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Abstract

Autonomous long range navigation in partially known

planetary-liketerrainis still quite challengingfor roboticists.
Navigating severalhundred®f meterswithoutary operatoiin-

terventionrequiregheability to build variousrepresentationsf

the perceved ervironment,to planandexecutetrajectoriesac-

cordingto thekind of terraintraversedto localizetherobotas
it executedts mission,andto scheduletrigger, controlandin-

terruptthesevariousactiities. In this paperwe briefly describe
somefunctionalitieghatarecurrentlybeingintegratedonboard
the MarsokhodrobotLamaat LAAS/CNRS.We thenfocuson

thenecessityo integratevariousinstance®f theperceptiorand
decisionfunctionalities andonthedifficultiesraisedby thisin-

tegration.

1 Introduction

To foster ambitious exploration missions, future planetary
rovers will have to fulfill tasksdescribedat a high abstrac-
tionlevel,suchas' ‘ reach the top of that hill’’
or ‘‘explore this area’’'. This calls for the ability
to navigate for several hundredsof meters,dealingwith vari-
ousandcomple situationswithout ary operatorintervention.
Suchan ability is still quite an openchallengefor roboticists:
it requiresthe integration and control of a wide variety of au-
tonomougprocessesangingfrom thelowestlevel sernoingsto
the highestlevel decisions consideringime andresourcecon-
straints.

We arecorvincedthatno simpleautonomyconceptanlead
to thedevelopmenbf robotsableto tacklesuchcomples tasks:
we believe in the efficiency of deliberativeapproache#], that
are able to plan and control a big variety of processes.Fol-
lowing sucha paradigmandaccordingo a generakconomyof
meanprinciple,we wanttherobotto adaptits decisionsandbe-
havior to the ervironmentandto the taskit hasto achieve [5].
Thisrequiresthe developmenbf:

¢ Variousmethodgo implementeachof the perceptionde-
cisionandactionfunctionalities adaptedo givencontets;

¢ An architectureghat allows the integration of thesemeth-
ods,in which deliberatve andreactie processesancoexist;

e And of specificdecision-makingprocessesthat dynami-
cally selectthe appropriatedecision perceptiorandactionpro-
cesseamongthe onestherobotis endavedwith.

In this paper we presentthe currentstateof development
of the robot Lama,an experimentalplatformwithin which our
developmentselatedto autonomousong rangenavigationare
integratedandtested We especiallyfocusonthenecessityo in-
tegratevariousimplementationsf eachof the mainfunctional-

itiesrequirecby autonomousavigation(i.e. ervironmentmod-
eling, localization pathandtrajectorygeneration)After abrief

descriptionof Lamaandits equipmentsthe restof the paper
is split in two differentparts: the first onebriefly presentghe
main functionalitiesrequiredby long rangenavigationwe cur-

rently consider(terrainmodeling,pathandtrajectoryplanning,
roverlocalization) while the secondneinsistsontheproblems
raisedby theintegration of thesefunctionalities.

2 Therobot Lama

Lamais a 6-wheelsMarsokhodchassiq10] that hasbeento-
tally equippedatLAAS®. Thechassiss composeaf threepairs
of independentlyriven wheels,mountedon axesthatcanroll
relatively to one anothey thus giving the robot high obstacle
traversabilitycapacitiesLamais 1.20m wide, its lengthvaries
from 1.60m to 2.20m, dependingon the axes configuration
(1.90m on its “nominal” configuration),and weighsapproxi-
mately 160kg. Eachmotor is driven by a seno-controlcard,
andits maximalspeeds 0.17m.s~!. Lamais equippedwith
thefollowing sensors:

e Eachwheelis equippedvith avery high resolutionoptical
encoderallowing fine speeccontrolandodometry;

¢ Five potentiometerprovide the chassisonfiguration;

e A 2 axesinclinometerprovide the robot attitude,a mag-
netic fluxgate compassand a optical fiber gyrometerprovide
therobotorientationandrotationalspeed;

e A first stereobenchis supportedby a pan andtilt unit,
mountedontop of a 1.80m mastrigidly tied to themiddle axis.
This benchhasa horizontalfield of view of approximately60°,
andis mainly dedicatedo goalandlandmarkdracking;

e A secondstereobench, also supportedby a PTU, is
mountedupon the front axis, at a 0.80m elevation. It hasa
horizontalfield of view of approximately90°, andis mainly
dedicatedo terrainmodelingin front of therobot;

o A differentialcarrierphaseGPSreceier is usedo qualify
thelocalizationalgorithms.

All the computingequipments in a VME rack mountedon
the rearaxis of therobot. The rack containsfour CPU'’s (two
PaverPcand two 68040) operatedby the real-time OS Vx-
Works. The68040 arein chageof thedataacquisitiongexcept
the cameraimages)and of the locomotionand PTU control,
whereasall theervironmentmodelingandplanningfunctional-
itiesarerunonthe PowverPcs.

1Lamais ownedby Alcatel Spacdndustriesandis currentlylentto
LAAS
2currentlylentto usby CNES



Figurel: TherobotLamaonour experimentatiorsite

Theterrainon which we testour navigationalgorithmsis ap-
proximately100 meterslong by 50 wide. It containsa big va-
riety of navigationclassestangingfrom flat obstacle-freareas
to roughareasjncludinggentleandsteepslopesrocks,gravel,
treesandbushes.

Part A:
Navigation functionalities

3 Environment modeling

Perceving and modelingthe ervironmentis of coursea key
functionality for the developmentof autonomousavigation.
Environmentmodelsareactuallyrequiredfor several different
functionalities:to plan paths,trajectoriesand perceptiortasks
(sectiord), tolocalizetherobot(sectiornb), andalsoto senothe
executionof trajectories.Aiming at building a “universal”ter
rainmodelthatcontainsall thenecessarinformationsfor these
variousprocessess extremelydifficult, inefficient, and more-
over not really necessarylt is moredirectandeasierto build
differentrepresentationadaptedo their use. The ervironment
modelis thenmulti-layered and heteogen®us andperception
is multi-purpose severalmodelingprocessesoexist in thesys-
tem, eachdedicatedo the building of specificrepresentations.

3.1 Qualitativemodeling

We developeda methodthat producesa descriptionof the ter
rainin termof navigability classeson the basisof sterewision
data[7]. Most of the existing contritutionsto producesimi-
lar terrainmodelscometo a datasegmentatiorprocedurge.g.
[15, 9)), thatproducea binary descriptionof the environment,
in termsof traversableandnon-traversableareas.Our method
is aclassificatiorprocedureghatproduces probabilisticallyla-
beledpolygonalmap. It is anidentificationprocessand does
notrequireary thresholddeterminatior{atediousproblemwith
segmentatioralgorithms).

Ourmethodreliesonaspecificdiscretisatiorof theperceved
area,thatdefinesa cell image The discretisatiorcorresponds
to the centralprojectionon avirtual horizontalgroundof areg-
ular (Cartesianyiscretisatiorin the sensofframe (figure 2). It
“respects’the sensorsharacteristicsthe cell’s resolutionde-
creasesvith the distanceaccordingto the decreasef the data
resolution.

Featuresrecomputedor eachcell, andareusedto labelthe
cells thanksto a supervisedBayesianclassifier: a probability
for eachcell to correspondo a pre-definedraversabilityclass
is estimated.Figure 3 shows a classificatiorresults,with two

Figure2: Discretisationsof a 3D steeoimage.Left: regular Cartesian
discretisationin the sensorframe; right: its projectionon the ground
(theactualdiscretisationis muchfiner)

terrainclassesonsideredflat andobstacle). Thereareseveral
extensiongo themethod:thediscretisatiorcanbe dynamically
controlledto allow afiner descriptionandtheclassificatiorre-
sultscanbe combinedwith a terrain physicalnatureclassifier
using texture or color attributes. One of its greatadvantages
is that thanksto the probabilisticdescription,local mapsper
ceivedfrom differentviewpointscanbevery easilymeigedinto
aglobaldescription.The producederrainmodelcanbe either
usedto generateelementarymotionson ratherobstacle-clear
terrains(sectiord.1),or to reasoratthe pathlevel (sectiord.3).

Figure3: An exampleof classificatiorresult. Fromleft to right: image
of the stereovisionpair, partial probabilitiesof the definedcells to be
anobstaclgrepresentedsgray levels),andreprojectionof thecellsin
the sensofframe,after the applicationof a symmetricdecisionfunction

3.2 Digital elevation map building

Digital elevation maps,i.e. groundelevationscomputedon a
regular Cartesiangrid, are a very commonway to modelthe
environment[11, 2]. Althoughtherehasbeenseveralcontribu-
tionsto thisproblem wethink thatit hasstill notbeenaddressed
in very satisfactoryway: the main difficulty comesfrom the
uncertaintie®n the 3D input data,that canbe fairly well esti-
mated but hardly propagatedhroughouthe computationsnd
representeth thegrid structure.

However, a quiterealisticmodelcanbe easilybuilt by com-
puting the meanelevation of the datapointson the grid cells,
usingonly thepointsthatareprovidedwith precisecoordinates.
With our sterewision algorithmfor instance 3D pointswhose
depthis belov 10m canbeusedto build arealistic0.1 x 0.1m
cell digital elevationmap.Providedtherobotis localizedwith a
precisionof theorderof thecell size,dataacquiredrom several
view-pointscanbe memgedinto a global map (figure 4). This
modelis usedto deteclandmarkgsection3.3) andto generate
elementanfrajectorieqsectiord.2).

3.3 Finding landmarks

An efficientway to localizearover is to rely on particularele-
mentspresentn theervironmentreferredo aslandmarkgsec-
tion 5.3). A pertinentlandmarkfor positionrefinemenshould
have thefollowing properties(i) it mustbe easyto identify, so
thatlandmarkassociatiorn differentimagescanbeperformed;



Figure4: Adigital elevationbuilt by Lamaduringa 20 meterlongrun,
using50 stereovisionpairs. Thedisplayedgrid is 1 x 1m, theactual
mapgridis 0.1 x 0.1m.

(i) it mustbe “geometricallyrich enough”to allow the refine-
mentof all theparametersf theinitial positionestimation{iii)
its perceved geometricattributes must be as stableas possi-
ble, i.e. independento viewpoint changes.The first require-
ment can be relaxed when a sufficiently goodinitial position
estimationis available (which is the casewe considerin sec-
tion 5): matchinglandmarksextractedfrom differentimagesis
thensimply doneby comparingtheir estimatedposition. The
secondpropertycanbe bypassedvhen several landmarksare
perceved. Localpeakssuchasthesummitof obstaclessatisfy
thethird property areoftennumerousn planetary-likeenviron-
mentsand canbe quite easilyextracted:we thereforeoptedto
extractsuchfeaturesaslandmarks.

Variousauthorspresente@®D datasegmentatiorprocedures
to extractsalientobjects.andourfirst attemptaverebasedn a
similarprinciple[3]. However, suchtechniquegfficientonlyin
simplecasesi.e. on scenesveresparseockslie onavery flat
terrain, but ratherfragile on roughor highly clutteredterrains
for instance. To robustly detectsuchlocal peaks,we are cur-
rently investigatinga techniquethat relieson the computation
of similarity scoresbetweena digital elevationmapareaanda
pre-definedD peak-likepattern(a paraboloidfor instance)at
variousscales.Firstresultsareencouragindgfigure 5), andthe
detectedandmarkcould be usedto feeda positionestimation
technique(section5.3).

4 Trajectory generation

Natural terrainsbeing unstructuredspecifictrajectorygener

ation algorithmshave to be developed. A generictrajectory
plannerableto dealwith ary situationshouldtakeinto account
all theconstraintssuchasrover stability, rover body collisions
with the ground,kinematicandevendynamicconstraintsThe
difficulty of the problemcalls for high time-consumingalgo-
rithms, which would actually be quite inefficient in situations
wheremuch simplertechniquesare applicable. We therefore
think it is worth to endav the rover with varioustrajectorygen-
eration algorithms, dedicatedthe kind of terrainto traverse.
Section8 describeshow they are actively triggeredand con-
trolled.

4.1 On easy terrains

On easyterrains,.e. ratherflat andlightly cluttered,deadends
arevery unlikely to occur Therefore the robot canefficiently
move juston a basisof a goalto reach, andof aterrainmodel

3notnecessarilyhedistantglobalgoal,it canbeasub-goaformerly
selected seesectior4.3

Figure5: Landmarkgblad + signs)detectecon the locally built dig-
ital elevationmaps(left), and reprojectedin the cameraframe(right).
Three metersseparatethe two imageacquisitions,and landmarksare
herefrom3 to 10 meterdfar.

thatexhibits non-traversableareasusingtechniqueshatevalu-
ateelementarymotions[7].

To generatemotionsin suchterrains,we usean algorithm
that evaluatescircle arcson the basisof the global qualitatve
probabilisticmodel. Thealgorithmis run every time theterrain
modelis updatedijt consistsn evaluatingtheinterest(in terms
of reachinghegoal)andtherisk (in termsof terraintraversabil-
ity) of asetof circle arcs(figure6). Therisk of anarcis defined
in termsof the probabilityto encounteanobstaclearcswhose
risk is biggerthana choserthresholdarediscardedandthearc
thatmaximizesheinterest/riskratiois chosen.

N

Figure 6: A setof circle arcs to evaluateon the global probabilistic
model(left), and reprojectionof the arcsin the currentcameraview

(right)

4.2 Onrough terrains

Onuneventerrain,thenotionof obstacleclearlydepend®onthe
capacityof thelocomotionsystemto overcometerrainirregu-
larities, and on specificconstraintsactingon the placemenof
therobotover theterrain. Theseconstraintsarethestability and
collision constraintsplus, if the chassids articulated the con-
figuration constraintgfigure 7). To evaluatesuchconstraints,
theprobabilisticqualitatve modelis notanymoresuficient: the
digital elevationmapis required.

We developeda planner{8] thatcomputesnotionsverifying
suchconstraintdy exploring athreedimensionatonfiguration



Figure7: Thechassisnternal configurationrangleschededonthe dig-
ital elevationrmap

spaceCS = (z,y,8) onthedigital elevationmap. This plan-
nerbuilds agraphof discreteconfigurationghatcanbereached
from theinitial position,by applyingsequencsof discretecon-
trols.

It is however quite time-consuming:we thereforeevaluate
elementangtrajectoriesjn away very similar to section4.1. A
setof circle arcsis producedandfor eacharc,adiscretesetof
configurationsareevaluated.Eacharcis thengiven a costthat
integratesthe dangerousness the successie configurationst
contains,the arcto executebeingthe one that maximizesthe
interest/costatio.

Figure8: A trajectoryresultingfrom the applicationof the roughter-
rain local planner(approximately30 cycles)

4.3 Planning paths

Thetwo techniqueslescribedabore only evaluateselementary
local trajectories and arethereforenot ableto efficiently deal
with highly clutteredareasanddead-endsi-or thatpurposewe
usea pathplannerthatreason®n theglobal qualitative model
to find sub-goalsandperceptiortasks[12].

The global qualitatve model,which is built upona bitmap
structurejs sggmentedo producea region map. This mapde-
finesagraph,in which a searchalgorithmprovidesan optimal
pathto reachthe global goal. The“optimality” criteriontakes
herea crucialimportanceit is alinearcombinatiorof time and
enegy consumedweightedby the terrain classto crossand
the confidenceof the terrain labeling Introducingthe label-
ing confidencen thecrossingcostof anarccomeso implicitly
considerthe modeling capabilitiesof the robot: toleratingto
crossobstacleareadabeledwith a low confidenceneansthat
therobotis ableto easilyacquireinformationsonthisarea.The
returnedpathis thenanalyzedo producea sub-goalo reach:
it is thelastnodeof the paththatlies in atraversablearea.

5 Localization

A positionestimatés notonly necessarto build coherenervi-
ronmentmodelsit is alsorequiredto ensurehatthegivenmis-
sionis successfullypeingachieved,or to seno motionsalonga

definedtrajectory Robotself-localizatioris actuallyoneof the
mostimportantissueto tackleautonomousavigation.

The varioustechniquesequiredto computethe robot posi-
tion asit navigatesrangefrom inertial or odometrydatainte-
grationto absolutdocalizationwith respecto aninitial model.
Onecandistinguishvariousalgorithmcategories:(i) motiones-
timationtechniquesthatintegratesdataasa very high paceas
the robot moves (odometry inertial navigation, visual motion
estimation sectionss.1and5.2), (ii) positionrefinementech-
nigues,thatrely on the matchingof landmarkspercevedfrom
differentpositions and(iii) absolutdocalizationwith respecto
aninitial globalmodelof theervironment.All thesealgorithms
arecomplementaryandprovide positionestimateswith differ-
entcharacteristicswe arecorvincedthatanautonomousover
shouldbe endavedwith atleastoneinstanceof eachcategory.

5.1 Odometry on natural terrains

Odometryon naturalterrainss of coursemuchlessprecisehan
on a perfectflat ground,but it canhowever bring someuseful
informations.We use3D odometrywith Lamaby incorporating
theattitudeinformationsprovidedby the 2 axesinclinometef to

thetranslationsneasuredy the centerwheelencodersDueto

skid-steeringthe angularorientationmeasuredy the odome-
tersnotreliable:theinformationprovided by the integrationof

thegyrometeratais muchbetter anddo not drift significantly
beforeafew tensof minutes.

To have a quantitatve ideaof the precisionof odometrywe
gatheredsomestatisticsusinga carrierphaseDGPSasa refer
ence. Figure9 presentsan histogramof the measuredransla-
tion errorsof odometryevery 0.5m. Whatis noticeables the
secondarypeakaroundd.1m, thatappearediuringthetraverse
of agravel area,wheresomelongitudinalandlateralslippages
occurred.

T
Odometry
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Figure 9: Histogramof odometryerrors measued every0.5m steps
during a 50 meterrun with Lama,on variouskindsof ground.

Thesepreliminaryfiguresshowv thatodometrycanhardly be
modeledan estimatorwith Gaussiaruncertaintiessomegross
errorsactuallyoccurquiteoften. We arecurrentlyinvestigating
the possibility to analyzeon line a setof proprioceptve data
in orderto be able to dynamicallyqualify the odometry and
especiallyto detectsucherrors. Thesedataare the 6 wheel
encodersthe measurecturrents,the two attitude parameters
andthefive chassiconfiguratiorparameters.

5.2 Visual motion estimation

We developedan exteroceptve position estimationtechnique
thatis ableto estimatethe 6 parametersf the robotdisplace-
mentsin ary kind of ervironments,provided it is textured

“4aftertheapplicationof a slightsmoothinfilter onits data.



enoughso that pixel-basedstere@ision works well: the pres-
enceof no particularlandmarkis required[13]. Thetechnique
computeghe motionparameterbetweertwo steredframeson
the basisof a setof 3D pointto 3D point matchesgstablished
by trackingthe correspondingixelsin theimagesequenceac-
quiredwhile therobotmoves.

The principle of the approachs extremely simple, but we
paid a lot of attentionto the selectionof the pixel to track: in
orderto avoid wrongcorrespondenasgonemustmakesurethat
they canbe faithfully tracked,andin orderto have a precise
estimationof the motion,onemustchoosepixelswhosecorre-
sponding3D point is known with a goodaccurag. Pixel se-
lectionis donein threesteps:ana priori selectionis doneon
the basisof the stereoimages;an empiricalmodelof the pixel
tracking algorithmis usedto discardthe dubiouspixels dur
ing the tracking phase;andfinally an outlier rejectionis per
formedwhencomputingan estimateof displacemenbetween
two steredframes(a posterioriselection.

Figure10 presents setof positionsvisually estimatedpn a
25m long run. On this run, the algorithmgivestranslationes-
timatesof about4%, anda similar precisionhasbeenobtained
over several experiments,processingseveral hundredsof im-
ages.Work relatedto this algorithmis still underway, andlet
ushopethatit might reacha precisionon translationestimates
of about1%.

Odometry

Figure 10: Comparisonof the positionmeasuedby odometry the vi-
sualmotionestimationestimatorandthereference

5.3 Landmark based localization

Landmark-basedbcalizationalgorithmsrefine both the robot
andlandmarkpositionestimates.Most of the contritutionsto
this problem, often referredto as Simultaneoud.ocalization
andMap Building (SLAM), rely on athe applicationextended
Kalmanfilters. However, we believe that the hypothesese-
quiredto apply thesefiltering techniquegmainly the statisti-
cal assumption®n the landmarkperceptiorand robot motion
errors) are seldomsatisfiedon naturalterrains. For that pur
pose,we are currentlyinvestigatingSet Theoreticapproaches
to tacklethis problem[14]. Within suchanapproachno statis-
tical assumptions madeon the errorsthat affectsthe sensors:
the only hypothesiss thaterrorsareboundedn normby some
quantity Estimatesof the robot and landmarkspositionsare
derivedin termsof feasibleuncertaintysets definedasregions
in which therobotandthe landmarksareguaranteedo lie, ac-
cordingto all theavailableinformations.

Some simulation results using realistic bounds, using the
landmarksdetectionalgorithmspresentedn section3.3 are
promising. Theintegrationof thesealgorithmson boardLama
is currentlyunderway.

Part B: Integration

6 A general architecture for auton-
omy

Our researchgrouphasbeenworking for severalyearson the

definitionanddevelopmenbf agenericsoftwareanddecisional
architecturdor autonomousnachinesWe briefly presentere
the conceptof this architecturethat allows the integration of

both decision-makingandreactie capabilities(a detailedpre-
sentationcanbefoundin [1]). Thisarchitecturéhasbeensuc-
cessfullyinstantiatedn multi-robot cooperationexperiments,
indoor mobile roboticsexperiments and autonomousatellite
simulations[6]. The architecture sketchedn figure 11, con-
tainsthreedifferentlayers:

e Thefunctionallevel includesall the basicrobotactionand
perceptioncapacities. Theseprocessingunctionsand control
loops (image processingpbstacleavoidance,motion control,
etc.) are encapsulateéhto controllablecommunicatingnod-
ules A modulemayreaddataexportedby othermodulesand
outputits own processingesultsin exported datastructures.
The organizationof the modulesis not fixed their interactions
dependnthetaskbeingexecutedandontheernvironmentstate.
Thisis animportantpropertythatenablego achiese aflexible,
reconfigurablerobot behavior. Modulesfit a standardstruc-
ture, and are implementedthanksto a developmenterviron-
ment,Genom

Note thatin orderto makethis level as hardwareindepen-
dentas possible,and henceportablefrom a robot to another
the functionallevel is interfacedwith the sensorsandeffectors
throughalogical robotlevel.

e The Executivecontrols and coordinateghe execution of
the functionsdistributed in the modulesaccordingto the task
requirementslt’s functionis to fill the gapbetweenthe deci-
sion andfunctionallevels decision,i.e. betweenthe slowrate
logical reasoningon symbolicdata,andthe higher bandwidth
computationon numericaldata. It is a purely reactve system,
with no planningcapability It recevesfrom the decisionlevel
the sequencesf actionsto be executed,and selects,parame-
terizesandsynchronizeslynamicallythe adequatéunctionsof
thefunctionallevel.

e Thedecisionlevel includesthe capacitief producingthe
task plansand supervisingtheir execution,while being at the
sametime reactve to eventsfrom the previouslevel. Thislevel
maybedecomposeihto two or morelayers,basednthesame
conceptualdesign,but using different representatiombstrac-
tionsor differentalgorithmictools,andhaving differenttempo-
ral propertiesThis choiceis mainly applicationdependent.

Up to now, all the algorithmsare integratedas moduleson
board Lama, while the executive is simply implementedas
scriptswrittenin Tcl.

7 Integration of concurrent local-
ization algorithms

Someparticularintegrationproblemsarerelatedto the coexis-
tenceof severallocalizationalgorithmsrunningin parallelon
boardtherobot. To tacklethis in a genericandreconfigurable
way, we developeda particularmodulenamedPoM (position
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manager)thatrecevesall the position estimategproduceshy
thelocalizationasinputs,andproduces singleconsistenposi-
tion estimateasanoutput. PoM addressethefollowing issues:

e Sensorsgeometricaldistribution. Therobot’s sensorde-
ing distributed all over the robot, one mustknow their relative
positions,which candynamicallyevolve. Indeed,we wantall
themodulesto begeneric,.e. to handledatawithouthaving to
considerthe positionfrom which it hadbeenacquired.Thisis
particularlytruefor videoimagessinceLamais equippedvith
two orientablesteredbencheswe maywantto switchbenches
whenever required,with the minimal effort. For this purpose,
we developeda framevork named‘InSitu” (internalsituation,
section7.1)whichis partof PoM.

¢ Localizationmodulesasyndronism.Thelocalizationalgo-
rithmshaveindividual time propertiessomeproducea position
estimateat aregular high frequeng, while othersrequiresome
non-constantomputatiortime. To beableto provide a consis-
tentpositionestimateat ary time, the “time-managementpart
of PoM hasbeendeveloped(section7.2).

o FusionofthevariouspositionestimatesThefusionof var
ious positionestimatess off coursea key issuein robotlocal-
ization. Thisis donewithin the“fusion” partof PoM (discussed
in section7.2).

7.1 Internal situation

Someproblemsarisewhenthe sensorof a robot are geomet-
rically distributed. For instance the vision-basedocalization
modulehasto know the orientationof the cameragor eachim-
ageit processeswvhereaghethedigital elevationmapmodule
needgherelatve and/orabsolutgpositionof the 3-D imagesit
is usingin a predefineccoordinatdrame.

Distributing the geometricalinformationsin the modulesis
not satisfying: someinformationsare hard-codedand dupli-
catedwithin the modules,andit complicateshe porting of a
moduleto anotherobotor anothersensorFor thatpurposewe
uselnSitu, a centralizedgeometricaldescriptionof a robot. It
readsaconfiguratiorfile uponstartup andit providestheneces-
saryframecoordinateso ary modulewhentherobotnavigates.
All thedataacquisitionmodulesusethis informationto tagthe

datathey producewith the necessarinformations.

GPS
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PTU
(top)

Camera
(top, right)

Camera
(bottom, left) Mast
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(bottom)
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Front @
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Figure 12: The current geometricalgraph usedon the robot Lama
Rectangulamhoxesare framesconfigurationsthat are exportedin the
system.Thethick box (hamedRobotin the figure) is the mainframe.
Solid lines are links (either rigid or mobile) that are declaredin the
configuratiorfile. Eachmobilelink hasan associatedunctionthatgets
thelink parametersromtheunderlyinghardware,computeshecurrent
transformatiormatrix andsendst badk to PoM.

The configuratiorfile is the textual descriptionof a geomet-
rical graph(figure 12). The nodesof the graphareframesco-
ordinateghatneedgo be exported.They usuallycorrespondo
sensordocationsbut canalsobe a convenientway to split oth-
erwisecomplex links. Thisgraphis theonly robot-specifigart
of PoM.

Thelinks betweerframesareeitherstatic(rigid) or dynamic
(mobile). A staticlink cannotchangeduring executionandis
usuallyrelatedto somemechanicapart of the robot. On the
otherhand,dynamiclinks, thatdepend®n thechassisonfigu-
rationor ona PTU configuratiorfor instanceareupdateccon-
tinuouslyata predefinedrequeng. Updatesaremadepossible
with thedefinition of link specificfunctionsthatgetslinks pa-
rametergrom theunderlyinghardwaresystem .Thesdunctions
aregatheredogetherin alibrary associateavith the configura-
tion file. Last, the configurationfile definesa commonframe
(alsocalledmain frame). To facilitate and homogenizenter
moduledatatransfersthe variousmodulesdataare expressed
in thisframe.

To easedatamanipulationandtransferamongthe modules,
InSitu continuouslyexportsall theframesconfigurationgound
in the configuratiorfile with the structureshowvnin figure 13.

The headerof exporteddatacontainsthreefields: the first
field is the currentPoM-dateexpressedn ticks sinceboot-time.
The next two fields are positions:the Main to Origin transfor
mationis the currentabsolutepositionof the mainframerela-
tive to anabsolutdrame. The Origin frameis usuallythe posi-
tion of therobotatboot-timebut it canbe specifiedarnywhere.
The Main to Basetransformations a relative positionwhich
cannotbe usedassuch. The soleoperationpermittedwith this
frameis thecompositiorwith anothemMain to Basetransforma-
tion (seesection7.2for adetaileddescription) Baseis a virtual
framethatis maintainedandcomputedby PoM.

After the headerthereis a variablenumberof transforma-
tions which are the currentframesconfiguration. They are
namedaccordingto the scheme'Frameto Main” and arethe
transformationmatricesthat map 3-D pointsin the “Framé
frameto 3-D pointsin the“Main” frame.

Every dataacquisitionmodulereadsthe InSitu framewhich
it relatego, andassociat¢o its dataa“tag” structurgfigure14).



Date

Main to Base
Main to Origin

Camera to Main
(top, left)

Camerato Main

~.1 | (top, right)
iRl tSDate \
R Main to Base
GPS to Main B Main to Origin

‘ Frame to Main ‘

Figure 13: Structue exported by Figure 14: Structue for
InSitu. datatagging.

Thanksto this tagging,dataacquisitionmodulesonly have to

know thenameof theframethey areconnectedo, whichcanbe

specifieddynamically Oncetaggingis doneclientsusingsuch
datadonothaveto carefrom wherethedatacomessinceall the

necessargeometricabndtime informationis containedn the

dataitself. Thetagis propagatedilongwith the databetween
modules,thus making intermodule datacommunicationvery

flexible.

7.2 Position management

In additionto internalframesconfigurationsPoM gathershe
variouspositionestimatorpresentn thesystemlt is theplace
wherepositionalinformationis centralizedandmadeavailable
for any modulethatrequireit.

Positionscomputedy thevariouspositionestimatorsreal-
ways producedwith somedelay, that dependn the compu-
tation time requiredto producea particularposition. Thusthe
robothasalwaysto dealwith outdatecpositions.Oneof therole
of PoMis to maintainthetime consisteng betweerthe various
positionestimates.

Internally, thereis onetime chartfor eachpositionestimator
handledy PoM, plusoneparticularchartfor thefusedposition.
The fusedpositionis the resultof the fusion of every position
estimator(seesection?7.2). All chartshave thesameengthand
hold every producedositionssincethe beginning of the chart,
uptothecurrentdate.Lengthis variablebut is computedsothat
we alwayshave atleasttwo positionsof every motionestimator
(figure15).

PoM periodically polls every positionestimatorand look if
a positionhave beenupdated Whena new positionis found, it
is storedin the chartof the correspondingnotion estimator at
dateits correspondinglate (“updates”arraws in figure 15). If
thechartis notlong enoughto storeatooold date,it is enlaged
asneeded.Onceevery motion estimatorhasbeenpolled, ev-
ery fusedpositionfrom the oldestupdateto the currenttime is
markedfor re-estimation.

Properlyspeakingno datafusionalgorithmis currentlyim-
plementedwithin PoM: given the individual position estima-
tor characteristicaye indeedconsiderthata consistencghed
(fault detectionhasto be performedormerlyto ary fusion.Up
to now, anestimateselectioris performedon thebasisof acon-
fidence(realvaluebetweerd.0 and1.0, 1.0 beingthe best)that
is hard-codedor eachpositionestimator

Oncethe currentbestpositionis computed PoM storesit in
thefusiontime chart(figure 15). Theimportantthing to noteis
thatwe cannotsimply storethe new positionassuchbecausé

Updates

ts
GPS

Odometry

Landmarks —‘—%—ﬁ—%%%
Fuson —@&—0—@—0— 0 ¢ & =

' ' ' ' ' ' ; time
[<—— historylength ——

Now

Figure15: Time managemerdndinternal representatiorof motiones-
timatorsin PoM. Position estimatorsshownhere are only examples.
Bladk dotsshow previouslystored positions. Dasheddots shownew
upcomingpositions.

might be very differentfrom the previous position. Sincesome
modulemay usethe robot position continuously(suchas ser

voing on a computedrajectoryfor instance)yirtual jumpsare
not permitted. This is why we defineda reference positiones-
timator, anda virtual frame namedBase The fusedposition
computedby PoM is the Robotto Origin position. This one
is exportedassuchandusedby modulesthatrequiresabsolute
position. The secondxportedposition,Robotto Baseit the po-

sition of the referenceestimatorand canonly be usedlocally,

i.e. to computeadeltaposition.PoMcomputes Baseto Origin

transformatiorfor every positionestimatofoundin thesystem.
This transformatioris anindicatorof the drift of eachposition
estimator

8 Navigation strategies

The integration of the variousalgorithmspresentedn the first
part of the paperrequiresspecificdecisionalabilities, that are
currentlyinstantiateasTcl scripts. Thefollowing simplestrat-
egy is currentlyapplied: the threeernvironmentmodels(qual-
itative map, digital map andlandmarkmap) are continuously
updatedevery time new dataare gathered and the two inte-
gratedlocalizationalgorithms(odometryandvisualmotion es-
timate) are also continuouslyrunning. The selectionof the
trajectorygeneratioralgorithmis thefollowing: givenaglobal
goalto reach the easyterrainalgorithm,which requiresnegli-
gible CPUtime, is applieduntil no feasiblearcscanbe found.
In suchcasestheroughterrainalgorithmis applied. It is run
until eithertheeasyterrainalgorithmsucceedagain,or until no
feasiblearcsarefoundin thedigital map.In thelattercase(that
canbe assimilatedo a deadend),the pathplanningalgorithm
is run, to selecta sub-goalo reach.Thewhole stratgy is then
appliedto reachthe sub-goalandsoon.

9 Conclusion

We insistedon the fact that to efficiently achieve autonomous
long rangenavigation, variousalgorithmshave to be developed
for eachof the basicnavigation functions(ervironmentmod-

eling, localizationand motion generation). Sucha paradigm
eventually leadsto the developmentof a comple integrated

system thusrequiringthe developmentof integrationtools, at

boththefunctionalanddecisionalevels. We arecorvincedthat

suchtoolsarethekey to implementefficient autonomyon large

time andspaceranges.

Slandmark-baselbcalizationintegrationis underway, butis should
alsobe continuouslyrun, while activelycontrollingthe imageacquisi-
tion.



Thereare however several openissues. Among these,we
believe thatthe mostimportantoneis still localization.In par
ticular, the systemmustberobustto extremelylarge uncertain-
ties on the position estimatesthat will eventually occur: this
requiresthe developmentof landmarkrecognitionabilities to
tacklethe dataassociatiorproblem,andalsothe development
of terrainmodelstructureghattoleratelarge distortions. Note
thatbothproblemsshouldbenefitfrom the availability of anini-
tial terrainmap, suchas provided by an orbiter, whosespatial
consisteng is ensured.Indeed the developmentof algorithms
that matchedocally build terrain modelswith suchan initial
mapwould guaranteévoundson the error of the positionesti-
mates.
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