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Abstract

Autonomous long range navigation in partially known
planetary-lile terrainis on openchallengefor robotics. Nav-
igatingseveralhundredof meterswithoutary humaninterven-
tion requiregherobotto beableto build variousrepresentations
of its environment,to planandexecutetrajectoriesaccordingo
the kind of terraintraversed,to localizeitself asit moves,and
to schedulestart,controlandinterruptthesevariousactuities.
In this paper we briefly describesomefunctionalitiesthat are
currentlybeingintegratedon boardthe Marsokhodmodelrobot
Lamaat LAAS/CNRS. We thenfocuson the necessityto inte-
gratevariousinstance®f the perceptioranddecisionfunction-
alities,andon the difficultiesraisedby this integration.

1 Introduction

To foster ambitious exploration missions, future planetary
rovers will have to fulfill tasksdescribedat a high abstrac-
tion level, suchas' ‘ reach the top of that hill’’
or'‘explore this area’’ . Thiscallsfor the ability to
navigate for several hundredsof meters,dealingwith various
andcomple situationswithoutary operatoiintervention. Such
an ability is still quite an openchallenge:it requiresthe inte-
gration andcontrol of awide variety of autonomougrocesses,
rangingfrom the lowestlevel senoingsto the highestlevel de-
cisions,consideringime andresourceconstraints.

We arecorvincedthatno simpleautonomyconceptcanlead
to the developmentof robotsableto tacklesuchcomplex tasks:
we believe in the efficiengy of deliberative approachefl], that
areableto plan andcontrol a variety of processesFollowing
sucha paradigmandaccordingto a generaleconomyof means
principle, we want the robot to autonomouslyadaptits deci-
sionsandbehaior to the ervironmentandto the taskit hasto
achieve [5]. Thisrequireshedevelopmentof:

e Variousmethodsto implementeachof the perceptionde-
cisionandactionfunctionalities,adaptedo given contets;

e An architectureghatallowsfortheintegrationof thesemeth-
ods,in which deliberatve andreactve processesancoexist;

e Specificdecision-makingorocessesthat dynamicallyse-
lect the appropriatedecision,perceptionand action processes
amongthe onestherobotis endaved with.

In this paper we presentthe currentstateof development
of therobot Lama, an experimentalplatform within which our
developmentgelatedto autonomousong rangenavigationare
integratedandtested We especiallyfocusonthenecessityoin-
tegratevariousimplementation®f eachof the mainfunctional-
itiesrequiredby autonomousavigation(i.e. environmentmod-
eling, localization pathandtrajectorygeneration) After a brief
descriptionof Lamaandits equipmentthe restof the paperis
split in two parts: thefirst part briefly presentghe main func-
tionalitiesrequiredby long rangenavigation we currentlycon-

sider (terrainmodeling,pathandtrajectoryplanning,rover lo-
calization),while the secondpartinsistson the problemsraised
by theintegration of thesefunctionalities.

2 TheRobot Lama

Lamais a6-wheeldMarsokhodmodelchassi§10] thathasbeen
totally equippedat LAAS?. The chassisis composedbf three
pairsof independentlgrivenwheels,mountedon axesthatcan
roll relatively to oneanotheythusgiving the robot high obsta-
cle traversability capacities. Lamais 1.20m wide, its length
variesfrom 1.60m to 2.20m, dependingon the axes configu-
ration (1.90m in its “nominal” configuration),and weighsap-
proximately 160kg. Eachmotor is driven by a seno-control
board,andits maximalspeeds 0.17m.s™*. Lamais equipped
with thefollowing sensors:

e Eachwheelis equippedwith a high resolutionoptical en-
coder allowing fine speeccontrolandodometry;

e Five potentiometerprovide the chassiconfiguration;

e A 2 axesinclinometerprovidesrobotattitude,a magnetic
fluxgate compassand a optical fiber gyrometerprovide robot
orientationandrotationalspeed;

o A first steredbenchontop of apanandtilt unit,is mounted
onal.80m mastrigidly tiedto the middleaxis. Thisbenchhas
a horizontalfield of view of approximately60°, andis mainly
dedicatedo goalandlandmarkgracking;

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;

« A differentialcarrierphaseGPSreceier is usedto qualify
thelocalizationalgorithms.

All the computingequipmentis in a VME rack mountedon
the rearaxis of the robot. The rack containsfour CPU’s (two
PawerPcand two 68040) operatedby the real-time OS Vx-
Works. The68040 arein chageof thedataacquisitiongexcept
the cameraimages)and of the locomotionand PTU control,
whereasll theenvironmentmodelingandplanningfunctional-
itiesarerunonthe PoverPcs.

Theterrainon whichwe testthe navigationalgorithmsis ap-
proximately100 meterslong by 50 wide. It containsa variety
of terraintypes,rangingfrom flat obstacle-freereasto rough
areasjncludinggentleandsteepslopesyocks,gravel, treesand
bushes.

Part A:
Navigation functionalities

1Lamais currentlylentto LAAS by Alcatel Spacendustries.
Zcurrentlylentto LAAS by CNES.




Figurel: TherobotLamaontheexperimentatiorsite

3 Environment Modeling

Perceving andmodelingthe ervironmentis of courseakey ca-
pacity for the developmentof autonomousavigation. Envi-

ronmentmodelsareactuallyrequiredfor severaldifferentfunc-
tionalities: to planpaths trajectoriesandperceptiortasks(sec-
tion 4), to localizethe robot (section5), andalsoto seno the
executionof trajectories.Thereis no “universal”terrainmodel
that containsall the necessarynformationsfor thesevarious
processes.It is more direct and easierto build differentrep-
resentationsadaptedto their use. The ervironmentmodelis
thenmulti-layeled and hetengeneousand perceptionis multi-
purpose severalmodelingprocessesoexist in thesystemgach
dedicatedo thebuilding of specificrepresentations.

3.1 Qualitative M odel

We developeda methodthat producesa descriptionof the ter-
rain in termof navigability classeson the basisof sterew@ision
data[7]. Most of the existing contributionsto producesimi-
lar terrainmodelscometo a datasegmentationprocedure(e.g.
[15, 9]), that producea binary descriptionof the environment,
in termsof traversableand non-traversableareas.Our method
is aclassificatiorprocedurehatproduces probabilisticallyla-
beled polygonalmap, closeto an occupang grid representa-
tion. It is anidentification process.and doesnot requireary
thresholddetermination(a tediousproblemwith segmentation
algorithms).

Ourmethodreliesonaspecificdiscretisatiorof theperceved
area,thatdefinesa cell image. The discretisatiorcorresponds
to the centralprojectionon avirtual horizontalgroundof areg-
ular (Cartesianyiscretisatiorin the sensorframe (figure 2). It
“respects”the sensorscharacteristicsthe cell’s resolutionde-
creasewith the distanceaccordingto the decreas®f the data
resolution.

Figure?2: Discretisationof a 3D steleoimage. Left: regular Cartesian
discretisationin the sensorframe; right: its projectionon the ground
(theactualdiscretisationis mud finer)

Featuresrecomputedor eachcell, andareusedto labelthe
cells thanksto a supervisedBayesianclassifier: a probability

for eachcell to correspondo a pre-definedraversabilityclass
is estimated.Figure 3 shaws a classificationresults,with two
terrainclassexonsideredflat andobstacle).Thereareseveral
extensiongo themethod:thediscretisatiorcanbe dynamically
controlledto allow afiner descriptionandthe classificatiorre-
sultscanbe combinedwith a terrain physicalnatureclassifier
using texture or color attributes. One of its greatadwantages
is that thanksto the probabilisticdescription,local mapsper
ceivedfrom differentviewpointscanbevery easilymemgedinto
a globaldescription.The producederrainmodelcanbe either
usedto generateelementarymotionson ratherobstacle-clear
terrains(sectiond.1),or to reasoratthe pathlevel (sectiord.3).

Figure3: Anexampleof classificationresult. Fromleft to right: image
from steeo, partial probabilities of the cells to be an obstacle(repre-
sentedasgray levels),andrepiojectionof thecellsin thesensorframe
afterthe applicationof a symmetriaecisionfunction

3.2 Digital Elevation Map

Digital elevation maps,i.e. groundelevationscomputedon a
regular Cartesiargrid, area very commonway to modelrough
terrains[11, 2]. Althoughtherehasbeenseveral contritutions
to this problem, we think that it hasstill not beenaddressed
in very satishctory way: the main difficulty comesfrom the
uncertaintieon the 3D input data,that canbe fairly well esti-
mated but hardly propagatedhroughouthe computationsand
representech thegrid structure.

However, a quite realisticmodelcanbe 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  0.1m
cell digital elevation map. Provided the robotis localizedwith
aprecisionof theorderof the cell size,dataacquiredfrom sev-
eral view-points can be memged into a global map (figure 4).
This modelis thenusedto deteclandmarkgsection3.3)andto
generatelementarytrajectorieqsection4.2).

Figure4: A digital elevationmapbuilt by Lamaduring a 20 meterrun
using 50 stereovision pairs. Thedisplayedgrid is , theactual
mapgrid is .



3.3 Finding Landmarks

An efficientway to localizearover is to rely on particularele-
mentspresentn theervironment referredto aslandmarkgsec-
tion 5.3). A landmarkshouldhave the following properties:(i)
it mustbe easyto identify, sothatlandmarkassociatiorin dif-
ferentimagescanbe performed;(ii) it mustbe “geometrically
rich enough”to allow the refinementof all the parameterof
an initial position estimation;(iii) its perceved geometricat-
tributesmustbe asstableaspossiblej.e. independento view-
point changes. The first requirementcan be relaxed when a
sufficiently goodinitial positionestimationis available (which
is the casewe considerin section5): matchinglandmarksex-
tractedfrom differentimagess thensimply doneby comparing
their estimatedposition. The secondpropertycanbe bypassed
when several landmarksare perceved. Local peaks,suchas
the summitof obstaclessatisfythethird property areoftennu-
merousin planetary-lile ervironmentsand canbe quite easily
extracted:we thereforedecidedo extractsuchfeaturesasland-
marks.

Several authorspresenteD datasegmentationprocedures
to extract salientobjects,andour first attemptswere basedon
a similar principle [3]. However, suchtechniquesreefficient
only in simplecasesj.e. in scenesveresparserockslie on a
very flat terrain,but ratherfragile on roughor highly cluttered
terrainsfor instance. To robustly detectsuchlocal peaks,we
are currently investigatinga techniquethat relies on the com-
putation of similarity scoresbetweena digital elevation map
areaand a pre-defined3D peak-like pattern(a paraboloidfor
instance) at variousscales. First resultsare encouragingd(fig-
ure5), andthe detectedandmarkcould be usedto feeda posi-
tion estimationtechniquesection5.3).

+
+

Figure5: Landmarkg(bladk + signs)detectedcbn the locally built dig-
ital elevation maps(left), andreprojectedin the camer frame(right).
Three metes sepaate the two image acquisitions,and landmarksare
from3to 10 metes away

4 Trajectory generation

Natural terrainsbeing unstructured specific trajectory gener
ation algorithmshave to be developed. A generictrajectory
plannerableto dealwith ary situationshouldtake into account
all the constraintssuchasrover stability, rover body collisions
with the ground,kinematicandeven dynamicconstraints.The
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 various trajectory
generatioralgorithms,dedicatedhekind of terrainto traverse.
Section8 describesion they areactively startecandcontrolled.

4.1 Oneasyterrains

On easyterrains,i.e. ratherflat andlightly cluttered dead-ends
arevery unlikely to occur Therefore the robot canefficiently
move just on a basisof a goalto reacH, andof aterrainmodel
thatexhibits non-traversableareasusingtechniqueshatevalu-
ateelementarymotions[7].

To generatanotionsin suchterrains,we use an algorithm
that evaluatescircle arcson the basisof the global qualitative
probabilisticmodel. Every cycle, thealgorithmis runonanup-
datedterrain model. It consistsin evaluatingthe interest(in
terms of reachingthe goal) and the risk (in termsof terrain
traversability)of asetof circle arcs(figure6). Therisk of anarc
is definedin termsof the probability to encountean obstacle;
arcswhoserisk is biggerthana choserthresholdarediscarded,
andthearcthatmaximizesheinterest/riskratio is chosen.

Figure 6: A setof circle arcs to evaluate on the global probabilistic
model(left), and repmwjection of the arcs in the current camer view
(right)

4.2 Onrough terrains

Onunerenterrain,thenotionof obstacleclearlydependsnthe

capacityof the locomotionsystemto overcometerrainirregu-

larities, and on specificconstraintsacting on the placemenbf

therobotovertheterrain. Theseconstraintsarethe stability and

collision constraintsplus, if the chassigs articulated the con-

figuration constraintgfigure 7). To evaluatesuchconstraints,
theprobabilisticqualitatve modelis notanymoresuficient: the

digital elevationmapis required.

Figure7: Thechassisnternal configuation angleschededonthedig-
ital elevationmap

We developeda planner{8] thatcomputesnotionsverifying
suchconstraintdy exploring athreedimensionatonfiguration
space onthedigital elevation map. This plan-
nerbuilds agraphof discreteconfigurationghatcanbereached
from theinitial position,by applyingsequencesf discretecon-
trols.

3notnecessarilyhedistantglobalgoal,it canbeaformerly selected
sub-goal seesection4.3



It is however quite time-consuming:we thereforeevaluate
elementantrajectoriesjn a way very similar to section4.1. A
setof circle arcsis producedandfor eacharc,a discretesetof
configurationsaareevaluated.Eacharcis thengivena costthat
integratesthe dangerousnessf the successie configurationst
contains,the arc to executebeingthe one that maximizesthe
interest/costatio.

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

4.3 Planning Paths

The two techniquesiescribedabore only evaluateelementary
local trajectories and arethereforenot ableto efficiently deal
with highly clutteredareasanddead-endskor thatpurposewe
usea path plannerthatreason®on the global qualitatve model
to find sub-goalsaandperceptiortasks[12].

The global qualitatve model, which is built upona bitmap
structure s sgmentedo producea region map. This mapde-
finesa graph,in which a searchalgorithmprovidesan optimal
pathto reachthe global goal. The “optimality” criteriontakes
herea crucialimportanceit is alinearcombinationof timeand
consumedenegy, weightedby the terrain classto crossand
the confidenceof theterrain labeling Introducingthelabeling
confidencan the crossingcostof anarc amountsto implicitly
considerthe modeling capabilitiesof the robot: toleratingto
crossobstacleareadabeledwith alow confidencemeansthat
therobotis ableto easilyacquireinformationsonthisarea.The
returnedpathis thenanalyzedto producea sub-goalto reach:
it is thelastnodeof the paththatliesin atraversablearea.

Figure9: A resultof the navigationplanneron the qualitative model:
the resultof the analysisof the shortestpath found can be interpreted
astheanswerto the question‘what areashouldbe perceivedto reah
thegoal ?”

5 Localization

A positionestimatds notonly necessaryo build coherenenvi-
ronmentmodelsit is alsorequiredto ensurehatthe givenmis-
sionis successfullypeingachieved,or to seno motionsalonga

definedtrajectory Robotself-localizationis actuallyoneof the
mostimportantissueto tacklein autonomousavigation.

The varioustechniquegequiredto computethe robot’s po-
sition asit navigatesrangefrom inertial or odometrydatainte-
grationto absolutdocalizationwith respecto aninitial model.
Onecandistinguishvariousalgorithmcategories: (i) motiones-
timation techniquesthat integratedataat a very high paceas
the robot moves (odometry inertial navigation, visual motion
estimation sectionss.1and5.2), (i) positionrefinementech-
nigues,thatrely on the matchingof landmarksperceved from
differentpositionsand(iii) absolutdocalizationwith respecto
aninitial globalmodelof theenvironment.All thesealgorithms
arecomplementaryandprovide positionestimatewith differ-
entcharacteristicswe arecorvincedthatan autonomousover
shouldbe endavedwith atleastoneinstanceof eachcategory.

5.1 Odometry on Natural Terrain

Odometryonnaturalterrainsis of coursemuchlessprecisethan
on a perfectflat ground,but it canhowever bring someuseful
informations. We use3D odometrywith Lamaby incorporat-
ing the attitudeinformationsprovided by the 2 axesinclinome-
ter* to the translationameasuredy the encoderf the central
wheels.Dueto skid-steeringthe angularorientationmeasured
by the odometerss not reliable: the information provided by
theintegrationof the gyrometeratais muchbetter anddo not
drift significantlybeforea few tensof minutes.

To have a quantitatve ideaof the precisionof odometry we
gatheredsomestatisticsusinga carrierphaseDGPSasa refer
ence.Figure10 presentsan histogramof the measuredransla-
tion errorsof odometryevery 0.5m. Whatis noticeableis the
secondarypeakaround0.1m, thatappearediuringthetraverse
of agravel area,wheresomelongitudinalandlateralslippages
occurred.

)
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Figure 10: Histogram of odometryerrors measued every steps

during a 50 meterrun with Lamaon variouskindsof ground.

Thesepreliminaryfiguresshav thatodometrycanhardly be
modeledan estimatowith Gaussiaruncertaintiessomegross
errors actuallyoccurquite often. We arecurrentlyinvestigating
the possibility to analyzeon line a setof proprioceptie data
in orderto be ableto dynamically qualify the odometry and
especiallyto detectsucherrors. Thesedataare the 6 wheel
encodersthe measurecturrents,the two attitude parameters
andthefive chassiconfigurationparameters.

5.2 Visual motion estimation

We developedan exteroceptie position estimationtechnique
thatis ableto estimatethe 6 parameter®f the robot displace-
mentsin ary kind of ervironments, provided it is textured
enoughso that pixel-basedstere@ision works well: the pres-
enceof no particularlandmarkis required[13]. Thetechnique
computeghe motion parameterdetweerntwo steredframeson

“4afterthe applicationof a slight smoothingfilter onits data.



the basisof a setof 3D pointto 3D point matchesgstablished
by trackingthe correspondingixelsin theimagesequencec-
quiredwhile therobotmoves.

The principle of the approachis extremely simple, but we
paid a lot of attentionto the selectionof the pixel to track: in
orderto avoid wrongcorrespondencesnemustmake surethat
they canbe faithfully tracked, andin orderto have a precise
estimationof the motion, one must choosepixels whosecor
responding3D pointsare knowvn with a goodaccurag. Pixel
selectionis donein threesteps: an a priori selectionis done
on the basisof the stereoimages;an empirical model of the
pixel tracking algorithmis usedto discardthe dubiouspixels
duringthetrackingphaseandfinally anoutlier rejectionis per
formedwhen computingan estimateof displacemenbetween
two steredframes(a posterioriselection).

Figurell presents setof positionsvisually estimatedpn a
25m run. Onthis run, the algorithmgivestranslationestimates
of about4 . Similar precisionhasbeenobtainedover several
experiments processingeveral hundredf images.Work re-
latedto this algorithmis still underway; with the goalof reach-
ing a precisionon translationestimate®f aboutl

Figure 11: Comparisonof the position measued by odometry the vi-
sualmotionestimationestimatorandthe DGPSrefeence

5.3 Landmark Based Localization

We are currently investigating Set Theoretic approachedor
landmark-basedocalization[14]. No statisticalassumptions
aremadeon thesensoterrors:theonly hypothesigs thaterrors
areboundedn norm. Estimatesf therobotandlandmarkspo-
sitionsarederivedin termsof feasibleuncertaintysets defined
asregionsin which therobotandthelandmarksareguaranteed
to lie, accordingto all theavailableinformations.

Some simulation results using realistic bounds, using the
landmarksdetectionalgorithms presentedn section 3.3 are
promising. Theintegrationof thesealgorithmson boardLama
is currentlyunderway.

Part B: Integration

6 A general architecture for auton-
omy

Our researctgrouphasbeenworking for several yearson the
definitionanddevelopmenbf agenericsoftwareanddecisional
architecturefor autonomousnachinesWe briefly presenthere
the conceptsof this architecturethat allows the integration of

both decision-makingandreactve capabilities(a detailedpre-
sentationcanbe foundin [1]). This architecturehasbeensuc-
cessfullyinstantiatedin multi-robot cooperationexperiments,
indoor mobile roboticsexperiments,and autonomoussatellite
simulations[6]. The architecture sketchedin figure 12, con-
tainsthreedifferentlayers:

e Thefunctionallevelincludesall the basicrobotactionand
perceptioncapacities. Theseprocessingunctionsand control
loops (image processingpbstacleavoidance,motion control,
etc.) areencapsulatedéhto controllablecommunicatingmod-
ules A modulemayreaddataexportedby othermodules,and
outputits own processingesultsin exporteddatastructures.
The organizationof the modulesis not fixed their interactions
dependnthetaskbeingexecutedandontheenvironmentstate.
Thisis animportantpropertythatenablego achieve aflexible,
reconfigurablerobot behaior. Modulesfit a standardstruc-
ture, and are implementedthanksto a developmenterviron-
ment,Genom

Note thatin orderto male this level ashardware indepen-
dentas possible,and henceportablefrom a robot to another
the functionallevel is interfacedwith the sensorsandeffectors
throughalogical robotlevel.

e The Executivecontrols and coordinateshe execution of
the functionsdistributedin the modulesaccordingto the task
requirements.It’'s functionis to fill the gapbetweenthe deci-
sion andfunctionallevels decision,i.e. betweerthe slowrate
logical reasoningon symbolicdata,and the 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 adequatdéunctionsof
thefunctionallevel.

e Thedecisionlevelincludesthe capacitiesof producingthe
task plansand supervisingtheir execution,while being at the
sametime reactve to eventsfrom the previouslevel. This level
maybedecomposehto two or morelayers,basednthesame
conceptualdesign,but using different representatiorabstrac-
tionsor differentalgorithmictools,andhaving differenttempo-
ral properties.This choiceis mainly applicationdependent.

OPERATOR

mission : | reports
I

Y 5
10s Plan Supervisor Mission
Planner
Task
Refinment
Executive |

requesy I \‘epons
7> \ X

odules modelling
reflex actions

monitoring

servo-control
. . D o

|
perception '[ ‘ control

Decisional

Level

—
1s Task Supervisor

requests § [ state

01s

Execution
Control Level

Fonctional
Level

Sensor and Effector Interface |

I L 1 1]

[ 1 ] | 1 ] |
o :
proximetric proprioceptive exteroceptiv
Comruncation sensors sensors sensors

Logical
System

Physical
System

effectors

ENVIRONMENT

Figure12: LAASarchitectue for robotautonomy

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

Someparticularintegration problemsarerelatedto the coexis-
tenceof several localizationalgorithmsrunningin parallelon
boardthe robot. To tacklethis in a genericandreconfigurable
way, we developeda particularmodule namedPoM (position
manager)thatrecevesall the position estimategproducedby
thelocalizationasinputs,andproducesa singleconsistenposi-
tion estimateasanoutput. PoM addressethefollowing issues:

e Sensorgeometricaldistribution. The sensorsbeing dis-
tributed all over the robot, one mustknow their relative posi-
tions, which candynamicallychange.Indeed,we wantall the
modulesto be generic,i.e. to handledatawithout having to
considerthe positionfrom which it hadbeenacquired.Thisis
particularlytruefor videoimagessinceLamais equippedwith
two orientablesteredbencheswe maywantto switchbenches
wheneer required,with the minimal effort. For this purpose,
we developeda framevork named‘InSitu” (internalsituation,
section7.1)whichis partof PoM.

o Localizationmodulesasyntironism.Thelocalizationalgo-
rithmshave individualtime properties:someproducea position
estimateat a regularhigh frequeng, while othersrequiresome
non-constantomputatiortime. To beableto provide a consis-
tentpositionestimateat ary time, the “time-managementpart
of PoM hasbheendeveloped(section7.2).

e FusionofthevariouspositionestimatesThefusionof var
ious positionestimatess a key issuein robotlocalization.This
is donewithin the “fusion” part of PoM (discussedn section
7.2).

7.1 Internal situation

Someproblemsarisewhenthe sensorof a robot aregeomet-
rically distributed. For instance the vision-basedocalization
module hasto know the orientationof the camerasfor each
imageit processeswhereashe digital elevation map module
needghe relative and/orabsolutepositionof the 3-D imagesit
is usingin a predefineccoordinaterame.

Distributing the geometricainformationsin the modulesis
not satisfying: someinformationsare hard-codedand dupli-
catedwithin the modules,andit complicatesthe porting of a
moduleto anotherobotor anothersensaor For thatpurposewe
uselnSitu, a centralizedgeometricaldescriptionof a robot. It
readsaconfiguratiorfile uponstartup andit providestheneces-
saryframecoordinateso ary modulewhentherobotnavigates.
All thedataacquisitionmodulesusethis informationto tagthe
datathey producewith the necessarinformations.

The configuratiorfile is the textual descriptionof ageomet-
rical graph(figure 13). The nodesof the graphareframesco-
ordinateghatneedso be exported.They usuallycorrespondo
sensorgocationsbut canalsobe a convenientway to split oth-
erwisecomple links. This graphis theonly robot-specifigart
of PoM.

Thelinks betweerframesareeitherstatic (rigid) or dynamic
(mobile). A staticlink cannotchangeduring executionandis
usually relatedto somemechanicapart of the robot. On the
otherhand,dynamiclinks, thatdependon the chassisconfigu-
rationor on a PTU configurationfor instanceareupdatedcon-
tinuouslyat a predefinedrequeny. Updatesaremadepossible
with the definition of link specificfunctionsthat get links pa-
rametergrom theunderlyinghardwaresystem.Thesegunctions
aregroupedtogetheiin alibrary associatedvith the configura-
tion file. Last, the configurationfile definesa commonframe
(also called main frame). To facilitate and homogenizenter-
moduledatatransfersthe variousmodulesdataare expressed
in thisframe.

To easedatamanipulationandtransferamongthe modules,
InSitu continuouslyexportsall the framesconfigurationgound
in the configuratiorfile with the structureshawvn in figure 14.
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Figure 13: The geometricalgraph usedon the robot Lama Rectan-
gular boxesare framesconfiguationsthat are exportedin the system.
Thethick box (Robotin the figure) is the main frame Solid lines are
links (eitherrigid or mobile)that are declaedin the configuation file.
Ead mobilelink hasan associatedunctionthat getsthelink parame-
tersfromtheunderlyinghardware, computeshecurrenttransformation
matrix and sendst bad to PoM.

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 therobotat boot-timebut it canbe specifiedarnywhere.
The Main to Basetransformationis a relative position which
cannotbe usedassuch. The sole operationpermittedwith this
frameis thecompositiorwith anotheiMain to Basetransforma-
tion (seesection?7.2for adetaileddescription).Baseis avirtual
framethatis maintainedandcomputedoy PoM.

\ Date \

Main to Base
Main to Origin

Camera to Main
(top, left)

Camera to Main
-1 (top, right)

~-Z 7 T
. T~ =1

tsDate \

B Main to Base
GPS t6 Main ) Main to Origin

\ Frame to Main \

Figure 14: Structue exported by Figure 15: Structue for
InSitu. datatagging.

After the headerthereis a variablenumberof transforma-
tions which are the current frames configuration. They are
namedaccordingto the scheme'Frameto Main” andarethe
transformationmatricesthat map 3-D pointsin the “Framée
frameto 3-D pointsin the“Main” frame.

Every dataacquisitionmodulereadsthe InSitu framewhich
it relatego, andassociatéo its dataa“tag” structurg(figure15).
Thanksto this tagging, dataacquisitionmodulesonly have to
know thenameof theframethey areconnectedo, which canbe
specifieddynamically Oncetaggingis done,clientsusingsuch



datado nothave to carefrom wherethedatacomessinceall the
necessargeometricaandtime informationis containedn the
dataitself. Thetagis propagatedglongwith the databetween
modules,thus making intermoduledatacommunicationvery
flexible.

7.2 Position Management

In additionto internalframe configurations PoM collectsthe
variouspositionestimatorgpresentn thesystem t is theplace
wherepositionalinformationis centralizedandmadeavailable
for ary modulethatrequireit.

Positionscomputedy thevariouspositionestimatorsareal-
ways producedwith somedelay that dependson the compu-
tation time requiredto producea particularposition. Thusthe
robothasalwaysto dealwith outdatecpositions.Oneof therole
of PoMis to maintainthetime consisteng betweerthevarious
positionestimates.

Internally, thereis onetime chartfor eachpositionestimator
handledby PoM, plusoneparticularchartfor thefusedposition.
The fusedpositionis the resultof the fusion of every position
estimator(seesection?.2). All chartshave thesameengthand
hold every producedpositionssincethe beginning of the chart,
upto thecurrentdate.Lengthis variablebut is computedsothat
we alwayshave atleasttwo positionsof every motionestimator
(figure 16).

PoM periodically polls every positionestimatorandlook if
apositionhave beenupdated Whena new positionis found, it
is storedin the chartof the correspondingnotion estimator at
dateits correspondinglate (“updates”arraws in figure 16). If
thechartis notlong enoughto storeatooold date,it is enlaged
asneeded.Onceevery motion estimatorhasbeenpolled, ev-
ery fusedpositionfrom the oldestupdateto the currenttime is
markedfor re-estimation.

GPS
Odometry —o——4¢ )00
Landmarks —@——+———@———+——+——=

Fusion 4.—‘—.—’—.—’—’%

time

~——— history length —————

Now

Figure16: Timemanaementandinternal representatiorof motiones-
timators in PoM. Position estimatos shownhere are only examples.
Black dots show previously stored positions. Dasheddots shownew

upcomingpositions.

Actually, no datafusionalgorithmis currentlyimplemented
within PoM: giventhe individual positionestimatorcharacter
istics, we indeedconsiderthata consistencghed (fault detec-
tion) hasto be performedformerly to any fusion. Up to now,
an estimateselectionis performedon the basisof a confidence
(realvaluebetweer.0 and1.0, 1.0 beingthebest)thatis hard-
codedfor eachpositionestimator

Oncethe currentbestpositionis computed PoM storesit in
thefusiontime chart(figure 16). Theimportantthing to noteis
thatwe cannotsimply storethe new positionassuchbecausét
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 refelencepositiones-
timator, and a virtual framenamedBase The fusedposition
computedby PoM is the Robotto Origin position. This one
is exportedassuchandusedby modulesthat requireabsolute
position. The secondexportedposition, Robotto Baseis the
positionof thereferenceestimatorandcanonly beusedocally,
i.e. tocomputeadeltaposition.PoMcomputes Baseto Origin
transformatiorfor every positionestimatofoundin thesystem.

This transformatioris anindicatorof the drift of eachposition
estimator

8 Navigation strategies

The integrationof the variousalgorithmspresentedn the first
part of the paperrequiresspecificdecisionalabilities, that are
currentlyinstantiatedasTcl scripts.Thefollowing simplestrat-
egy is currentlyapplied: the threeervironmentmodels(qual-
itative map, digital map and landmarkmap) are continuously
updatedevery time nev dataare gathered,and the two inte-
gratedlocalizationalgorithms(odometryandvisual motiones-
timate) are also continuouslyrunning. The selectionof the
trajectorygeneratioralgorithmis the following: givenaglobal
goalto reach the easyterrainalgorithm,which requiresnegli-
gible CPUtime, is applieduntil no feasiblearcscanbe found.
In suchcasesthe roughterrainalgorithmis applied. It is run
until eithertheeasyterrainalgorithmsucceedagain,or until no
feasiblearcsarefoundin thedigital map.In thelattercasg(that
canbe assimilatedo a deadend),the pathplanningalgorithm
is run, to selecta sub-goako 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 complex integrated
system thusrequiringthe developmentof integrationtools, at

boththefunctionalanddecisionalevels. We arecorvincedthat

suchtoolsarethekey toimplementefficientautonomyonlarge

time andspaceaanges.

There are however several openissues. Among these,we
believe thatthe mostimportantoneis still localization.In par
ticular, the systemmustbe robustto extremelylarge uncertain-
ties on the position estimatesthat will eventually occur: this
requiresthe developmentof landmarkrecanition abilities to
tacklethe dataassociatiorproblem,and alsothe development
of terrain model structuresthat can toleratelarge distortions.
Note thatboth problemsshouldbenefitfrom the availability of
an initial terrain map, suchas provided by an orbiter, whose
spatialconsisteng is ensured.Indeed,the developmentof al-
gorithmsthat matchlocally built terrain modelswith suchan
initial mapwould guarantedoundson the errorof the position
estimates.
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