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Abstract

The paperpresentsan approacho reactve navigationin cross-country
terrains.The approachrelieson a particularprobabilisticobstacledetection
procedurethatdescribeshe areaperceved by a pair of stereocamerasasa
setof polygonalcells. To generatehemotioncommand®n thebasisof this
terrain description,we presentsomeimprovementsand adaptationgo the
classicabotentialfieldstechnique.The algorithmshave beenimplemented
within aninstanceof a genericsoftwarearchitectureandexperimentedvith
therobotLama.



1 Intr oduction

Amongthe wide rangeof real-world applicationgor intelligentmachinesjnter-
vention mobile robotsthat have to perform tasksin ill-known remoteenviron-
mentshasbecomemoreandmoreconsideredSereralapplicationsof suchrobots
have a potentiallybig impact(civil security demining,scientificexploration,field
surwey), andsomeof theseapplicationsare very demandingor roboticians.In-
deed,when communicationconstraintsvoids the possibility to efficiently tele-
operatethe machine(bandwidth,delaysand communicationwindows — typical
constraintsfor planetaryroversfor instance),a very high level of autonomyis
required. Topics studiedwithin this kind of applicationscover the whole range
of mobile robotics: dataacquisition,terrain modeling, robot localization, path
generatiorandexecution,etc.

Effective researchand developmentin the areaof field roboticstrace back
to the early eighties,with the ALV project. Sincethen, several universitiesand
institutesaccomplishedmportantachiezements,e.g. CMU (Ambler, Navlab,
UGV, Nomad,Rattler ...), JPL (Robbyandthe variousRockies),andMIT. Au-
tonomousnavigationis of coursethe mostaddressedbopic, asit is a basicfunc-
tionality any interventionrobotshouldbe endavedwith.

At LAAS, we have addressethevariousproblemsaisedby autonomousut-
doornavigation[19, 4, 3]. Accordingto a general‘economyof means”principle
dueto limitations of on-boardprocessingapacitiesmemoryandenegy, andto
achieve an efficient behaior, we have definedan adaptiveapproadc to the long
rangenavigation problem: dependingon the natureof theterrainto traverse the
robotadaptsits behaior, by selectingthe appropriateperceptiontrajectorygen-
erationand executioncontrol functionalities. Basically two kinds of navigation
modesareconsideredvithin this approach:

e Reflexmodes whenthe ervironmentis “easy”, i.e. essentiallyflat and
lightly cluttered,the robot can efficiently move just on he basisof infor-
mationsprovided by “obstacledetector’sensors:no global ervironment
representationis required,andthe motion commandsare generatedat the
paceof dataacquisition.

e Planned modes reflex modesbecomeinefficient in more complec ervi-
ronments,jn which the robot canbe trappedin dead-endgor instance:in
suchcasesirajectoryplannersthat reasonon a model of the ervironment
arerequired.Dependingon the difficulty of theterrain,a 2D plannerusing



atrans\ersable/non-trangvsabledescriptionpr a 3D plannerusinganele-
vationmapto checkstability andcollision constraintdave to be activated.

We focusin this paperon a reflex modé (or reactive mode)we have devel-
opedandexperimentedn therobotLama(figure 1). The principle of this mode
is sketchedin figure 2: a pair of steredmagesis acquiredanda correlationpro-
cedureproducesadense3D pointimagewhichis projectedontoagrid. Theprob-
ability for eachgrid cell to correspondo an obstacles estimatedoy a Bayesian
classifier The goalis provided by a visual tracker, and the elementarymotion
commandsare finally generatedy a potentialalgorithm. This sequencas re-
peatedaslong asthe goalis not reachedat a ratethatis determinedy thetime
necessaryo processhe data: whenavailable,a new local map (or a new goal
position) simply replacesthe former one. The local mapsare not fusedinto a
global model,andthe robot positionis only definedrelatively to the goal by the
goaltracker: no dead-edoningis required.

Figurel: TherobotLama: a six-wheelednarsokhodtyperobot, equippedwith a pair of steeo
cameasmountedon a panandtilt platform(seesection5.1).

This modeis to be appliedon relatively fair terrains,scatteredvith few iso-
latedobstaclesandis usedto autonomouslyeachagoalonsight. In ourapproach

IMore detailson the generalapproachand the plannedmodescan be found in previously
publishedbaperd4, 9.
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Figure2: Principle of thereactivemotionapproad.

to long rangenavigation, this goalis selectedoy a high level navigation planner
whenthe ervironmentconfigurationdoesnot requiremore precisemodelingand
motion planning;but the modecanalsobe consideredisa basicfunctionality to
executesensotbasedmotion, or to teleoperateéhe robot: in sucha case the user
would definethe goalby clicking in animageacquiredoy therobotfor instance.

The paperis organizedasfollows: the next sectionpresentghe perception
functionalitiesthat producethe two inputsto the motion generataqri.e. thelocal
obstaclemapandthe goal position. Section3 is devotedto the core of the sys-
tem: it presentsomeimprovementsandadaptationso theclassicapotentialfield
techniquethat ensuresafeand smoothrobot motionswithin thelocal map. The
softwarearchitecturevithin whichareembedde@ndcontrolledthesefunctionali-
tiesis briefly describedn sectiond. Section5 presentsomeexperimentakesults
obtainedwith Lama, anddiscusse®ur approach.Properreferencego existing
contributionsaremadealongthe paper

2 Perceptionfunctionalities

All theexteroceptve sensorydatarequiredby thereflex navigationmodearepro-
vided by the stereocameras.We briefly describeherethe way a pair of stereo
imagesis processedn orderto provide 3D informations(a “3D image”), how
suchanimageis analyzedo detectthe obstacle®ntheterrain,andhow avisible
goalcanbetrackedalongasequencef images.



2.1 Stereovision

We have implementeda “classical” sterewision correlationalgorithm [18, 5],
sketchedin figure 3. After an optional sub-samplingjmagesare rectified and
their distortionis correctedusinga quadraticradial distortionmodel)sothatthe
epipolarline of every pixel (i, j) of oneimagecorrespondso the line with the
sameindex (i) ontheotherimage:this allows for severaloptimizationduringthe
correlationphase. Pixel matchesare thenfound usinga ZNCC correlationcri-
teria[18] computedona 11 x 11 window, andincorrectmatchesare discarded
thanksto (i) areversecorrelationandto (ii) two thresholdsappliedonthecorrela-
tion scorecurve (valueof thehighestscore differencebetweerthis scoreandthe
secondhighestpeakin thecurwe). A parabolicinterpolationis performedo geta
sub-pixel disparityestimate.

LEFT IMAGE RIGHT IMAGE
SUB-SAMPLING SUB-SAMPLING

i
i

RECTIFICATION AND RECTIFICATION AND
DISTORTION CORRECTION DISTORTION CORRECTION
MEAN AND VARIANCE MEAN AND VARIANCE
COMPUTATION COMPUTATION

CORRELATION
BLOB FILTERING

‘ 3D RECONSTRUCTION‘

:

Figure3: Thevariousstepsof the steleo-corelationalgorithm.

We foundthe ZNCC correlationcriteria extremelyefficient: althoughwe use
cheapvideo camerasandlow quality lenses(seesection5.1), no noisefiltering
of theimagesis required,andit wasvery easyto determinethe valuesof the two
thresholdsso that the algorithm producesdensedisparityimageswith very few
falsematchegwhich areeventuallydiscardedvith asimpleblobfilter). However,
notethattherearematchingerrorswe couldnot avoid, thatoccurat the borderof
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two regions of very differentintensity valueslocatedat differentdepths(which
often happensvhenperceving obstacles).Sucherrorsleadto a growing of the
obstacleshapan thedisparityimage which depend®nthesizeof thecorrelation
window; to our knowledge,no stereocorrelationalgorithm performedon fixed
sizewindowsareableto getrid of sucherrors but fortunately thisis notaproblem
whenit comesto avoid obstacles.

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

To get quantitatve informationson the precisionof the computeddisparity
(andthereforeonthecoordinate®f the 3D points),we studiedasetof 100images
acquiredrom thesamerobotposition.Asin [21], it appearedhatthedistribution
of the standardieviation on the disparityestimatecanbe well approximatedy a
GaussianNot surprisingly we noticeda strongcorrelationbetweerthe shapeof
the correlationpeakandthe computedstandarddeviation: the sharperthe peak,
the betterthe precisionon the estimateddisparity This correlationallows to es-
timateon line a standarddeviation on the disparity andthereforeon the 3D co-
ordinatesof the points. Although suchconsiderationgre not very usefulin the
context of this article,where3D imagesareonly qualitatvely analyzed|et’s note
thatwith thecamera®f Lama,ameanerrormodelonthedepthestimate: is well
approximatedy o, = «a,2%, wherea, = 1073,

2.2 Terrain classification

The difficulty of representingputdoorervironmentscomesessentiallyfrom the
diversity of their geometricabandphysicalnature:suchervironmentsarenotin-
trinsically structuredascomparedo indoorervironmentswheresimplegeomet-
ric primitivesmatchthereality. The problemof obstacledetectionon the basisof
3D dataon naturalfair terrainshasbeenfrequentlyaddressefl1, 2, 10, 23, 11].



To our knowledge,all the existing contributionscometo a sggmentationproce-
dure,beit on the disparityimage,on the coordinatef the 3D pointsor on the

estimateof their normals. Moreover, all thesetechniquegproducea binary de-
scription of the ervironment,in termsof traversableand non-traszersableareas.
As a consequencen orderto ensurerobotsafety onemustforce the numberof

non-detection$o beascloseaspossibleto zero,which ofteninducedalsealarms,
andthus“over-constrains’the problem.

We presentereaclassificatiorprocedurghatproducesa probabilisticallyla-
beledpolygonalmap. It relieson a specificdiscretizationof the perceved area,
thatdefinesa cellimage. Attributesarecomputedor eachcell, andareusedto la-
belthecellsthanksto a supervisedBayesiarclassifier:a probability for eachcell
to correspondo anobstaclds estimatedyhich allowsto considercostsbasedn
arisk to planpathsor to generatenotioncommandsThediscretizatiorbeingim-
posedthis proceduras essentiallyanidentificationprocessanddoesnot require
ary thresholddeterminatior{atediousproblemwith segmentatioralgorithms).

2.2.1 Cellsdefinition

The sensorghat produce3D points, be it a laserrangefinder or a stereo-vision
correlationalgorithm, generallyhave a regular scanningrate® within the sensor
frame But whenperceving a flat groundwith suchsensorsthe resolutionde-
creaseslramaticallywith the distanceto the sensor This fundamentapoint lead
usto chooseadiscretizatiorof the percevedzoneaspresentedh figure5, instead
of a Cartesiaronesuchasin [10]. This discretizationcorrespondso the central
projectionon avirtual horizontalgroundof aregular (Cartesiangiscretizationn
thesensoiframe.

The fundamentapropertyof this discretizationis the “consenation of den-
sity” : onaperfectlyflat groundcorrespondingo thereferenceplane thenumber
of pointsthatbelongto a cell —i.e. whosevertical projectionis within cell bor-
ders—is equalto a constanthominaldensity definedby the discretizatiorrates.
On the otherhand,a cell covering an obstacleareacontainsmuch more points
thanthe nominaldensity The numberof pointsin a cell is thenan important
characteristiof the natureof the percevedzonecoveredby this cell.

Otherfeaturesareusedto identify a cell: the elevationstandardieviation and
themaximumelevationdifferencecomputednthecell pointsgiveaninformation
on the “flatness” of the cell; the meannormal vector and the varianceson its

2Theangularscanningateof acameras actuallynot exactly constant.



Figure5: Discretizationsof a 3D stereoimage. Left: regular Cartesiandiscretizationin the
sensorframe (only the correlated pixels are shown). Right: its projection on the ground (the
actualdiscretizationis mud finer)

coordinatesare usefulto determineif the cell coversa regular slopeor hasan
irregular surface. The cell distanceto the sensoris also an importantfeature:
thereis actuallyno correlationbetweenthis distanceandthe cell’s class,but all
theformerfeaturesstronglydependnit. Theintroductionof thisdistancdeature
comesto implicitly taking into accountthe sensors uncertaintyand resolution
propertiedn theclassificatiorprocess.

2.2.2 Cell classification

A supervisedBayesianclassificationprocedures usedto label eachcell. Dur-
ing an off-line learning phase,a human prototypesa set of cell images: for
eachcell, the correspondinderrainclassfor the consideredobotis determined.
Theseanformationsassociatewith thefeaturevectorcomposeheprototypesata
base.Online, once3D dataareacquiredanddiscretizedthe featurevector F' is
computedfor eachcell. Bayestheoremis thenappliedto determinethe partial
probabilities P(C;|F') for a cell to correspondo eachof the M terrainclasses

{Cla"'aCM}:

P(F|C)P(C;)  P(F|[Cy)P(Cy)
P(F) > im P(F | Cy)P(Cy)
where P(F | C;) arethe probability densityfunctionscomputedthanksto a
nearesheighbortechniqueappliedin thefeaturespacdfilled with the prototyped

databaseandP(C;) arethea priori probabilitiesto perceve anareathatbelongs
to theclassC;.

P(Cz'|F):




This classificatiorproceduras very fastandrobust: we testedit on hundreds
of images,usingvariousprototypedatabases. For the situationsconsideredn
this paper we only considerntwo terrainclassesij.e. flat andobstacle.Figure6
showvs someclassificationresultswith imagesacquiredby Lama: notethat the
resultquality decreasesvith the distanceto the sensorwhich is not surprising.
Theentropyof acell is anestimateof the confidenceof the classificatiorresults.

Figure 6: Examplesof classificationwith Lamaimages. From left to right: left image of the
steleovision pair, partial probabilities of the definedcellsto be an obstacle(representedas gray
levels), and reprojection of the cells in the sensorframe after the application of a symmetric
decisionfunction. Notethat there are someemptycells, andthat the onescovering areasfarther
than15m are discaded

Thereareseveralextensiondo the method,not consideredor theapplication
context of this article: thediscretizationis dynamicallycontrolledto allow afiner
descriptionthe classificatiorresultscanbe combinedwith aterrainphysicalna-
ture classifierusing texture or color attributes,andthe partial probabilitiesof a
cell to belongto a terrain classallow to performa fusion procedureof several
classifiedcell images.



2.3 Visual goaltracking

Keepingtrack of a goalin a sequenc®f outdoorimagesis not difficult: indeed,
simplecorrelationtechniquesiave beenwidely studiedanddo the job quite well
whenthe ervironmentis texturedenough[27]. The only difficulty is to be able
to selectin animagethe areason which the tracker will notdrift. Pixel selection
onthebasisof the Harrisdetectoyon sometexture attributes[26] or moresimply
onthegrey level standarddeviation, is sufficient for that. Of course the determi-
nation of the thresholdson thesevariouscriteria hasto be doneconsideringthe
trackingalgorithm,which callsfor somestatisticaltrials.

Work concerningthe goal tracker is still underway (in our currentexperi-
ments,the goalis givenasabsoluteCartesiarcoordinates- section5.1); we are
consideringhreedifferenttrackingmodes:

e Thegoalis initially trackedin a sequencef images. We implementeca
simple pixel tracker basedon the ZNCC correlationcriteria computedon
15 x 15 pixels, the templateupdateis done by interpolatingthe current
imagearoundthe sub-pixel coordinatesof the correlationpeak(figure 7).
During this mode theresultinggoalthatis givento the motiongeneratois
only adirection.

e Oncetherobotmovedawhile,thegoalCartesiartoordinateganberoughly
derived usingdead-reckning andthe evolution of its directionin the im-
ages.

e Finally, the goal distanceto the robot is more preciselyestimatedas the
robotapproached, thanksto its 3D coordinateghatarenow producedoy
the sterewision algorithm.

3 Obstacleavoidance

Theartificial potentialfield methodoriginally proposedn [17] is oneof themost
widely usedtechniquedor mobile robotlocal collision avoidance:it is simple,
guite easyto implement,andvery well adaptedor real-timemotion control. We
presentthe developmentswe implementedtio improve sucha techniqueandto
adaptit with therobotLama,usingcell imagesasthe ervironmentdescription.
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Figure7: Anillustration of the pixel tracking algorithm: four goalslocatedat approximately
50 metes are selecten theleftmostimage, and are tradked asthe robotmoves(only oneimage
out of twentyis displayed:theactualtracking hasbeenperformedon 100images). Thanksto the
ZNCCecorrelationcriteria, illumination variation do not affectthe track.

3.1 Potential-basedmotion

The principle of artificial potentialfield motion generations extremelysimple:
therobotmotionis derivedfrom theapplicationof (i) anattractve forcegenerated
by the goalandof (ii) repulsve forcesgeneratedy the obstacles.The artificial
potentialfunctiondefinedattherobotposition X is of theform:

U(X) = Uy(X) + Un(X)

whereU,(X) is theattractive potentialproducecby thegoalat X, andU,. (X)
the repulsve potentialinducedby the obstaclesat X. The resultantforce F is
then:

F(X) = Fy(X) + F.(X)

whereF(X) = —V U(X). F, is the attractive force which guidesthe robot
to thegoaland F; is therepulsioninducedby the obstaclesOncecomputedthe
force F(X) is thensimply transformednto arobotmotioncommand.

Thedifficulty with suchmethodgseliesin the definition of the variouspoten-
tials: simplephysics-baseflinctionsfor instancgsuchasin agravity field) donot
work quite well for robotsthat have kinematicconstraint§non-holonomy).The
following sectionspresentsomeimprovementsto classicalpotentialfield tech-
niquesadaptedo the robot andto the ervironmentdescriptionprovided by the
cellimages.

3.2 Attracti ve potential

Theattractve potentialsuchasproposedn [17] inducesanattractve forcewhose
intensityis a linearfunction of the distancebetweerthe robotandthe goal. With

11



sucha potential therobotbehaior with respecto the obstaclestronglydepends
on its distanceto the goal: for instancethe robottendsto dangeroushapproach
the obstaclesvhenit is far from the goal. To copewith this, we choseto usethe
attractve potentialfunction we originally proposedn [15]. This function hasa
guadraticbehaior at the goal neighborhoodand an asymptoticlinear behaior
away from it:

Uy = Kg\/d + R?
whered, denoteghe distanceto thegoal, K, is a positive gain constantand
R is aconstantTheforcededucedrom this potentialis thus:

d  od,

[ 1
R:dm ?—1,
Fg

is a function of a userdefinedlimit distanced,, anda maximum attractve
force F;. Thus, Fy is asymptoticallyconstanfor distancegreaterthand,,, and
tendsto zeroasd, tendsto zero (figure 8). Figure9 presentghe resultof the
applicationof this force®.

Fy=-K,

where

3.3 Repulsive potential

Mostof the proposedepulsve potentialfunctionsin theliteratureonly depencbn
thedistanceo theobstaclesA majordravbackof suchpotentialgs thatobstacle
sgmentshave aninfluenceontherobotevenif therobotis moving in adirection
parallelto them. This canleadto irregular motions,especiallyin our casewhere
theernvironmentdescriptionis polygonal.

We usetherotationalpotentialapproachwhichweinitially introducedn [16].
In this approach(asin [8]), someparameterslescribingthe geometricakituation
of therobotwith respecto theobstaclesretakeninto accounto definetherepul-
sivefunction. Theresultantepulsve potentialwe considelis alinearcombination
of two repulsive potentialsp; (X) andps(X):

SNotethatall theresultsof robotmotionspresentedh this sectioncorrespondo longtraverses
of onelocal map: this is for illustrative purposejn the real experimentsalocal maphasa short
life duration,andtherobottravelslessthanhalf a meterwithin the samemap.

12
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Figure8: Shapeof the chosenattractivepotentialand correspondingorce

Figure9: Illustration of the influenceof the attractive potential: on the left, with the attractive
force presentedn [17], therobotgetsvery closeto the obstacleandis therefore strongly pushed

away; whereason theright, with the proposedattractive potential,it beginsto avoidit earlier (a
samerepulsivepotentialis usedfor bothsituations).

o | @®pe(X) + (X)) if d < dy,
Us(X) = 0 otherwise. (1)
whered, is ainfluencelimit distanceoverwhichtheobstaclehasnoinfluence
ontherobotmotion,anda = sin(A#), A6 is therelative anglebetweertherobot
directionandthe nearestcell sgment(figure 10). The functionsp, andp, are
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definedasfollows:

p(X) =K (g - 2)
p2(X) = 1K (d(X) — do)?

p1(X) hasa quadraticbehaior and p,(X) a linear one. The aim of py,
whichdominatesn theneighborhooaf theobstacleis to guarante@on-collision
(p1(X) — ocowhend(X) — 0). p, having alinearbehaior, it dominatesn
the region nearthe influencelimit distanceboundaryandactsto smoothlypre-
avoid the obstacleconsideringts relative orientationexpressedy the parameter
a (figure10).

G assical potential Rotational potential

Figure 10: Therotational potential. From left to right: parametes involvedin the obstacle
repulsiveforcecomputation;classical” repulsivepotential,andresultanipotentialU® = a2ps +

p1-
Figure 11 illustratesthe advantageof the introductionof the parameter in
thedefinitionof therepulsve potential.

3.4 Adaptation to the cellimages

A cellimagegivesthe probability for eachcell 4, j] to correspondo anobstacle,
but for securityreasonswe divide the cellsinto two cateyories:

e obstaclecells: arethenonclassifiedcells(nodata)or thecellswith Ppys: >
S° whereS? is afixedthreshold.Therepulsive potentialfunctionassociated
to suchcellsis therotationalpotentialdefinedin equationt,;

14



Classical Potential Rotational Potential

Figurell: “Go to goal” with classicalrepulsivepotentiall = p; (left), andwith therotational
potentialU® = a?p; + p» (right). Only thetwo rightmostgray cellsare consideedasobstacles.

e traversablecells: aretheclassifiedcellswith Py, < S°. For atraversable
cell [i, 7], therepulsie potentialfunctionis thengivenby:

- _ | @?[i, j]Posstlis ] pe(X) if d < do
Urli 31(X) = { 0 otherwise.

wherep,(X) = K, (d(X) — do)*. Theforceissuedfrom this potentialis
linearandhasalimit intensityasd tendsto zero. Thisintensityis alsomod-
ulatedby the parameterPy;,;, the gain of this potential,which represents
thecell traversabilitydanger

As a consequenceherobotmay avoid the cellswith Pg,,; < S°, or traverse
themif nobettersolutionexists. Thechoiceof K; mustinsurethatthetraversabil-
ity of thesecellsis still possiblewhentherobotis subjectto forcescomingfrom
obstaclecells.

Theresultantpotentiall/, generatedby the cellimageandthegoalat position
X isthefollowing:

UX) = (Ui, JI(X)) + Uy(X)

4,J
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Note that U,[i, j] = 0 if thereis an intersectionbetweenthe robot andthe
cell [z, j]: indeed,the robotmustnot be influencedby a cell within whichit lies.
Figure12 shows theresultanipotentialfor theatypical cell image.

Figure 12: A cell image and the correspondingpotential field computedfor all the possible
positions with a constantrientationangle

3.5 Dynamic adaptation of the influencelimit distance

Thelimit distancel, thatdefinesheinfluencerangeof acell is anextremelyim-
portantparameterusinga ratherlarge valueof this distancewould avoid getting
therobottoo closeto theobstacleshut unfortunatelyit would constrairtoo much
the robot motion if thereare mary obstaclesaround. It is difficult to tunethis
parameteto ensuresafemotionson onehand,andto guarantythattherobotfinds
hisway troughtheobstaclesanddoesnotgettrappedn local minimaontheother
hand.
To solve this problem,we defineda dynamicinfluencelimit distance:

1+ e(cosw)))

Dofo) = dnf () = o (55
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whered,, is the securitydistancecorrespondingo d, in the staticcaseand¢
is theanglebetweertherobotmotiondirectionandthe headingangleof therobot
closestpoint to an obstacle(figure 13). With sucha definition of the weighting
function f(¢), the obstaclenfluenceon therobotdepend®nits relative position
to therobot: thelimit distanced,(¢) is maximalfor ¢ = 0 (theobstaclds in front
of therobot),andis minimalfor ¢ = 7 (theobstaclds behindtherobot).

=g

0.6
0.4

0.2 [0)

-0.2 0 0.2 04 06 0.8

Figure 13: Theangle ¢ usedto definethe dynamiclimit distance and the weightingfunction
f(9)

Figure 14 illustratesthe advantageof the adaptatiorof the limit distancejn
the casewherethe robot moves betweentwo obstacles.Note alsothat usinga
staticlimit distancethe robot canhardly reachits goal becausef animportant
repulsve force generatedby anobstaclecloseto thegoal. Usingdy(¢), therobot
motionis smoothebetweenhe obstaclesandthe influenceof anobstacleclose
to thegoalis reducedconsiderably

3.6 Dealingwith a sequenceof images

From the point of view of obstacleavoidance,the difficulty of dealingwith a
sequenc®f imagesarisesfrom the fact that the processingime ¢,., neededo
obtaina cell imageis not negligible with respecto therobotspeed.

Letusassumehatatinstantt of imageacquisitiontherobotisin acellimage
Vi_1 (figure 15). From¢t until the availability of the next cell imageV;, therobot
is boundedn V;_1, sinceit is theonly areaon which it hasinformations. At the
time ¢ of the new imageacquisition,only the boundarie®f the future cell image
V, areavailable. Therefore the robotmotionexecutedduringthe processindime
tqcq Mustconstrairtherobotto reachtheareal,_; N'V;.
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Static DO o Dynamic DO

Figurel4: “Go to goal” with a staticparameterd, (left) andwith thedynamicparameterdy (¢)

Figurel5: Linking animage sequence

This constrainthasanimportantimplication: thetime¢,., andtherobotspeed
being given, one mustmake surethat at any time thereis enoughfree spacein
front of therobotsuchthattheintersectiorbetweerthecurrentcell imageandthe
next oneis still accessibleThis constraingherobotto avoid sharpturnsandget
closeto obstacleswhichis madeby tuningpropoerlythevariousgainparameters
in therepulsie potentialdefinition.
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3.7 Conclusions

Themaindifficulty with potential-basethotiongenerations to triggerthevarious
parametersf theforcedefinition. Theseparametersnustbe setsothattherobot
executesavoiding maneuerssafely i.e. without approachinghe obstaclegoo
much, while avoiding to gettrappedin local minima. If mostof the “classical’
potentialfunctions can easily be tunedto satisfy theserequirementsn simple
environments,jit becomesnuchmoredifficult whenthe ervironmentsgetsmore
cluttered. Thanksto the variousimprovementswe have proposeddefinition of
theattractve force,introductionof thegeometriaobotconfigurationwith respect
to an obstacleto definethe potentialandthe influencelimit distance)we could
easily tune the various parameterso that the robot executessafe and smooth
maneuers. Theseparameterarethefollowing:

e Fortheattractve potential thegain K, thelimit distanced,, andthe max-
imum attractve force F;;

e Fortherepulsve potential thelimit distanced, andthethreegainsK, K,
andK;.

Figure 16 shows varioustrajectoryexamples all executedwith the samepa-
rameterset. Of coursewe still cannot guarantythatno local minimaoccur:it is
oneof theattribution of the decisionlevel (next section)to detectandsolve them.

0 dynamique

Figurel6: Somerajectoriesresultingfromthe applicationof the variousimprovements.

Finally, to testouralgorithmsonrealisticimagesequencesye have completed
asimulationsystemon Unix platforms(figure 17): aray-tracingalgorithmrunon
adigital elevationmapproduces3D pointsimagesattheresolutionof thecameras
thatequipsLama. Theclassificatiorprocedurebeingratherqualitative, its results
on simulated3D imagesaresimilar to thoseon realimages.This simulationhas
beenhelpful to tunethevariousparametersf the obstacleavoidancemodule.
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Figurel7: A completesimulationresult

4 Software architecture

The presentechavigation capacitieshave beenintegratedonboardtherobot. The
softwareorganizationor architecturethatwe have adopteds not specificto this
application.It is animplementatiorof agenericarchitectureslaboratedo design
full autonomousobots[1].

Only a subsetof this architectureis really necessaryo demonstratehe re-
active navigation capacity— which in our viewpoint is oneamongotherneeded
capacityof an autonomousobot. This approachcantake advantageof a back-
groundof conceptsandtools (PRS[13, 12], G*oM [6, 7]) for the architecture
design,andabove all it will allow to extendtherobotcapacities.

After a brief overview of thegenericarchitecturethe differentcomponent®f
the Lamaarchitecturenstantiationarepresented.

4.1 The genericarchitecture

Thegenericarchitecturéhasthreehierarchicalevels[1], having differenttempo-
ral constraintsandmanipulatingdifferentdatarepresentations=rom bottomup,
thelevelsare:

e A functional level. This level includesall the basicbuilt-in robot action

and perceptioncapacities. Theseprocessingunctionsand control loops
(imageprocessingmotion control,etc) areencapsulatedto controllable

20



communicatingnodules(section4.2). In orderto accomplisha task, the
modulesarecontrolledby the next level.

e An executioncontrol level, or Executve. Justabove the functionallevel,
it controlsandcoordinatesiynamicallythe executionof the functions,dis-
tributedin the modules accordingto the taskrequirementspecifiedby the
higherlevel (sectior4.3.1).

e A decisionlevel. This higherlevel includesthe capacitiesof producing
the task plan and supervisingits execution,while beingat the sametime
reactve to eventsfrom the underlyinglevels.

However, aspointedout in [1], not all instancesof this genericarchitecture
useall thelevelsandcomponentgresentedindeed,n theapplicationconsidered
in this paper we did not deploy ary plan supervisor nor missionplanner The
resultedsoftwarearchitecturdor the presentedxperimentis shavn on figure 18
onpage23.

Neverthelessthe overall applicationhasbeenbuilt following this genericar-
chitectureand,if necessarycaneasily be extendedtoward a more completein-
stancejncludingahighlevel planneraswell asa morespecificexecutioncontrol
component.

4.2 Functional Level

The FunctionalLevel embedsa set of elementaryrobot actionsimplementing
processingunctions and task-orientedseno-loops. In particular it integrates
the platform-dependenasicfunctionalitiesto control the sensorsand effectors
(cameraspdometry drive-wheelsetc); but alsothe reactve navigation capaci-
ties presentedn this paper:imagesanalysis(section2) and obstacleavoidance
(section3).

Thefunctionsareembeddedto moduleg7] wherethey arerunusinginternal
synchronou®r asynchronougask-processed.he stateof therobot,its execution
contet andits perceptionof the ervironmentare entirely apprehendethrough
themodules.A modulehastheresponsibilityfor the physicalresourcegsensors
or effectorsfor the low level modules)or the logical resourcegshareddata: a
map,aposition,etc) thatit controls:it mustrespecthetime constraintsmposed
by thecontrolledresourcesindmustguarante¢heintegrity of theresourcesor at
leastdetectandsignalany problemthatmayoccur For instancethe modulethat
runstheobstacleavoidanceproceduranustalsobeableto detectlocal minima”.
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However a modulehasnot a global view of the robot task and can not de-
cideto startor to stopa treatment.This operationis controlled,directly or indi-
rectly, by thedecisionlevel. Thus,eachmoduleoffersa setof predefinedservices
that are parameterize@nd/oractivatedasynchronouslyhrougha non-blocking
client/serer protocol: a relevantrequestthat may includeinput parametersap-
pliesto every serviceof eachmodule. For instance the acquisitionof a pair of
stereoimagesis a serviceoffered by a module CAMERAS. A modulemay also
sendarequesto anothermodule(a moduledoesnotknow a priori its clients).

Oncethe serviceis over, the modulereturnsa replyto its client thatincludes
anexecutionreportwhich qualifieshow the servicehasended(l ocal -m ni ma-
error,...). All thepossibleexecutionreportsfor a givenservicearedefineda
priori andallow theclientto planadequateecovery proceduresTheseclient/serer
relationshipsare establishealynamically(uponreceptionof a requestiandthey
implementthe control flow of thefunctionallevel.

Thedataproducedoy the modules(a pair of stereamagesa mapof obstacle
cells,arobotpositionestimation et areexportedinto sharednemorystructures
namedpostes (the circlesin figure 18 on the next page). A posteris readable
by ary elementof the architectureput its contentscanbe modifiedonly by the
modulethat ownsit. Eachposteris identified by its name. This identification
permitsto easilyredirect the data flow: the requestassociatedo a servicethat
needsaninput data(producedby anotherservice)hasa parameteto specifythe
posteridentifier.

Thefollowing presentatiomf the Lamafunctionallevel will givetheoccasion
to illustratethis moduleorganization.

4.2.1 Lama Functional Level

The functionallevel for Lamais currently composedf ten modules: the nav-
igation capacitiesareintegratedin four distinct modules;the basiccapacitieso
controlsensorandactuatorsareintegratedn four othermodulesandfinally, two
modulesareusedfor teleoperatiorpurposes.

Thesemodulesarerepresentedn figure 18. They canbe virtually classified
into threegroups:

1. The hardware devices control modules. At the bottom of the functional
level wefind thefour basicmoduleghatcontrolthehardwaredevicesof therobot:

e themoduleCOMcontrolstheradiocommunicatiorwith theoperatorstation.
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Figure 18: Thesoftwae architecture for reactivenavigation. The dottedarrows at the func-
tional level representa possibleinstanceof the data flow betweenthe modules,establishedy
the decisionlevel, during the executionof a reactivenavigationloop. For ead module the main
servicesare indicated.

It offerstwo services:oneto sendmessageandoneto receve messages
(this secondoneis similar to a monitoring: the final reply is sentbackon
thereceptionof amessage).

e the module CAMERAS controlsthe two cameras.t offers several services
to acquiremono(with any camera)or sterecimages. Theresultedimages
arestoredin aposter

e themodulePLATFORMcontrolsthepan-tilt platformthatsupportshecam-
eras.It maintainson a posterthe currentconfigurationof the platformand
offers serviceso executerotationsto a givenorientation,or alonga given
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trajectory(dynamicspeedorofiles)for trackingpurpose.

e themoduleLOCOMOTI ON controlstheproprioceptve motionsensorgodom-
etry, compassjnclinometers)andthe wheelmotors. It hastwo main pur-
poses:(i) usingthe proprioceptve sensorst maintainson a posterthe cur-
rentconfiguratiorof therobotata 25 millisecondsrate;(ii) it looksafterthe
seno-controlof the robot on a given position, or alonga giventrajectory
Thepositionor thespeedeferencesrereadperiodicallyona postemwhich
identifieris specifiedwithin therequesiparametersin this application this
postercouldbelongto two differentmodules:AvVO D or PI LOT hasshown
bellow.

Thesemodulesdependonly on the physicalrobotandfit with almostall pos-
sibleapplications.

2. The reactive navigation modules. The navigation functionalitiespresented
above areorganizedn four modules:

e themoduleCORREL embedsghe stereacorrelationfunctions.It producesa
3D imagefrom a pair of sterecimagesreadfrom the CAMERAS posterin
thisapplication.

e themoduleCLASSI F integratestheterrainclassificatiorfunctions.lIt pro-
ducesa cell mapfrom a 3D image. This imageis currently producedby
themoduleCORREL, but it couldaswell usea 3D imageprovidedby a 3D
lasermodule.

e themoduleAVA D integratesthe local avoidancefunctions. From a map
of obstaclesandthe currentpositionsof therobotandthe goalin this map,
it updatesddynamicallyin a posterthereferencegoositionthattherobot(i.e.,
the moduleLOCOMOTI ON) hasto track: AVO D is a client of the module
LOCOMOTI ON.

e themoduleGOALFI NDintegrateshegoalidentificationandlocationfunc-
tions. It producesagoalposition. Currentlythis moduleis nearlyanempty
shell: theinitial estimationof the goal positionis directly copiedin its goal
dataposter
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3. The teleoperation modules. Besidethe autonomouseactve navigation
modethe robotcanbe controlleddirectly by an operatorin a teleoperateanode
which usestwo moremodules:

e the module TV down-loadsthe last imagesacquiredby CAMERAS. It al-
lows the operatorto visualizethe environment“seen” by the robotandto
remotelycontroltherobot.

e the modulePI LOT allows to executebasictrajectories(translationsand
rotations).The referencepositionsalongthe requiredtrajectoryare sentto
themoduleLOCOMOTI ON.

Thearrows onfigure 18 on page23 representhe dataflow (andnot the con-
trol flow) during a completethe executionof the nominalloop presentedn the
introduction.

Thesequencings ensuredy thedecisionlevel.

4.2.2 Integration Methodology

All the modulespresentstandardnterfaces,a standardstructureand a standard
behaior. In factthey arebuilt accordingto acommongenerictemplate[7]. This
modelallows to integrateboth synchronousindasynchronousreatmentsMore-
over, modulesare automaticallygeneratedising a generatorof module named
G®oM [7].

Only the specificpartsof a givenmodulehave to be described.This descrip-
tion is basedon a simple declaratve language,associatedvith G*"oM, which
mainly consistsin declaringthe servicesoffered by the module,their parame-
ters,their executionreports their temporalcharacteristicgheir postersandsome
othersparameters.

This descriptionis analyzedby G*oM which instantiategshe commontem-
plateandcompilesthe resultingcodefiles. The nev modulecanthenbedirectly
integratedin the architecturgon Unix or VxWorks operatingsystem).The algo-
rithmslinkedto eachserviceareincrementallyincludedandfinalized.

G®bM producesalsotheclientlibrariesto communicatevith the moduleand
aninteractve testprogramto evaluatethe module.

4.3 Execution Control Level and DecisionLevel

Althoughthe executioncontrol level anddecisionlevel have distinct functional-
ities, and shouldbe running while satisfyingdifferenttemporalconstraintswe
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presenthemtogetheiin this paperasthey wereprogrammedisingthe sametool:
PRS.Their presencen the systemallow the robot programmeito build a more
comple systemby addingor combiningothernavigationmethodqprovidedthe
properfunctionalmodulesareavailable).

4.3.1 The ExecutionControl Level

The ExecutionControl Level (or Executie) is a purely reactve systemwith no
planningcapability It recevesfrom thedecisionlevel thesequencesf actionsto
be executed It selectsparameterizeandsynchronizeslynamicallytheadequate
servicenf thefunctionallevel, i.e. therequestgo be sentto the modules.

The selectionand the instantiationof the requestparameterslependon the
task and on the current state of the system. This stateis maintainedby the
Executve, accordingto the ongoingservicesandto the outputof previous pro-
cessing(i.e. accordingto requestssentandto repliesreturned). Repliesmay
trigger requestgelayedby the Executve. A reportmustbe returnedsystemat-
ically to the decisionlevel (e.g. robot -l ocal i zed, t ar get -not -f ound,
traj ect ory-conput ed), to enableplansupervisiorandselectionof next ac-
tions. Theinstantiationof therequesparametersonsistgyenerallyin redirecting
datapreviously producedby other servicesthroughthe posters(e.g. a 3D map
computedoy the moduleCORREL which hasto be classified).

The executve interactswith the modulesusingthe client/serer protocoland
it integratesthe communicatiorrulesmentionedoreviously (requeststepliesand
posters).

For instancelet’s considetthemainserviceof themoduleAVO D: theservice
AVO D- TRACK that produceghe referencepositionsfor the robot to reachits
goalwhile avoiding obstaclecells.

The executioncontrol consistan sendingthe correspondingequestwaiting
for thefinal reply, and,asfar aspossible handlingthe failures(thatdo not break
down thetaskplan).

In our application two failuresareconsideredy this procedurealocal min-
imum can be detectedby the module AVO D, and seno-controller may auto-
shutdavn on overwltage(detectedvia the moduleLOCOMOTI ON whichinforms
its client: themoduleAVA D).

For the first case the executive simply tries to restartthe service,expecting
thata pathwill be foundin a nenv obstaclecells map. After a given numberof
unsuccessfuletriesthefailureis sentbackup to the supervisor

Thesecondtasemayoccurin two situations:atemporaryslippingof awheel,
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or afault of thesenoswhich needsa specificrecovery procedureTo detectthese
situations,the executive checksfor the stateof the senos during a given time.

It restartsthe serviceif they work correctly or informs the supervisorafter the

timeout.

4.3.2 The DecisionLevel

The Decisionlevel is in chage of all the processeshatrequireanticipationand
someglobal knowledgeof the taskandthe executioncontext: it embedghe de-
liberative capacitie®f planninganddecision-makingandshouldremainreactve
to incomingeventswhich inform how the planexecutionis goingon.

Theactvity of the supervisorconsistdan monitoringthe executionof the plan
by performingsituationdetectionrandassessmerndby takingappropriatedeci-
sionsin realtime.

As mentionedearlier we have not currentlyintegratedany high level planner
in thisapplication(se€[1] for examplesof applicationsusinghighlevel planners).
Besidegheplan,the supervisomakesuseof a setof situation-drivenprocedues
embeddedn adatabase.

Finally, the supervisotis in chage of receving the taskor the goalfrom the
operator They areeithersentto theplannerfor producingthe sequencef actions
achieving them(if ary), or directly executedf they correspondo procedureshat
arealreadypresenin the system(caseof this application).

Figurel9onthenext pagepresentshemainPRSproceduravhichisin chage
of the propersequencingf the variousdataacquisitions/processingmd goal
tracking.

The procedurds startedon the ( REACTI VE- LOOP) invocation(sign! in
PRS).It then startsin parallelthe AVO D- TRACK- LOOP procedurepresented
above, andthe sequenceacquisition-correlatiotno producethe 3D image.

The stereo-visiorloop (dashedines loop on the left of the figure) proceeds
while the obstaclecell mapis constructecindpassedo themoduleAVQO D using
the serviceAVO D-GETOBSTACLECELLS (dottedlinesloop on theright of the
figure).

The SYNCHROnodesynchronizeshetwo loops,i.e. thestartof anew service
CLASSI F-BUI LDVAP with the endof both servicesSCORREL-STEREO andthe
previous CLASSI F-BUI LDMAP. On the contrary no synchronizations needed
with the end of the serviceAVO D-GETOBSTACLECELLS: a new obstaclecell
mapmustbe consideredssoonaspossible evenif thereadingprocedureof the
previousmaphasnotyetended.
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Figure 19: An supervisorprocedue: the reactivenavigationloop. It is the main loop of the
presenteapplication.

5 Discussion

5.1 Experimental results

The perceptionand motion generationalgorithmspresentedn this paperhave
beenintegratedon the robot Lama (figure 1). Lamais a robot from the Mar-
sokhod family [14], ownedby Alcatel andcurrentlylentto LAAS. The chassis
is composedf threepairsof independenthdrivenwheels,mountedon axesthat
canroll relatively to oneanother Lamais 1.20m wide, andits lengthvariesfrom
1.60m to 2.20m, dependingon the axes configuration(1.90m on its “nominal”
configuration) andweighsapproximatelyl60kg. A 1.80m mast,thatsupportsa
panandtilt platform,is mountedon the middle axis. Eachmotoris drivenby a
seno-controlcard,andthe maximalspeedbdf Lamais 0.20m.s L.
Lamais equippedwith thefollowing sensors:

e Eachwheelis equippedwith anopticalencoder;

4Marsokhods a Russiartermfor Marsrover.
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e Five potentiometerprovide therobotaxisconfiguration;

e A 2 axisinclinometerand a magneticfluxgatecompassprovide the robot
orientation

e Finally, the sterecimagesare provided by two synchronizedMicam VHR
2000 video cameraq752 x 582 CCD matrix, with 4.8mm focal length
lensestheirfield of view is 68° horizontallyand53° vertically.

All thecomputingequipmentis in aVME rackmountedontherearaxisof the
robot. Therackcontainsa DataCubdramegrabberandthreeCPU’s (a 200M hz
604 PaverPc,andtwo 68040) operatedoy the real-timeOS VxWorks. All the
algorithmspresentedh this paperincludingthedecisioncontrollevel, arerunon
board(the algorithmdistribution onthe CPU’s is shavn on figure 18: the current
hardwareconfigurationis actuallytoo powerful).

Theterrainon which we have testedthe approachwith Lamais anessentially
flat ground,with gentleslopeglessthan5°) andsomescattere@bstaclaocksand
trees. We performeddozensof experimentsthere,changingvariousparameters
andervironmentalconditions. The bestresultshave beenachiezed usingall the
improvementgresentedn section3. Figures20and21 shaov two typical runsof
therobot,thattravelsaround30m towardits goal.

Up to now, the goaltracker hasnot yet beenintegrated:we emulatedt using
dead-reckning, the goal being specifiedas global Cartesiancoordinatesat the
initialization. Note that muchmorecyclesare usually executedduring the robot
motions:in the experimentshowvn here thefrequeng hasbeenreducedecause
of datadownloadingtime. The actualrateis approximatelyoneloop every three
secondsthe stereo-visioralgorithmtaking 2s to producea 170 x 250 3D image,
whereaneloop took aroundl5s in the experimentshown here.

5.2 Ongoingwork

Several problemsarestill to be handledwithin the context of this approach.The
following onesarecurrentlybeingstudied:

e Integrationof thevisualgoaltracker: if theimplementatiorof goaltracker
is not a big issue,its integrationis a bit moretediousproblem. Indeed,it
requiresthe sameresourceasthe obstacleavoidancemodule(the cameras
andthe pan-tilt platform),andoftenin a contradictoryway.

29



e Parametersleterminationthe variousparameterfiave to be studiedmore
deeply;especially variouscameraresolutionandfield of shouldbe evalu-
ated,sincethey have animpactontheloop frequeng.

e Finally, theautonomouselectiorof (intermediateyisualgoalsby a higher
level navigationplannemustbe consideredsothatthis reactve navigation
capacitycouldbeintegratedin our generalong rangenavigationapproach.

Most of the effective achiezementsin autonomousoutdoor navigation deal
with a context similar to this paper:the environmentis essentiallyflat, and mo-
tion commandsare issuedon the basisof local terrain representations.Some
approachesonsistin arathersystematictratey [24, 22], while othersevaluatea
discretesetof steeringarcs [20, 25. We think the approactpresentedhereis an
interestingcontributionto theproblem:to ourknowledge,it is thefirst application
of a potentialfield techniquein outdoorervironments,andit provedits capacity
to generatesmoothandreliabletrajectories.
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