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Abstract—A navigationsystemfor Marsroversin veryrough
terrainhasbeendesigned,implemented,andtestedon a re-
searchrover in Marsanalogterrain. This navigationsystem
consistsof severaltechnologiesthatareintegratedto increase
the capabilitiescomparedto current rover navigation algo-
rithms. Thesetechnologiesinclude: goodnessmapsandter-
rain triage,terrainclassi�cation,remoteslip prediction,path
planning, high-�delity traversability analysis(HFTA), and
slip-compensatedpathfollowing. The focusof this paperis
not on the componenttechnologies,but ratheron the inte-
grationof thesecomponents.Resultsfrom theonboardinte-
grationof severalof thekey technologiesdescribedhereare
shown. Additionally, the resultsfrom independentdemon-
strationsof several of thesetechnologiesareshown. Future
work will includethe demonstrationof the entireintegrated
systemdescribedhere.1 2
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1. I NTRODUCTI ON

In this papera navigation systemdesignedfor a Mars rover
in roughterrainis described.Thecurrentnavigationsystem
runningontheMarsExplorationRovers(MER) [6], [16], was
designedfor relatively benignterrainsanddoesnotexplicitly
accountfor terraintypesor potentialslip whenevaluatingor
executingpaths.

It is well recognizedthatmany scienti�cally interestingsites
on Marsarein very roughterrainswith thepotentialfor sig-
ni�cant slippage. The “follo w the water” strategy taken by
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NASA's Mars ExplorationPrograminherently requiresac-
cessto demandingterrainssuch as dry river channelsys-
tems,putativeshorelines,andgulliesemanatingfrom canyon
walls [5]. Therefore,it is importantthat thenext generation
of Marsrovershave thecapabilityto autonomouslynavigate
throughtheseterrains,notonly to increasethesciencereturn
ef�ciency, but alsoto enableaccessto previously inaccessi-
blesciencesites.Thenavigationsystemdescribedhereis de-
signedto dealwith thesescenariosusingmoresophisticated
(andthusmorecomputationallyexpensive) terrainanalysis;
however, this systemis alsodesignedto convergeto compu-
tationalcomplexity similar to thatof currentlydeployednav-
igation systemswhenthe terrain is benign. This navigation
systemconsistsof severaltechnologiesthathave beendevel-
oped,integrated,andtestedonboardresearchroversin Mars
analogterrains(seeFigure1). Thesetechnologiesinclude:
goodnessmapsand terrain triage, terrain classi�cation, re-
moteslip prediction,pathplanning,high-�delity traversabil-
ity analysis(HFTA), andslip-compensatedpathfollowing.

Figure1. Rocky8 in theJPLMarsYard

Section2 discussesthe systemarchitectureas a whole, in-
cludingdesigngoalsandoperationalassumptions.It explains
how the subsystemsinteract to createa navigation system.
It alsodiscussesthe interfacesbetweenthecomponenttech-
nologies.

Section3 describesthe generationof goodnessmapsfrom
Navcamimagery[6], [16]. Also describedin this sectionis
theterraintriagealgorithm.This is a techniqueto sub-divide

1



theterraininto threecategoriesbasedon thegoodnesscalcu-
lation. The threecategoriesare: de�nitely traversable,def-
initely not traversable,anduncertain.This categorizationis
thenusedto determinewhichpartsof thefutureplannedpath
needto beanalyzedin moredetail.

Section 4 discussesthe remote slip prediction algorithm,
which usesintensityandrangedatafrom stereocamerasto
predict the slip of the rover on terrainat a distance. It im-
plementslearned,non-linearregressionmodelsthat output
rover slip, usingterraingeometryfrom stereoimageryasin-
put. This rover slip is then usedto augmentthe cost map
(essentially“1 - goodnessmap”). This sectionalso brie�y
discussestheroleof a terrainclassi�er in slip prediction.

PathplanningusestheD* algorithm[21] to determineanop-
timal pathto a goal throughthecostmap. This algorithmis
brie�y discussedin Section5. It is beyondthescopeof this
paperto discussthis algorithmin detail,andthefocusof this
sectionis how thepathplanner�ts into thesystem.

Section 6 explains the high-�delity traversability analysis
(HFTA) algorithm,which usesa sophisticatedkinematicand
dynamic forward simulation [10] of the rover following a
path. It is designedto calculatea moreaccurateandrealis-
tic cost to traversethat path. The simulationincludesa de-
tailedgeometricandmassmodelof the rover, terraingener-
atedfrom onboardstereoimagery, a dynamicmodelof the
wheel terrain interaction(with parametersbasedon the ter-
rain classi�cation outputs),and the sameslip-compensated
path following algorithm (seeSection7) that runs onboard
therover. Theresultsof theHFTA arethenusedto re�ne the
plannedpathof therover throughtheuncertainregion(s).

Oncethe �nal plannedpathis created,theslip-compensated
path following algorithm (seeSection7) is invoked to en-
able the rover to actually follow this path regardlessof the
slip [9], [7]. This algorithm comparesvisual odometry
(VO) (a techniquethatmeasuresrovermotionincludingslip-
page)[15] andvehiclekinematics(a techniquethatmeasures
rovermotionminusslippage)to estimatethelocationandthe
slippageof the rover; it thencompensatesfor this slippage
andaccuratelyfollowsthedesiredpathto thegoal.

Resultsfrom the integrationanddemonstrationof severalof
the key technologiesonboarda researchrover (Rocky8) in
a Mars analogterrain (seeFigure 1) are shown. Addition-
ally, the resultsfrom independentdemonstrationsof several
of thesetechnologiesareshown. Futurework will includethe
demonstrationof the entire integratedsystemon a research
rover.

2. SYSTEM ARCHI TECTURE

Figure 2 is a block diagramshowing the systemarchitec-
ture describedin this paper. The different colors represent
functionalgroupsof thisarchitecture:redrepresentssensing,
greenrepresentsmappingandterrainanalysis,yellow repre-

sentspathplanning,andbluerepresentspathfollowing.

The top block is navigationcamera(Navcam)imagery. The
Navcamson the researchrovers[11], the MER rovers[13],
and the MSL [14] rover are all stereocamerasmounted
on pan/tilt masts. Thesecamerasallow the rover to take
panoramicimagesfrom a high perspective, which decreases
obscurations,thus enabling terrain sensingat further dis-
tances.TypicalNavcamcon�gurationsareshown in Table1.
Thiscon�gurationallowsfor stereorangingatdistancesupto
50-100meters[13]; andwith thepan/tilt capability, rangein-
formationspanning360degreescanbeaccuratelyregistered
into a singlemap. Alternatively, Pancamscould be usedin
placeof the Navcams(seeTable 1). Using the MSL Pan-
camsat their maximumzoom(shortestfocal length),errors
of lessthan20cmat50metersrangeshouldbepossible[14].
Othertechniquessuchaswide-baselinestereocouldincrease
therangeandtheaccuracy evenfurther[17] [18].

The assumedoperationalscenarioof this navigation archi-
tectureis thata goal is designatedwithin stereorangeof the
rover. Themaximumdistancefor goaldesignationis a func-
tion of stereorangeerror at that distance,vehicleposeesti-
mationerroratthatdistance,andacceptablepatherror. Given
the MSL Pancamrangeerror (seeTable1) andthe fact that
poseerror is 1-2%of distancetraveled[7], it is feasiblethat
goalsof upto 100meterswouldbeacceptable,but morecon-
servativegoalsof 20 to 50metersawayaremorelikely.

This goal designationcould be achieved in several ways. It
couldbe designatedby a humanoperatorfrom Navcamim-
agery. It couldbe designatedby a humanoperatorfrom or-
bital imagery. It could be oneof many “global waypoints”
all designatedfrom orbital imageryto de�ne extremelylong
traverses(kilometers).In thiscasetheconstraintwouldbeon
thespacingof thewaypointsto bewithin thestereorangeof
therover. It alsocouldbeautonomouslydesignatedonboard
usingbothorbital andlocal sensordata.

Onceagoalis designated,aNavcampanoramais takenin the
generaldirectionof thegoal (if a Navcampanoramahasnot
alreadybeentakenfor goaldesignation).Stereois thendone
oneachpair of theNavcamimagesandregisteredinto amap
usingthepan/tilt angles.Oncethestereopointclouddataare
registered,a goodnessmapanda triagemapare generated
usingplanarstatisticson the terraingeometry(asdescribed
in Section3). Thegoodnessmapis thenaugmentedwith slip
predictioncosts(Section4), re-triaged,andthenpassedto the
pathplanner. Thepathplannerplansanoptimalpathfrom the
currentrover locationto the designatedgoal (Section5). If
all of theplannedpathgoesthrough“de�nitely traversable”
terrain,thenthepathis passedto theslip-compensatedpath
follower. If any partof thepathgoesthrough“uncertain”re-
gionsof thetriagemapthentheHFTA is performedon those
regionsto obtaina morerealisticcostof traversalandto re-
�ne thepathin thatregion. Thepathis thenpassedto thepath
followerandandtheroverfollowsthepathuntil it reachesthe
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Figure2. SystemArchitectureBlock Diagram

Table 1. MER/MSL NavcamandPancamCon�gurations(rangeerrorassumes0.25pixel stereocorrelationaccuracy)

MER/MSL Navcams MER Pancams MSL Pancams
baseline(meters) 0.20 0.30 0.20
cameraresolution(pixels) 1024� 1024 1024� 1024 1200� 1200
camera�eld of view (FOV) 45.0� � 45.0� 16.0� � 16.0� 6.0� � 6.0� - 50.0� � 50.0�

rangeerrorat 50meters(meters) 2.5 0.60 0.20(atmax.zoom)

goal.

As mentionedin theintroduction,oneof thegoalsin thede-
signof this architecturewasto createa rovernavigationsys-
temthatwouldbecapableof navigatingthroughrough,high-
slip terrains,but which would convergeto thecomputational
complexity of simpleralgorithmsin benignterrain. This is
enabledusingthe terrain triagealgorithmdescribedin Sec-
tion 3.

3. GOODNESS M AP/TERRAI N TRI AGE

A goodnessmapis a regularly spacedgrid representingthe
local region aroundthe rover. The map is populatedusing
stereodatageneratedfrom Navcam imagery. In eachcell
of the map,a goodnessvalue is calculatedusing the stereo

datathat falls in andaroundthatcell. A planeis then�t to a
roversizedpatchof cells. Thegoodnesscalculationinvolves
metricssuchaspitch androll of theplane,roughnessof the
terrain(standarddeviation of theplane�t), andstepheights
within thepatch[6].

Terraintriageis a simpleconceptthat is fundamentalto re-
ducing the computationalcomplexity of this navigation ar-
chitecturein benignterrains. The idea is to categorize the
terrain into threecategories: “de�nitely traversable”,“de�-
nitely not traversable”,and“uncertain”. This categorization
is doneby simply thresholdingeachof the goodnessvalues
of the goodnessmapandthusbinning eachof the cells into
one of the threecategories. This step is performedtwice:
oncebeforetheslip predictionandonceafter. The �rst time
is to determinewhetheror not slip predictionneedsto be
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performedfor a particularcell in the map. If a cell is cate-
gorizedas“de�nitely not traversable”thenthereis no need
to do slip predictionfor thatcell, becausetheslip prediction
algorithm can only increasethe cost of the cell. The sec-
ondtime terraintriageis performedis to incorporatethenew
costsfrom theslip predictioninto thecostmap. Now, when
a pathis plannedthroughthecostmap(asdescribedin Sec-
tion 5), if theplannedpathtravelsentirelythrough“de�nitely
traversable”terrain,thenthispathis deemedacceptableandit
is passedto theslip-compensatedpathfollower without any
further analysis. This will only happenin relatively benign
terrain. If, however, thepathpassesthrough“uncertain” ter-
rain, thentheHFTA (seeSection6) is invokedon thosesec-
tionsof thepath.

4. TERRAI N CL ASSI FI CATI ON/SL I P
PREDI CTI ON

An independentassessmentof the terrain traversability is
donein termsof roverslippage.Slip is a measureof thelack
of progressor thelackof mobility of theroveronacertainter-
rain. It is de�ned asthedifferencebetweenthecommanded
velocity andtheactualachievedvelocity in eachDOF of the
rover [7]. It is normalizedby the commandedvelocity [24]
andfor conveniencewill beexpressedin percent.

Rover slippagehasbeenrecognizedto be a signi�cant lim-
iting factor for the MER rovers while driving on steep
slopes[4], [12]. Knowing theamountof slip beforehandand
beingableto detectareasof largeslip will preventtherover
from gettingstuckin dangerousterrainandwill enablemore
intelligent pathplanning. Slip predictionis neededin addi-
tion to an obstacledetectionmechanismbecausean areaof
large slip is a non-geometrictype of obstacleandcannotbe
detectedwith a standardobstacleavoidancealgorithmsuch
asGESTALT [6].

Main MethodandArchitecture

While detecting rover slippage is relatively straightfor-
ward [7], [19], themainchallengehereis that the rover slip
needsto be known remotely, beforethe rover actually tra-
versesa particularlocation,in orderto enablesafeavoidance
of areasof largeslip. We have proposedanalgorithmwhich
infers the amountof slip on the upcomingterrainusingvi-
sual information and onboardsensors(e.g. a tilt sensoror
the IMU) andhave shown successfulslip predictionresults
from only theseremotesensors[1], [2]. Theproblemis ap-
proachedby learningfrom previousexamples.To tacklethe
problemof slip predictionfrom a distance,we subdivide it
into �rst recognizingthe soil type the rover is going to tra-
verseandthenpredictingtheamountof slip asa functionof
terraingeometry, i.e. slopes[1], [2].

Themainarchitectureof theslippredictionalgorithmis given
in Figure3. For clarity, we �rst describethepredictionpart
of the algorithm,assumingthe terrainclassi�er andthe slip
modelshave alreadybeenlearned.Theslip predictionmod-

Figure3. Slip PredictionAlgorithm Framework

ule receivesas input from the main modulestereopair im-
ageryand rover attitudewith respectto gravity. A map of
theenvironmentis built usingthestereorangedataregistered
with thecolorandtextureinformationfrom theinput images.
In particular, eachcell of themapcontainsinformationabout
terrainelevationandpointsto an imagepatchwhich hasob-
servedthis cell. To predictslip in a mapcell, theterrainclas-
si�er is appliedto all themapcellsin its neighborhood.A ma-
jority votingamongtheir responsesis usedasthe�nal terrain
classi�cationresponseat thedesiredrover location. Then,a
locally linear�t in thecell'sneighborhoodis performedto re-
trieve thelocal slopeunderthepotentialrover footprint. The
slopesaredecomposedinto a longitudinalanda lateralslope
with respectto thepotentialorientationof therover. Thetwo
slopeanglesareusedasinputsto apre-learnednonlinearslip
model for the particularterrain type determinedby the ter-
rain classi�cationalgorithm.Theoutputof themoduleis the
predictedslip for a given orientationof the rover anda slip
relatedcostat a given location3. In our implementation,we
provide themainmodulea mechanismto queryslip at a de-
siredmaplocation.

During training, the rover collectsappearanceandgeometry
informationaboutaparticularlocationwhile it is observedby
theroverfrom adistance.Thecorrespondingslip of therover
is alsomeasuredwhenthis location is being traversed. We
usevisual odometry(VO) betweentwo consecutive stepsto
estimatetheactualrover velocity. Thecommandedvelocity
of the rover is computedby using the full vehiclekinemat-
ics. The collecteddatapairsof visual informationandslip
measurementsaregivento thelearningmodulewhich learns
a terraintypeclassi�er andindependentslip modelsfor each
terraintype[1], [2]. More detailsof thetwo trainingcompo-
nentsaregivenin thenext two subsections.A roverposition
estimationis computedwithin theslip predictionmoduleby
accumulatingtheVO estimates.This is necessaryto beable
to mapthecurrentrover locationto a locationpreviouslyob-
servedby theroverfrom adistance.Theslip predictionmod-

3The slip relatedcost is a crudeestimateof rover mobility without re-
gardsto particularrobotorientationandis intendedto beusedin a D* path
planningalgorithm.It selectsthemaximumslip within a rangeof rover ori-
entations.
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ule canalsousea Kalman �lter positionestimatebasedon
merging multiple sensors,including VO, which canbe pro-
videdby themainmodule[8].

Terrain Classi�cation

Ourcurrentapproachto terrainclassi�cationis basedonpro-
cessingvisual appearanceinformation, namely texture and
color. We apply thetexton basedalgorithmproposedin [22]
which usesbothcolor andtexturesimultaneouslyto learnto
discriminatedifferentterrainappearancepatches.The algo-
rithm proceedsas follows: initially the color R,G,B values
in smallpixel neighborhoodsarecollectedandthemostfre-
quentfeaturesin thewholedataareselected.Consequently,
a histogramof theoccurrenceof any of theselectedfeatures
within a patchcorrespondingto a mapcell is built andcom-
paredby using a NearestNeighborclassi�er to a database
of trainingpatches[22]. Intuitively, a patchfrom a bedrock
classwill have a high frequency of pixels typical of previ-
ously observed bedrockpatches,but it might alsocontaina
small numberof pixels which are typical of an unfamiliar
to the system“rock” classwhich happensto be alsoshared
with thesoil andsandclassestoo (eitherof the terraintypes
patchesmight have small rocksdispersedin them). That is,
this representationallows for building morecomplex appear-
ancemodelsandtakingcorrectdecisionsgiventheobserved
statisticsfrom thedata.

Evaluationof theterrainclassi�er for this particulardatado-
main hasbeenprovidedin [2]. The terrainclassi�cationre-
sultsare satisfactoryandgive initial successfulslip predic-
tion results[2]. The appearance-basedterrainclassi�er can
beimprovedby addingmoresensors,bothvisual,e.g.multi-
spectralimagery, or mechanical,e.g.vehiclevibrations.This
is thetopicof ourcurrentwork.

Apart from beingan instrumentalpart to the slip prediction
module,theterrainclassi�cationprovidesimportantinforma-
tion to theHFTA algorithm(seeSection6). After theterrain
typehasbeenrecognized,a canonicalsetof soil parameters
associatedwith it arepassedto the kinematicanddynamic
simulationof the rover on the part of the terrainwhich has
beendeemed“uncertain”.

LearningtheSlipModels

As eachterrain type hasa potentially different slip behav-
ior [3], [24], we learna slip modelfor eachterrainindepen-
dently. Theslip modelsarebuilt by learninga nonlinearap-
proximationfunction which mapsterrainslopesto themea-
suredslip. Thegoalis to learnslip asafunctionof theterrain
slopes:S = S(x long it: ; x later al ). In our casewe consider
slip in the longitudinaldirectiononly (parallelto the typical
directionof travel), but themethodcanbe trivially extended
to learningof lateralslip or slip in yaw [1]. We have applied
a Receptive Field Regressiontechnique[23], but a standard
nonlinearregressiontechnique,suchas a Neural Network,
canalsobeused.

ImplementationDetails

Thesoftwarearchitectureof thealgorithmis designedto pro-
vide ef�cient slip prediction. Becauseterrainclassi�cation
from visual informationis generallytime consuming,thefo-
cushasbeenon decreasingthe amountof computationde-
votedto imageprocessingrelatedto terrainclassi�cation. In
particular, our main ideais of evaluatingtheterraintypeper
mapcell, ratherthanevaluatingtheterraintype in thewhole
image. This designconceptcangive signi�cant advantages.
Somespeed-upcanbeachieved,aspartsof theimagedo not
belongto themap,e.g. thepixelsabove thehorizon. Addi-
tionally, the terrainclassi�er will not be invoked if slip pre-
diction is not neededin a certainarea,e.g.anareawhich the
mainmodulehasalreadymarkedaspopulatedwith obstacles
or which is otherwisedeemeduninteresting.Thirdly, a map
cell atacloserangecoversalargepartof theimagecompared
to theonesat far rangesandcanbe processedselectively to
speedup the processingwithout hurting the overall perfor-
mance.Morespeci�cally, themapcell structureweusesaves
only its 3D locationandpointersto imageswhich have ob-
served it (seeFigure4). Whenthe terrain type needsto be
predictedin aparticularmapcell, aprojectionof themapcell
to theimageis doneandanimagepatchcorrespondingto this
cell is retrieved.

Additionally, this paradigmallows for stereoimagerydatato
bereceivedasynchronouslyor intermittently. In otherwords,
onerover stepcanusemultiple images,for example: when
takinga panoramaof theenvironment,if the rover is stalled
andreceivesmultiple identicalimages,if it doesnot receive
imageryat all, etc. In any of thesecases,the map is up-
datedwith new information,if suchis available,andwhen-
ever a terrainclassi�cation is invoked,only the mostrecent
terrainpatchis used.Theresultof theterrainclassi�cationis
saved with its correspondingcon�denceandmight be com-
binedwith a potentiallynew evaluationif the con�denceis
insuf�cient. This is in contrastto processingfully all of the
incomingimages,extractingvisual featuresandsaving them
to themapcells.

5. PATH PL ANNI NG

Oncethecostmapispopulatedwith informationderivedfrom
terrain geometryand the slip prediction algorithm, as de-
scribedabove, an optimal pathcanbe plannedthroughthis
mapfrom any startto any goal.Weuseastandardimplemen-
tationof theD* algorithm[21] to planthis path.It is beyond
the scopeof this paperto go into the algorithmicdetailsof
this planner. In summary, it is a derivativeof thewell known
A* searchalgorithm,with the capability to do ef�cient, in-
crementalreplanning.

6. H I GH-FI DEL I TY TRAVERSABI L I TY
ANALYSI S

If any sectionof thepathgoesthrough“uncertain”regionsof
thetriagemap,thentheHFTA algorithmis invokedonboard
the rover. HFTA is a full kinematicand dynamic forward
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Figure 4. Schematicof thesoftwaredesignparadigm:each
map cell keepsa pointer to an imagewhich has observed
it and the terrainclassi�cation is doneonly if needed.For
example,the elevation mapshown hasbeenbuilt from nine
panoramicstereoimagepairs,but effectively thevisualinfor-
mationfrom only threeimageswill needto be processedto
fully classifytheterrain.

simulationof theroverfollowing apath.It is designedto �nd
thelowestcostpaththroughthese“uncertain”regions.

The simulationinfrastructureis provided by ROAMS [10].
ROAMS is a kinematic/dynamicsimulationfor roversinter-
acting with terrain. A detailedgeometricand massmodel
is usedto representthe rover in the simulation. This model
includesall 15 degrees-of-freedom(DOFs) of the mobility
systemof the actualrover usedin the experiments,Rocky8
(which is describedin greaterdetail in Section8). This in-
cludesthe 12 active DOFs (six steeringand six drive) and
the 3 passive DOFs (rocker and two bogies). Eachof the
links connectingtheseDOFshasamassandcenterof gravity
(CG). Eachof the active DOFshasa dynamicmodelrepre-
sentinga motor, which canbe commandedin thesameway
astheactualmotorson therover.

The terrain is modeledgeometricallyusing a mesh. For
HFTA, this meshis generatedfrom stereodata,so it repre-
sentsa realistic geometricmodel of the terrain aroundthe
rover eachtime this algorithm is used. As with any stereo
datafrom a singlepoint of view, obscurationswill occurthat
cause“range shadowing.” This is a well-known effect and
the terrainmodelwill simply linearly interpolateover these
shadows, essentiallycreatinga rampbetweenthe top of ob-
jectcreatingtheshadow andtheterrainvisibleonthefarside
of theobject.This rampis actuallytheworstcasescenarioof
theobscuredterrainsoit is aconservativeassumption.

Mechanicalsoil propertiescanalsobeassociatedwith theter-
rain. The terrainis againgridded,with thecapabilityof as-
signingto eachcell independentvaluesfor thecohesion,fric-
tion angle,anddensityof the soil in that cell. This enables
theability to representnon-homogeneousterrainat arbitrary
resolution.For theHFTA algorithm,theterrainclassi�er (de-
scribedin Section4) predictsthe terraintype of eachof the

cells.Then,acanonicalsetof soil properties(derivedexperi-
mentallyor analytically)is associatedwith eachof theterrain
classes.

These mechanicalsoil propertiesare used in a dynamic
wheel/soilinteractionmodelusedto determinetheroversink-
ageandslippage[20]. Thismodelcalculatesandresolvesthe
18forces(3 ateachof the6 wheels)of thevehicleinteraction
with theenvironment.This resultsin anaccuratecalculation
of thenetmotionof therover, includingsinkageandslippage.

Thecombinationof thestereodatageneratedterraingeome-
try andtheterrainclassi�er generatedsoil propertiescreates
a realisticmodelof the rover traversinga realisticmodelof
theterrain.

For the forwardsimulation,thesameslip-compensatedpath
followingalgorithmthatisusedtocontroltheactualrover[7],
is usedto control thesimulatedrover. Soa pathis passedto
thesimulation,thepath-following algorithmfollows thepath
over thesensorgeneratedterrainthatmodelstheslippageof
thesimulatedroverover this terrain.While this is beingsim-
ulated,severalmetricsarebeingrecordedthatwill enablethe
assessmentof thetraversabilityof thatparticularpath.

The most importantof thesemetricsis the energy required
for the rover to traversethe given path. The �rst half of
Equation1 shows the energy calculationas the integration
of theproductof wheeltorqueandwheelvelocity. Because
the wheelterrain interaction(andthusvehicleslip) is being
modeled,andbecausetheslip is beingcompensatedfor, this
metricpenalizesfor bothhighslip terrain(becausethewheels
mustturn for a longerperiodof time to reachthe goal) and
for rough terrain (becausethe wheel torquesare higher on
locally steeperterrain, i.e. rocks,gullies, etc.). This metric
alsoaccountsfor bothforwardandbackwardslip, wherefor-
wardslip actuallydecreasesthecostof traversalbecausethe
wheelsturnfor ashorterperiodof timeto reachthegoal.The
pathcostis calculatedusing:

C = We(
6X

n =1

Z
Tn � ! n dt)+ Wp(

Z
(k pdes � pact k)dt) (1)

whereTn and! n arethetorqueandspeedof wheeln, respec-
tively; pdes andpact arethedesiredandactualroverpositions,
respectively; andWe andWp areweightingterms.

Anothermetric that is usedis patherror (the secondhalf of
Equation1). Becausethe slip-compensatedpathfollower is
beingrun in thesimulation,patherroris anindicationof ter-
rainthatismoredif�cult to traverse,evenwhencompensating
for slip.

Other metricsthat can be usedare minimum groundclear-
ance,minimum distanceto extremehazards,andmaximum
groundinteractionforces. Groundclearanceis the distance
from thegroundto theunderbellyof therover. This is a po-
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tential hazardbecauseit can “high center” the rover which
can be a very seriousthreat to mobility. This type of for-
ward simulationis the only way to accuratelyestimatethe
minimum groundclearanceof a path. Distanceto extreme
hazards(suchaslargedrop-offs,high-slipareas,wheeltraps,
etc.) is anothermetric to determinethe risk of traversinga
pathandcanbe usedto evaluatethe relative costof a path.
Largegroundinteractionforcesthatcanbecausedby travers-
ing overrough,stiff terrain(suchasvery rocky terrain)could
alsobeusedasametricto increasethelifetime of thevehicle
by selectingpathsthatplacelower demandson theactuators
andstructureof thevehicle.

Whenthe HFTA algorithmis invoked, the input is a single
paththroughan“uncertain” region. Thealgorithmthenran-
domly perturbsthis singlepathto createmultiple pathswith
thesamestartand�nish points.It thenrunstheforwardsim-
ulation of the rover througheachof the paths,calculatinga
singlescalarvalueof costfor eachof thepaths.It thenout-
putsthepathof thelowestcost.

7. SL I P-COM PENSATED PATH FOL L OWI NG

Whenthe�nal pathis created,theslip-compensatedpathfol-
lowing algorithm is invoked to enablethe rover to actually
follow this pathregardlessof the slip. This algorithmcom-
paresvisual odometry(a techniquethatmeasuresrover mo-
tion includingslippage)andvehiclekinematics(a technique
that measuresrover motion minusslippage)to estimatethe
location and the slippageof the rover; it then compensates
for this slippageandaccuratelyfollows the desiredpath to
thegoal.

Thissystemis describedin detail in [7], [9].

8. RESULTS

SlipPredictionResults

Wehavetestedtheslip predictionmoduleindependentlyona
LAGR4 vehicle. Thedatasetis collectedoutdoorsin a natu-
ral parkon � vedifferentterrains,includingsand,soil, gravel,
asphaltandwoodchips.Theslip modelsandtheterrainclas-
si�er have beentrainedon 3000 frames. The summaryre-
sultsarepresentedin [2], andarethe resultsof slip predic-
tion over2000testframes,non-intersectingwith thetraining
data,while the rover traversesany of the above mentioned
terrains.Theaverageslip predictionerror achieved is about
21%, which is asatisfactoryresult,giventheamountof noise
in themeasuredslip. Moreover, misclassi�cationin the ter-
rain type contributesto a large part of the error. In particu-
lar, if theterraintypewerecorrectlyclassi�ed,theprediction
errordecreasesto about11% on average.Terrainmisclassi-
�cation errorsmainly occurbetweenvisually similar terrains
suchassandandsoil, especiallyfor thepartsof thesoil areas
whichwerecoveredwith dust.See[2] for detailedresults.

4LAGR standsfor LearningApplied to GroundRobotsandis an experi-
mentalall-terrainvehicleprogramfundedby DARPA.

The�nal slip predictionis performedonthewholeforthcom-
ing mapanda slip relatedcostis calculated.Thecostbased
on thepredictedslip is handeddown to the terraintriageal-
gorithm which further determinesareasof the terrainwhich
needmorere�ned terraintraversabilityassessmentandis �-
nally given to a pathplanner. Figure5 shows the mapgen-
eratedby the rover driving in deepsandandon upslopesoil
terrain.Thecorrespondingterrainclassi�cationandslip pre-
diction resultsarealsoshown for eachmapcell. As seen,it
hasbeenpredictedthatdriving on�at sandincursa largecost
andtherovershouldprefertheneighboringwoodchipterrain.
Driving upslopeon soil terraincausesabout40% slip which
is mappedto a slip cost in the mid-rangesand which will
further invoke the HFTA algorithm to determinethe safest
path. Also notethat most terrainclassi�cation errorsoccur
at rangeslargerthan6m,wheretheimagepatchcorrespond-
ing to a mapcell is of very small size(for the LAGR rover
con�guration).

IntegratedSystemResults

An integratedsystemincluding Navcampanoramacapture,
goaldesignation,goodness/triagemapgeneration,pathplan-
ning, and slip-compensatedpath following was performed
onboarda researchrover(Rocky8) in theMarsyard(seeFig-
ure 1). Rocky8 is a researchplatform that is usedby many
Mars TechnologyProgram(MTP) tasksto demonstratethe
software andalgorithmson relevant hardware in a relevant
environment(see[7] for a more detaileddescriptionof the
rover). It is similar in designto theMER roversandthe fu-
tureMSL rover.

For this demonstrationthe rover startedat one side of a
rock �eld on a sandyslope (seeFigure 10). It �rst took
a panoramicimage consistingof ten stereoNavcam pairs
spaced10� apart,resultingin a 90� panorama.Thena user
designatedagoalfromthispanoramicimagery(seeFigure6).
In this testthe goal wasdesignatedat (12.0, -4.0) metersin
theinitial rover frame.

Thepointcloudsareregisteredusingthemastpan/tiltangles,
andtherover roll andpitch (from theIMU) areusedto grav-
ity level the data. A goodnessmapanda triagemap were
generatedfrom thestereodata(seeFigures7 and8). These
mapsused10cmcell sizes.Thenapathwasplannedthrough
thegoodnessmapusingtheD* algorithm.

Once the path was planned, it was passedto the slip-
compensatedpathfollower. The pathfollower compensated
for slippageandsuccessfullyreachedthegoal. It wasrunning
VisualOdometryat1 Hz andvehiclekinematicsat4 Hz, and
resultedin a continuousmotion from the start point to the
goal. Theresultsof thetraversecanbeseenin Figure9. As
canbeseen,therovertraversesthepathandarrivesatthegoal
(seeFigure10). The actualpathin this plot is theoutputof
VisualOdometry. For a validationof theaccuracy of Visual
Odometrysee[7],[16]. Themaximumrover roll during this
traversewas16.3� andthemaximumroverpitchwas7.2� .
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Figure 5. Exampleresultsof continuousslip predictionon themapastherover drives(thepathandthe �nal rover position
aremarkedin green).An input imageandthecorrespondingmapcontainingaveragecolor percell (left), theautomaticterrain
classi�cation (middle), the �nal slip costbasedon the predictedslip (right) (brightermeanslarger cost). Top: the rover is
traversing�at sandyterrain.Bottom: therover is driving upslopeonsoil terrain.

Figure6. PanoramaTakenby theRoverwith theDesignatedGoal

HFTA Results

The HFTA algorithmwasrun on an analytical(i.e. not de-
rived from stereodata) terrain consistingof a large hemi-
sphere. It was run offboard, so it was not integratedwith
the restof the system. The forward simulationof the rover
wasrun four timesover four differentpaths(seeFigure11).
Table2 shows theenergy andpatherror metricsfor eachof
thepaths.It is importantto notethattheabsoluteaccuracy of
thesemetricsis not importantbecausethey areonly usedto
comparerelativepathcoststo determinethelowestcostpath
of theset.As canbeseen,goingdirectlyoverthehemisphere
(path1) is themostcostlypathin termsof energy andtravel-
ing on thesideof thehemisphere(paths2 and3) is themost
costly in termsof path error. Traveling on the �at ground
aroundthehemispherehaslow costfor bothenergy andpath

error, andis clearly the mostdesirablepathof the four. For
this terrain, theseresultsare supportedby intuition. When
theterraincomplexity increasesthisalgorithmwill beableto
distinguishsubtledifferencesbetweenpathsthatwouldnotbe
possibleusingsimplermethods.On average,this algorithm,
takes approximately4 secondsper meterof path analyzed.
Decreasingthis runtimewill bea focusof futurework.

Table 2. PathandEnergy Costsfor HFTA Simulation

Path Energy (J) PathError (m-s)
1 5101.46 1.91
2 3324.51 12.32
3 1587.44 12.79
4 938.52 2.21
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Figure8. TriageMapwith PlannedPath

9. CONCL USI ONS

We show resultsfrom individual testsof varioussubsystems
including: slip predictionandHFTA. Resultsfrom the slip
predictionsubsystemshow that we areable to successfully
predictslip ata distanceusingdatagatheredin the�eld from
a rover. Resultsfrom theHFTA algorithmshow thatwe can
comparetraversabilityof differentpathsby measuringmet-
rics from adynamicforwardsimulationof therover.

We alsoshow resultsfrom experimentsof a subsetof thede-
scribedtechnologiesintegratedonboarda researchrover in
the Mars yard. Theseresultsdemonstratethe feasibility of
this approachasanend-to-endnavigationsystemin a realis-
tic Marsanalogterrain.

10. FUTURE WORK

Futurework will includethe integrationof the terrainclas-
si�cation, theslip prediction,andtheHFTA algorithmsinto
theonboardresearchrover software,andto demonstratethe
entireintegratedsystemin theMarsyardor in the�eld.
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Figure10. Rocky8 in theJPLMarsYardat theGoal
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