proceeds
while theobstaclecell mapis constructedandpassedto themoduleAVOID using
theserviceAVOID-GETOBSTACLECELLS (dottedlines loop on theright of the
figure).

TheSYNCHRO nodesynchronizesthetwo loops,i.e. thestartof anew service
CLASSIF-BUILDMAP with theendof bothservicesCORREL-STEREO andthe
previousCLASSIF-BUILDMAP. On the contrary, no synchronizationis needed
with the endof the serviceAVOID-GETOBSTACLECELLS: a new obstaclecell
mapmustbeconsideredassoonaspossible,evenif thereadingprocedureof the
previousmaphasnot yetended.
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Figure19: An supervisorprocedure: the reactivenavigationloop. It is the main loop of the
presentedapplication.

5 Discussion

5.1 Experimental results

The perceptionand motion generationalgorithmspresentedin this paperhave
beenintegratedon the robot Lama (figure 1). Lama is a robot from the Mar-
sokhod4 family [14], ownedby Alcatel andcurrentlylent to LAAS. Thechassis
is composedof threepairsof independentlydrivenwheels,mountedon axesthat
canroll relatively to oneanother. Lamais Õ�Öu×�Ø�Ù wide,andits lengthvariesfromÕ�Ö¬Ú�Ø�Ù to ×!Ö±×�ØÛÙ , dependingon the axesconfiguration( Õ�ÖuÜ�ØÛÙ on its “nominal”
configuration),andweighsapproximatelyÕ0Ú�ØUÝ!Þ . A Õ�Ö¬ß�Ø�Ù mast,thatsupportsa
panandtilt platform, is mountedon the middleaxis. Eachmotor is drivenby a
servo-controlcard,andthemaximalspeedof Lamais Ø�Öu×�Ø�ÙàÖuá�â�ã .

Lamais equippedwith thefollowing sensors:ä Eachwheelis equippedwith anopticalencoder;
4Marsokhodis a Russiantermfor Marsrover.
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ä Fivepotentiometersprovide therobotaxisconfiguration;ä A 2 axis inclinometeranda magneticfluxgatecompassprovide the robot
orientationä Finally, thestereoimagesareprovidedby two synchronizedMicam VHR
2000 video cameras( å�æ�×èçLæ�ß�× CCD matrix, with é�Öuß�ÙêÙ focal length
lenses:their field of view is Ú�ß�ë horizontallyand æ�ì�ë vertically.

All thecomputingequipmentis in aVME rackmountedontherearaxisof the
robot.TherackcontainsaDataCubeframegrabber, andthreeCPU’s (a ×�Ø�Ø�í�î�ï
604 PowerPc,andtwo Ú�ß�Ø�é�Ø ) operatedby the real-timeOS VxWorks. All the
algorithmspresentedin thispaper, includingthedecisioncontrollevel, arerunon
board(thealgorithmdistribution on theCPU’s is shown on figure18: thecurrent
hardwareconfigurationis actuallytoopowerful).

Theterrainonwhich we have testedtheapproachwith Lamais anessentially
flat ground,with gentleslopes(lessthan æ�ë ) andsomescatteredobstaclerocksand
trees. We performeddozensof experimentsthere,changingvariousparameters
andenvironmentalconditions.Thebestresultshave beenachievedusingall the
improvementspresentedin section3. Figures20and21 show two typical runsof
therobot,thattravelsaroundì�Ø�Ù towardits goal.

Up to now, thegoaltracker hasnot yet beenintegrated:we emulatedit using
dead-reckoning, the goal beingspecifiedasglobal Cartesiancoordinatesat the
initialization. Note thatmuchmorecyclesareusuallyexecutedduring therobot
motions:in theexperimentsshown here,thefrequency hasbeenreducedbecause
of datadownloadingtime. Theactualrateis approximatelyoneloop every three
seconds,thestereo-visionalgorithmtaking ×�á to producea Õ�å�ØoçC×�æÛØ 3D image,
whereasoneloop tookaroundÕ�æ�á in theexperimentsshown here.

5.2 Ongoingwork

Severalproblemsarestill to behandledwithin thecontext of this approach.The
following onesarecurrentlybeingstudied:ä Integrationof thevisualgoal tracker: if theimplementationof goaltracker

is not a big issue,its integrationis a bit moretediousproblem. Indeed,it
requiresthesameresourceastheobstacleavoidancemodule(thecameras
andthepan-tilt platform),andoftenin acontradictoryway.
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ä Parametersdetermination:thevariousparametershave to bestudiedmore
deeply;especially, variouscameraresolutionandfield of shouldbeevalu-
ated,sincethey haveanimpacton theloop frequency.ä Finally, theautonomousselectionof (intermediate)visualgoalsby ahigher
level navigationplannermustbeconsidered,sothatthis reactivenavigation
capacitycouldbeintegratedin ourgenerallongrangenavigationapproach.

Most of the effective achievementsin autonomousoutdoornavigation deal
with a context similar to this paper:theenvironmentis essentiallyflat, andmo-
tion commandsare issuedon the basisof local terrain representations.Some
approachesconsistin arathersystematicstrategy [24, 22], while othersevaluatea
discretesetof steeringarcs [20, 25]. We think theapproachpresentedhereis an
interestingcontributionto theproblem:to ourknowledge,it is thefirst application
of a potentialfield techniquein outdoorenvironments,andit provedits capacity
to generatesmoothandreliabletrajectories.
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