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Abstract

Thisarticle presentsan algorithmthat determinesafemo-
tionsfor an articulatedroveronroughterrains. It relieson
the evaluationof a setof elementantrajectorieson a dig-
ital elevation mapbuilt astherover moves.Thealgorithm
relieson the explicit computationof geometricconstaints
ontheroverchassis.It hasbeenintegratedwithin a contin-
uouslyrunning navigationloop on board the robot Lama,
andtestedundervariousterrain conditions.

1. Intr oduction

Amongthevariousissuegaisedby autonomousover navi-
gationin unstructurecrvironmentsgraversingroughareas
is one of the mostchallenging. Indeed,suchareasbring
forth variousdifficulties to eachof the perception trajec-
tory evaluationandtrajectoryexecutioncontrolfunctions:

¢ To catchthesurfacegeometryof theareato traverse,a
fine modelof theervironmentis required;

¢ To selectfeasiblemotions,geometricand kinematics
constraintontherover have to beexplicitly takeninto
account;

¢ Finally, ensuringthe properexecutionof the selected
motionsis a muchmoredifficult issuethanon smooth
terrains.

This paperfocuseson the secondpoint: it presentsan
algorithmthat determinessafeand efficient motionsfor a
rover on roughterrains. The algorithmconsistsn evaluat-
ing a setof elementanytrajectorieg(circle arcs)on a digi-
tal elevationmapcontinuouslyupdatedastherover moves,
taking into accountgeometricalconstraintson the robot
chassis. The approachhas been successfullyintegrated
within a simple autonomousavigation loop on boardthe
robot Lama: tens of experimentshave beenachieved, in
which therobotis askedto reacha few tensmetersdistant
goalin aninitially unknown terrain(figure1).

Related work: Pioneerwork on planning motions on
roughterrainsdatesbackto the late 80’s, and hasessen-
tially beenconsideredwithin the context of planetaryex-
plorationrobotics. In [1], analgorithmthat plan minimal

Figurel: TherobotLamaduringanautonomousoughterraintraverse.
Here,the digital elevationmapbuilt during the traverseis surimposedn
theimage.

time pathson a surfacerepresentetby B-spline patchess
presentedit insistson the consideratiorof the vehicledy-
namics Work presentedn [2, 3, 4] extendthis approach,
by consideringan articulatedchassisnodeandexplicit ve-
hicle/terraininteractions.In our lab, we alsocontributedto
the problem([5, 6], and developeda plannerthatfindstra-
jectoriesto reacha distantgoal for an articulatedchassis.
Latestdevelopmentdncludedthe consideratiorof the ter-
rain modelinguncertaintiesindthe necessityfor the rover
to localizeitself [7]. To ourknowledge all thesework have
only beentestedn simulatedenvironments.

More recently various simpler approacheshave been
presentedand effectively demonstratecbn board rovers.
Most of theseapproachesely on the sggmentationof the
terrainmodelinto two or moreterrain navigation classes
(flat, obstacle,slope)[8], or on the estimateof the ter
rain traversability by fitting planesover terrainpatcheg9],
sometimesisingfuzzy rulesfor this sggmentationandfor
elementarymotiongeneratior{10]. In thesecasesgemon-
strationson flat groundwith sparseocksarepresented.

Outline: Thispaperis articulatedasfollows: thenext sec-
tion givesan overview of the threecomponentsnvolvedin
theapproachandpresentshe principle of the motiongen-



erationalgorithm. Section3 is dedicatedo the determina-
tion of thechassisnternalconfiguratioron agivenposition
ontheterrainmodel. Sectiord depictshow the optimalcir-
clearcis chosenpnthebasisof arisk definedby adiscrete
setof configurationsvaluatedalongthe arc, a of aninter-
estrelatedto thegoalto reachposition. Someexperimental
resultsof thewholeapproacharepresentedh section5.

2 Overview of the approach

Thenavigationapproacho reachagivengoalis sketchedn

figure2. It is averysimpleinstanceof a“perceve - decide”
paradigm(oftenappliedwhendealingwith rathereasyter-

rains[11, 12]): from a pair of stereoimages,a 3D image
is computedisingapixel correlation-basedlgorithm. This
3D imageis megedin a digital elevation map (DEM) of
theterrain,andevery time this mapis updateda setof el-
ementarytrajectoriesis evaluated: the besttrajectory se-
lecteddefinesthe motion commanddo sendto the rover,

andtheprocesss re-iterateduntil the goalis reached.
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Figure2: Principleof the navigationloop

Digital elevation map building: Digital elevation maps
area popularway to representhe ervironmentof a rover:
their structureis easyto manageand they canrepresent
quitefaithfully theterrainsurfacegeometry The maindif-
ficulty to updatesuchmapscomedrom theuncertaintie®n
the 3D input data;however, arealisticmodelcanbe easily
built by computingthe meanelevationof thedatapointson
theDEM grid cells.

One of the problemswhendealingwith roughterrains
is the large numberof occlusionscausedoy theterrainir-
regularitiesandthe dataresolutiondecreas®n the ground
(figure3). To palliatethis,theDEM is continuouslyupdated
astherobotnavigates which requireshe knowledgeof the
robot3D position,with a precisionof the orderof thegrid
size. Odometrybeingnot reliableon roughterrains,in our
systenmthe 3D positionestimatds providedby avisualmo-
tion estimationtechniqug13], whichis runningin parallel

of thenavigationloop.

Figure3: A digital elevationmapbuilt with a singlestereoimagepair:
severalreasare unperceivedbecausef theterrain irr egularitiesandthe
drasticdataresolutiondecreasewith thedistance.

Motion control: The six wheels of Lama being non-

orientable, rotations are producedaccordingto a skid-

steeringscheme: eachof the three wheel of one side of

the robotaregiventhe samerotationspeedccommandand

the differenceof theleft andright speedcommandnduces
a rotation (figure 4). Thanksto a preciseoptical encoder
andto a powerful motor/geasset,six simplePD controllers
ensurea tight control of eachwheelrotationspeedwhat-

ever the terrain characteristicsare. Becauseof unpre-
dictableground/wheefrictions, theinformationreturnedby

thewheelencoderslo notallow afaithful estimationof the

rotationspeed:for that purposea fiber-optic gyrometeris

used.Thelocomotionlayeris thereforeableto handldinear

andangularrover velocities(v, w) commandsby sending
thesix PD controllerscommandst 40 H z.

Figure4: Motion control of Lama.
A difference in the lateral wheel
speedsnducesan angular velocity
producinga circle trajectory with a
radiusr. Only the middle axle con-
tributes to the rotation. It can be-—-
shownthat the speedgo be applied
to the front and rear axles wheels
sothat they do not opposetoo much
against this rotation are the same
‘/left and Vright-

Vright

Motion generation: Theheartof thesystemisthemotion
generatioralgorithm: it consistsn evaluatingtherisk and
theinterestof asetof elementantrajectorieqfigures), the
onewith the smallestrisk/interestratio beingselected The
consideredrajectoriesarecircle arcs,asthey correspondo
acontroleasilyhandledoy thelocomotionlayer.

To evaluatea circle arc, a discreteset of configuration
alongit areconsideredarisk is definedfor eachconfigura-
tion by checkingconstraint®n theinternalchassisonfigu-
rationandon therobotattitude(section3). Theintegration
of theriskscomputedalonganarc andthe consideratiorof
its interest,in termsof gettingcloserto the goal, are then
usedto selectthe optimalone(sectiord).



Figu re5: Thesetof circle arcsevaluatedat eachstepof theloop.

3 Chassisposeand configuration de-
termination

Theability to predicttherobotposeandits chassisnternal

configuratiorfor agivenposition(z, y, #) onthedigital el-

evationmapis a key pointin our algorithm,asit produces
thebasicparameterghatwill be usedto selectfeasibleand

safemotions.Wedescribeherethepl aceRobot function,

thatfulfills this requirement.

3.1 Chassisgeometry

Lamé is a Marsokhodarticulatedchassig14]. Its length
can be actively controlled by modifying the distancebe-
tweenthe axles(figure 3.1), thus enablingthe possibility
to move in a peristalticmode.However, for thealgorithms
andexperimentspresentedn this paper the inter-axle dis-
tanceis maintainedixed.

Figure 6: Geometryof Lama
locomotion structue. Depend-
ing on the angular valuesof 3,
and 3, the lengthof the chassis
canbeadapted.In its "nominal”
configuration the chassisoverall
lengthis 1.85 meter

Thechassiss alsopassiely articulatedasshovn in fig-
ure7), which givestherobothigh obstacleclimbing skills.
Themechanicabariationsof thesethreeparametersyhose
valuesis providedto the locomotioncontrollayerby angu-
lar encodersareboundedy thefollowing values:

—35° < ag5 < 35° 1)

110° < B3 < 230° (2

Therobotattitudeis definedby the attitudeof its middle
axlewith respecto thevertical: thetwo pitchandroll angle
¥, ande,, aremeasuredhanksto atwo-axisinclinometer

3.2 Robot placementon the DEM

Givena position (z, y, ) on the digital elevation map, the
robot placemenfunction pl aceRobot providesthe five

1Thechassisf Lamais ownedby Alcatelandis lentto LAAS. All the
equipmentdhasbeenconcevedanddevelopedat LAAS.

Figure7: Thethreepassivearticulationsof thechassis.

angulavalues(¢, , ¥m, a1, az, 33) thatentirely definethe
chassisonfigurationparameters.

This functionrelieson the computatiorof a singleaxle
placementfunctionpl aceAx| e), whichitself makeiter-
ative callsto the pl aceWeel function(figure 8). Simi-
larly, oncethe middle axle is placedon the DEM, several
iterative callsto the pl aceAxI| e function arerequiredto
placethefront andrearaxle,to finally obtainthefive con-
figurationsangles.

- Y

Figure 8: Principle of the pl aceAx| e function: the axle orientation
beingsetto 0, two callsto thepl aceWheel functiondefinetheelevation
of the wheelsfor this orientation(left). Thedistanced betweerthe two

wheelsrotationaxesdefinea newaxle orientation(right), andthe process
is reiterateduntil d stabilizestselfaroundO.

Theimplementatiorof the functionpl aceWeel is of
crucialimportanceatit is calleda lot of timesto compute
the robotfive configurationsangles. For that purpose we
have talulatedthe elevationsof the conic wheelprofile in
a rectangulararray with a resolutiontwice asfine asthe
DEM resolution:the minimum distancebetweerthis array
elevationsandthe DEM elevationson the projectedrectan-
gle givestheelevation of thewheelonthe DEM.

However, the pl aceAxl e function is quite time
consuming: not only it makessuccessie calls to the
pl aceWheel function, but alsoat eachiterationthe tab-
ulatedwheelprofile valueshave to berotatedaccordingto
the currentaxle orientation. Table 1 givesthe numberof
iterationsthat have beenrequiredfor more than 300,000
callsto thepl aceAxl e function: asonecansee,in more
than90% of the casespnly oneiterationis required. We
thereforechooseto only executea single iterationin the
pl aceAx!| e functionfor eachof thethreeaxles:onaSun
Ultra 10 SparcStationa call to the pl aceRobot func-
tion, which determineghe 5 robot configurationparame-
ters,takeslessthan3ms.



Nb placements
293780
15694
4024
1521
867
547
382
277
197

Nb iterations

OCoOoO~NOOULA, WNPE

Table 1: statisticson the numberof iterationsrequired by the function
pl aceAxl e.

3.3 Experimental validation

To checkthe validity of the robot placementunction, we
madesomeexperimentatrials,in whichtherobotwasman-
ually drivenalonga straightline, roving over rocksof vari-
oussizes(figure9).

Figure9: A predictedplacemenbf theroboton the DEM (left), and the
correspondinglacemenin reality (right).

Figure 10 shavs a comparisorbetweenthe robot con-
figuration anglespredictedby the placementfunction on
the computedDEM andthe anglesmeasurean boardthe
robot: no significantdifferenceganbenoticed.

4 Evaluation of the arcs

Every time the DEM is updatedpur algorithmevaluatesa
setof circle arcsto selecthe“optimal” one.In this section,
we explain how this evaluationis madeon the basisof the
placemenfunction,andthe searchstratgy thatselectghe
arcto execute.

4.1 The"danger” of a placement

Besidegheinternalchassisconfigurationconstraintsl and
2 mentionedabove, we considetwo stability constraint®n
eachof thethreeaxles:

~fmaz < Grmy <O 3
~hmar < rmt < Vmas 4

wherer, m andf respectiely standdor therear middle
andfront axles. The pitch androll anglesy' and¢ for the
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Figure10: Comparisorbetweerthe predictedand measuedangles(in
degrees)asa functionof the curvilinear abscissaon a straighttrajectory.
Fromtopto bottom: oy, 33, ¢m — 7. Theimagesof figure 9 were taken
duringthistrajectory, whenthecorrespondin@bscissavasapproximately

5m.

front andrearaxlesare easily derived from the five angu-
lar valuesthat definethe chassisconfiguratior. Soin total,
a setof 9 boundingconstraintsare considered:ary place-
mentthatviolatesoneof theseconstraintds considereds
notvalid. We considetthattheseconstraintsareall “equiv-
alent”, in the sensehatnoneof themcanbe violated,and
thatthe closeris a valueto abound,the moredangerouss
therobotconfiguration.Theseconstraint@rethereforenor-
malized,andwe endup with thefollowing constraintset:

C={-1.0<c¢ < 1.0}icp,. 9

An otherconstrainthasalsoto be considered:indeed,
thereare alwayssomeunpercered areasin the DEM, es-
pecially behind sharp obstacles(as one can seeon fig-
ure 9, just below the left rearwheel). To considerthis,

2Theconsideratiorof a constrainion the pitch anglefor an axle might
be surprising,but onemustnot forget thatsomeequipmentsare mounted
oneachof theaxles.



the pl aceWheel function returnsa value comprisedin
[0, 1], which indicatesthe proportionof unknown pixelsin
the DEM in theareadefinedby the projectionof thewheel.
We decidedthat this value shouldnot be greaterthan0.5,
and the biggestof the 6 valuesreturnedby a call to the
pl aceRobot functiondefinesatenthconstraint.

Now givena robotposition(z, y, §) on acircle arc, the
robot placementfunction providesthe five corresponding
configurationanglesto which correspona pointin the 9-
dimensionatonstraintspaceafternormalization.Thedan-
gerd of agivenposition(z, y, ) is expressedy:

dz,y,0) = Mmaziepo,... 10)(|ci|)

4.2 The costof amotion

The costof an elementarymotion from the robot position
(z1,y1,061) to (22, y2, 02) integratesthenotionof “danger”
(or risk) presenteébore in thefollowing way:

Cisz = (104 c1 +dc159)Asi 0

where:

e Asy_, isthedistancebetweerthetwo consideregho-
sitions.

¢ ¢; isthecostassociatetb thedangerd;, computedas
follows:

C_{o if di < dmin
17 1.0/(1.0—d;) otherwise
Theintroductionof thethresholdd,,,;, ond is to reduce
the influenceof smallirregularitiesof the terrain: in the
caseof aflat terrainfor instancetherobotis saidto bein a
risk-lessflat configuration,andonly the goal orientationis
consideredo selectthearcto execute.
e anddc_, - is acostassociatedo the internalconfigu-
rationchangebetweerpositionsl and2:

0
661—}2 — { |d2 _ dll

This parametefavorsthetrajectoriesn which therobot
internal configurationdoesnot changetoo much. Again,
the introductionof athreshold),,;, underwhich it hasno
influenceis to getrid of thesmallterrainirregularities.

|f |d2 - d1| < 5min
otherwise

4.3 Search algorithm

Oncethe DEM is updateda setof circle arcsis generated,
andeacharcis discretizednto adiscretesetof robotconfig-
urations(z, y, #), which definesatreestructure Configura-
tionsareregularly spacedandaredefinedup to a maximal
curvilinearabscissan the arcs,which correspondpprox-
imately to twice the distancethat the robotis supposedo
travel until the DEM is updatedagain: this givestherobot

akind of “look aheadbehaior, andavoidstheselectiorof
trajectorieghatgo too closeto obstacles.

Theoptimalcircle arcis determinedhanksto an A* al-
gorithm, in which the heuristicis the distanceof the Dub-
bins path[15] to reachthe goal. The costto go from the
lastconfigurationon a circle arcto thegoalis alsoequalto
the Dubbinsdistance. Thanksto the efficieng/ of the A*
algorithm,only a smallnumberof configurationslongthe
arcsareeffectively evaluatedpractically asetof 40 circles
arcsis consideredandabout20 configurationsaredefined
on eacharcs: mostof thetimesonly a third or a fourth of
this configurationsetis evaluated).

5 Results

Thewholenavigationloop hasbeenintegratedon boardthe
robot Lama,within the LAAS Architecturefor Autonomy
[16]. It proved its efficieng/ on variouskinds of terrains:
figureslland12 presentwo trajectoriesxecutedby Lama
usingthis navigationloop. The meantime requiredto se-
lect an optimal arc at eachstepis approximately300ms:

thereforewe alsousethis algorithmto find motionsoneasy
terrains.

@ Jﬁj

Figure11: Lamafoundits waytrougha narrow corridor: 85iterations
of the navigationloop have beenexecuted the trajectoryis about40m
long. (Live demonstrationn the “Cit &€ del’espace” museunin Toulouse,
Sept.2000).

6 Summary and discussion

We describedan algorithmthat generateglementarymo-
tionson roughterrains,which explicitly takesinto account
thegeometricconstraint®n anarticulatedchassisThe ap-
proachhasbeenintegratedon boardthe robot Lama, and
is very often demonstratedh continuouslyrunningexper
iments, wherethe rover is able to autonomouslyreacha
few tensmetersdistantgoal in initially unknawn terrains.
This functionality is integratedwithin a more global au-
tonomouslong range navigation system,which manages



Figurel2: Lamafounda passto climba 2 metershighhill: 50iterations
of the navigationloop have beenexecuted the trajectoryis about 25m
long. (Trial in our experimentatiorsite).

several terrainmodels,motion modesand localizational-
gorithms[17].

Among the open problemsthat still have to be tack-
led, the consideratiorof realisticdynamicissuesis one of
the mostimportant. Theseissueshave beenmodeledand
consideredn pioneerwork relatedto roughterrainmotion
planning, but their consideratioron boardreal rovers re-
quiresadditionalwork andvalidation,asshowvn by recent
practicalcontritutions[18, 19].
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