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Abstract—A navigationsystenfor Marsroversin veryrough
terrainhasbeendesignedjmplementedandtestedon a re-
searchroverin Mars analogterrain. This navigation system
consistof severaltechnologieshatareintegratedo increase
the capabilitiescomparedto currentrover navigation algo-
rithms. Thesetechnologiesnclude: goodnessnapsandter
rain triage, terrainclassi cation,remoteslip prediction,path
planning, high- delity traversability analysis(HFTA), and
slip-compensate@athfollowing. The focusof this paperis
not on the componenttechnologieshut ratheron the inte-
grationof thesecomponentsResultsfrom the onboardinte-
grationof several of the key technologiegslescribechereare
shavn. Additionally, the resultsfrom independentdemon-
strationsof several of thesetechnologiesareshavn. Future
work will includethe demonstratiorof the entireintegrated
systemdescribechere.! 2
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1. INTRODUCTION

In this papera navigation systemdesignedor a Mars rover
in roughterrainis described.The currentnavigation system
runningontheMarsExplorationRovers(MER) [6], [16], was
designedor relatively benignterrainsanddoesnot explicitly
accountfor terraintypesor potentialslip whenevaluatingor
executingpaths.

It is well recognizedhatmary scienti cally interestingsites
on Marsarein very roughterrainswith the potentialfor sig-
ni cant slippage. The “follow the water” strateyy taken by
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NASA's Mars Exploration Programinherently requiresac-
cessto demandingterrainssuch as dry river channelsys-
tems,putative shorelinesandgulliesemanatingrom caryon
walls [5]. Therefore|t is importantthatthe next generation
of Marsrovershave the capabilityto autonomoushnavigate
throughtheseterrains,notonly to increasehe sciencereturn
efciency, but alsoto enableaccesgo previously inaccessi-
ble sciencesites. The navigationsystemdescribechereis de-
signedto dealwith thesescenariosisingmoresophisticated
(andthus more computationallyexpensve) terrain analysis;
however, this systemis alsodesignedo corvergeto compu-
tationalcompleity similar to thatof currentlydeployednav-
igation systemswhenthe terrainis benign. This navigation
systemconsistsof severaltechnologieshathave beendevel-
oped,integrated,andtestedonboardresearctroversin Mars
analogterrains(seeFigure 1). Thesetechnologiesnclude:
goodnessnapsand terrain triage, terrain classi cation, re-
moteslip prediction,pathplanning,high- delity traversabil-
ity analysiHFTA), andslip-compensategathfollowing.

Figurel. Rocky8intheJPLMarsYard

Section2 discusseghe systemarchitectureas a whole, in-

cludingdesigngoalsandoperationahssumptionslt explains
how the subsystemsnteractto createa navigation system.
It alsodiscusseshe interfacesbetweernthe componentech-
nologies.

Section3 describeshe generationof goodnessnapsfrom
Navcamimagery[6], [16]. Also describedn this sectionis
theterraintriagealgorithm. This is atechniqueto sub-dvide



theterraininto threecateyoriesbasedn the goodnesgalcu-
lation. Thethreecateyoriesare: de nitely traversable def-
initely not traversable anduncertain. This cateyorizationis
thenusedto determinewhich partsof thefuture plannedpath
needto beanalyzedn moredetail.

Section 4 discusseghe remote slip prediction algorithm,
which usesintensity and rangedatafrom stereocamerago
predictthe slip of the rover on terrainat a distance. It im-
plementslearned,non-linearregressionmodelsthat output
rover slip, usingterraingeometryfrom steredmageryasin-
put. This rover slip is thenusedto augmentthe costmap
(essentially‘l - goodnessnap”). This sectionalso brie y

discussesherole of aterrainclassi erin slip prediction.

Pathplanninguseshe D* algorithm[21] to determineanop-
timal pathto a goalthroughthe costmap. This algorithmis
brie y discussedn Section5. It is beyondthe scopeof this
paperto discusghis algorithmin detail,andthe focusof this
sectionis how the pathplannerts into the system.

Section 6 explains the high- delity traversability analysis
(HFTA) algorithm,which usesa sophisticatedinematicand
dynamic forward simulation [10] of the rover following a
path. It is designedo calculatea more accurateandrealis-
tic costto traversethat path. The simulationincludesa de-
tailed geometricandmassmodel of the rover, terraingener
atedfrom onboardstereocimagery a dynamicmodel of the
wheelterraininteraction(with parameterdasedon the ter-
rain classi cation outputs),and the sameslip-compensated
path following algorithm (seeSection7) that runs onboard
therover. Theresultsof the HFTA arethenusedto re ne the
plannedpathof theroverthroughthe uncertairregion(s).

Oncethe nal plannedpathis createdthe slip-compensated
path following algorithm (see Section?7) is invoked to en-
able the rover to actuallyfollow this path regardlessof the
slip [9], [7]. This algorithm comparesvisual odometry
(VO) (atechniquehatmeasuresover motionincludingslip-
page)[15] andvehiclekinematicgatechniquehatmeasures
rover motionminusslippage)o estimatethelocationandthe
slippageof the rover; it thencompensatefor this slippage
andaccuratelyfollowsthe desiredpathto thegoal.

Resultsfrom the integrationanddemonstratiorof several of
the key technologiesonboarda researchrover (Rocky8) in
a Mars analogterrain (seeFigure 1) are shovn. Addition-
ally, the resultsfrom independentdemonstrationsf several
of thesetechnologiesreshavn. Futurework will includethe
demonstratiorof the entire integratedsystemon a research
rover.

2. SYSTEM ARCHITECTURE

Figure 2 is a block diagramshawing the systemarchitec-
ture describedn this paper The differentcolorsrepresent
functionalgroupsof this architectureredrepresentsensing,
greenrepresentsnappingandterrainanalysisyellow repre-

sentgpathplanning,andbluerepresentpathfollowing.

Thetop block is navigation camera(Navcam)imagery The
Navcamson the researctrovers[11], the MER rovers[13],
and the MSL [14] rover are all stereocamerasmounted
on pan/tilt masts. Thesecamerasallow the rover to take
panoramidmagesfrom a high perspectie, which decreases
obscurations thus enabling terrain sensingat further dis-
tancesTypical Navcamcon gurationsareshaovn in Table1.
Thiscon gurationallowsfor stereaangingatdistancesipto
50-100meterq13]; andwith the pan/tilt capability rangein-
formationspanning360 degreescanbe accuratelyregistered
into a single map. Alternatively, Pancamscould be usedin
placeof the Navcams(seeTable 1). Using the MSL Pan-
camsat their maximumzoom (shortestfocal length), errors
of lessthan20 cm at50 metersangeshouldbepossiblg14].
Othertechniquesuchaswide-baselinestereccouldincrease
therangeandtheaccuray evenfurther[17] [18].

The assumedbperationalscenarioof this navigation archi-
tectureis thata goalis designatedvithin stereorangeof the
rover. The maximumdistancefor goal designations a func-
tion of stereorangeerror at that distance yehicle poseesti-
mationerroratthatdistanceandacceptabl@atherror. Given
the MSL Pancamrangeerror (seeTable 1) andthe fact that
poseerroris 1-2% of distancetraveled[7], it is feasiblethat
goalsof upto 100meterswould beacceptablebut morecon-
senative goalsof 20to 50 metersaway aremorelik ely.

This goal designatiorcould be achiezedin several ways. It

could be designatedy a humanoperatorfrom Navcamim-

agery It could be designatedy a humanoperatorfrom or-

bital imagery It could be one of mary “global waypoints”
all designatedrom orbital imageryto de ne extremelylong

traversegkilometers).In this casethe constraintwould beon

the spacingof the waypointsto be within the stereorangeof

therover. It alsocould be autonomoushdesignatesnboard
usingbothorbital andlocal sensodata.

Onceagoalis designateda Navcampanoramas takenin the
generaldirectionof the goal (if a Navcampanoraméaasnot
alreadybeentakenfor goaldesignation) Stereais thendone
on eachpair of theNavcamimagesandregisterednto amap
usingthepan/tiltangles.Oncethe steregpoint clouddataare
registered,a goodnessnap and a triage map are generated
using planarstatisticson the terraingeometry(as described
in Section3). Thegoodnessnapis thenaugmentedvith slip
predictioncosts(Sectiord), re-triaged andthenpassedo the
pathplanner Thepathplannemplansanoptimalpathfrom the
currentrover locationto the designatedjoal (Section5). If
all of the plannedpathgoesthrough“de nitely traversable”
terrain,thenthe pathis passedo the slip-compensategath
follower. If any partof the pathgoesthrough“uncertain”re-
gionsof thetriagemapthenthe HFTA is performedon those
regionsto obtaina morerealisticcostof traversalandto re-
ne thepathin thatregion. Thepathis thenpassedo the path
followerandandtheroverfollowsthepathuntil it reacheshe
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Figure 2. SystemArchitectureBlock Diagram

Table 1. MER/MSL NavcamandPancamCon gurations(rangeerrorassume$.25pixel stereccorrelationaccurag)

MER/MSL Navcams| MER Pancams MSL Pancams
baselingmeters) 0.20 0.30 0.20
cameraesolution(pixels) 1024 1024 1024 1024 1200 1200
cameraeld of view (FOV) 45.0 45.0 16.0 16.0 | 6.0 6.0 -50.0 50.0
rangeerrorat 50 meterg(meters) 2.5 0.60 0.20(atmax.zoom)

goal.

As mentionedn the introduction,oneof the goalsin the de-
sign of this architecturavasto createa rover navigationsys-
temthatwould be capableof navigatingthroughrough,high-
slip terrains,but which would convergeto the computational
compleity of simpleralgorithmsin benignterrain. This is
enabledusingthe terraintriage algorithm describedn Sec-
tion 3.

3. GOODNESS MAP/TERRAIN TRIAGE

A goodnessnapis a regularly spacedyrid representinghe
local region aroundthe rover. The mapis populatedusing
stereodatageneratedrom Navcamimagery In eachcell
of the map, a goodnessalueis calculatedusing the stereo

datathatfallsin andaroundthatcell. A planeisthent toa
rover sizedpatchof cells. The goodnesgalculationinvolves
metricssuchaspitch androll of the plane,roughnes®f the
terrain (standarddeviation of the plane t), andstepheights
within the patch[6].

Terraintriageis a simple conceptthatis fundamentato re-
ducing the computationalcomplexity of this navigation ar-

chitecturein benignterrains. The ideais to cateyorize the
terraininto threecateyories: “de nitely traversable”,“de -

nitely not traversable”,and“uncertain”. This cateyorization
is doneby simply thresholdingeachof the goodneswvalues
of the goodnessnapandthusbinning eachof the cells into
one of the three categgories. This stepis performedtwice:
oncebeforethe slip predictionandonceafter The rst time
is to determinewhetheror not slip prediction needsto be



performedfor a particularcell in the map. If acell is cate-
gorizedas*“de nitely not traversable’thenthereis no need
to do slip predictionfor thatcell, becausehe slip prediction
algorithm can only increasethe cost of the cell. The sec-
ondtime terraintriageis performeds to incorporatehe new
costsfrom the slip predictioninto the costmap. Now, when
a pathis plannedthroughthe costmap (asdescribedn Sec-
tion 5), if theplannedpathtravelsentirelythrough“de nitely

traversable’terrain,thenthis pathis deemedicceptablandit

is passedo the slip-compensategdathfollower without any
further analysis. This will only happenin relatively benign
terrain. If, however, the pathpasseshrough“uncertain”ter

rain, thenthe HFTA (seeSection6) is invoked on thosesec-
tionsof the path.

4. TERRAIN CLASSIFICATION/SLIP
PREDICTION

An independentassessmendf the terrain traversability is
donein termsof rover slippage.Slip is ameasuref thelack
of progres®r thelack of mobility of theroveronacertainter-
rain. It is de ned asthe differencebetweerthe commanded
velocity andthe actualachiezedvelocity in eachDOF of the
rover [7]. It is normalizedby the commandedrelocity [24]
andfor corveniencewill beexpressedn percent.

Rover slippagehasbeenrecognizedo be a signi cant lim-

iting factor for the MER rovers while driving on steep
sloped4], [12]. Knowing theamountof slip beforehandnd
beingableto detectareasof large slip will preventthe rover
from gettingstuckin dangerouserrainandwill enablemore
intelligent path planning. Slip predictionis neededn addi-
tion to an obstacledetectionmechanisnbecausen areaof

large slip is a non-geometrictype of obstacleand cannotbe
detectedwith a standardobstacleavoidancealgorithm such
asGESTALT [6].

Main Methodand Architectuie

While detecting rover slippage is relatively straightfor

ward[7], [19], the main challengehereis thatthe rover slip

needsto be known remotely beforethe rover actually tra-
versesa particularlocation,in orderto enablesafeavoidance
of areasof large slip. We have proposedanalgorithmwhich

infers the amountof slip on the upcomingterrain using vi-

sualinformation and onboardsensordqe.g. atilt sensoror

the IMU) and have shavn successfuklip predictionresults
from only theseremotesensorg1], [2]. The problemis ap-
proachedoy learningfrom previous examples.To tacklethe
problemof slip predictionfrom a distance we subdvide it

into rst recognizingthe soil type the rover is going to tra-
verseandthenpredictingthe amountof slip asafunction of

terraingeometryi.e. sloped1], [2].

Themainarchitecturef theslip predictionalgorithmis given
in Figure3. For clarity, we rst describethe predictionpart
of the algorithm,assuminghe terrainclassi er andthe slip
modelshave alreadybeenlearned.The slip predictionmod-
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Figure 3. Slip PredictionAlgorithm Framevork

ule receivesasinput from the main module stereopair im-

ageryandrover attitudewith respectto gravity. A map of

theenvironmentis built usingthe sterearangedataregistered
with the color andtextureinformationfrom theinputimages.
In particular eachcell of themapcontainsnformationabout
terrainelevation andpointsto animagepatchwhich hasob-

senedthis cell. To predictslip in amapcell, theterrainclas-
si er is appliedto all themapcellsin its neighborhoodA ma-
jority votingamongtheirresponsess usedasthe nal terrain
classi cationresponset the desiredrover location. Then,a
locally linear t in thecell's neighborhoods performedo re-
trieve the local slopeunderthe potentialrover footprint. The
slopesaredecomposethto alongitudinalanda lateralslope
with respecto the potentialorientationof therover. Thetwo

slopeanglesareusedasinputsto a pre-learnedhonlinearslip

modelfor the particularterraintype determinedby the ter

rain classi cationalgorithm. The outputof the moduleis the
predictedslip for a given orientationof the rover anda slip

relatedcostat a givenlocatior?. In ourimplementationwe
provide the main modulea mechanisnto queryslip ata de-
siredmaplocation.

During training, the rover collectsappearancandgeometry
informationabouta particularlocationwhile it is obsenedby
theroverfrom adistance Thecorrespondinglip of therover
is also measuredvhenthis locationis beingtraversed. We
usevisual odometry(VO) betweentwo consecutie stepsto
estimatethe actualrover velocity. The commandedrelocity
of the rover is computedby usingthe full vehicle kinemat-
ics. The collecteddatapairs of visual informationand slip
measurementaregivento thelearningmodulewhich learns
aterraintypeclassi er andindependenslip modelsfor each
terraintype[1], [2]. More detailsof thetwo trainingcompo-
nentsaregivenin the next two subsectionsA rover position
estimationis computedwithin the slip predictionmoduleby
accumulatinghe VO estimatesThis is necessaryo be able
to mapthe currentroverlocationto alocationpreviously ob-
senedby theroverfrom adistance Theslip predictionmod-

3The slip relatedcostis a crude estimateof rover mobility without re-
gardsto particularrobotorientationandis intendedto be usedin a D* path
planningalgorithm. It selectshe maximumslip within arangeof rover ori-
entations.



ule canalsousea Kalman Iter position estimatebasedon
meiging multiple sensorsjncluding VO, which canbe pro-
vided by the mainmodule[8].

Terrain Classi cation

Our currentapproacho terrainclassi cationis basedn pro-
cessingvisual appearancénformation, namely texture and
color. We applythe texton basedalgorithmproposedn [22]
which usesboth color andtexture simultaneouslyo learnto
discriminatedifferentterrainappearanceatches.The algo-
rithm proceedsasfollows: initially the color R,G,B values
in small pixel neighborhoodsire collectedandthe mostfre-
guentfeaturesin thewhole dataareselected.Consequently
a histogramof the occurrenceof ary of the selectedeatures
within a patchcorrespondindgo a mapcell is built andcom-
paredby using a NearestNeighborclassi er to a database
of training patcheq22]. Intuitively, a patchfrom a bedrock
classwill have a high frequeng of pixels typical of previ-
ously obsened bedrockpatchesput it might alsocontaina
small numberof pixels which are typical of an unfamiliar
to the system‘rock” classwhich happengo be alsoshared
with the soil andsandclassegoo (eitherof the terraintypes
patchesmight have smallrocksdispersedn them). Thatis,
this representatioallows for building morecomplex appear
ancemodelsandtaking correctdecisionggiventhe obsered
statisticsfrom thedata.

Evaluationof theterrainclassi er for this particulardatado-
main hasbeenprovidedin [2]. Theterrainclassi cationre-
sults are satishctory and give initial successfuklip predic-
tion results[2]. The appearance-baseerrainclassi er can
beimprovedby addingmoresensorsbothvisual,e.g. multi-
spectraimagery or mechanicale.g.vehiclevibrations.This
is thetopic of our currentwork.

Apart from beinganinstrumentalpartto the slip prediction
module theterrainclassi cationprovidesimportantinforma-
tion to the HFTA algorithm(seeSection6). After theterrain
type hasbeenrecognizeda canonicalsetof soil parameters
associatedvith it are passedo the kinematicand dynamic
simulationof the rover on the part of the terrainwhich has
beendeemeduncertain”.

Learningthe Slip Models

As eachterrain type hasa potentially different slip behas-

ior [3], [24], we learna slip modelfor eachterrainindepen-
dently. Theslip modelsarebuilt by learninga nonlinearap-

proximationfunction which mapsterrainslopesto the mea-
suredslip. Thegoalis to learnslip asafunctionof theterrain
slopes:S = S(Xiong it: ; Xlater a). IN our casewe consider
slip in thelongitudinaldirectiononly (parallelto the typical

directionof travel), but the methodcanbe trivially extended
to learningof lateralslip or slip in yaw [1]. We have applied
a Receptve Field Reggressiontechnique23], but a standard
nonlinearregressiontechnique,suchas a Neural Network,

canalsobeused.

ImplementatiorDetails

Thesoftwarearchitectureof thealgorithmis designedo pro-
vide efcient slip prediction. Becauseerrain classi cation
from visualinformationis generallytime consumingthefo-
cus hasbeenon decreasinghe amountof computationde-
votedto imageprocessingelatedto terrainclassi cation. In
particular our mainideais of evaluatingthe terraintype per
mapcell, ratherthanevaluatingtheterraintype in thewhole
image. This designconceptcangive signi cant adwvantages.
Somespeed-uanbe achiesed,aspartsof theimagedo not
belongto the map,e.g. the pixels above the horizon. Addi-
tionally, the terrainclassi er will not be invokedif slip pre-
dictionis notneededn acertainarea,e.g.anareawhich the
mainmodulehasalreadymarkedaspopulatedwvith obstacles
or which is otherwisedeemeduninteresting.Thirdly, a map
cellatacloserangecoversalargepartof theimagecompared
to the onesat far rangesandcanbe processedelectiely to
speedup the processingwithout hurting the overall perfor
mance More speci cally, themapcell structurewve usesaves
only its 3D locationand pointersto imageswhich have ob-
senedit (seeFigure4). Whenthe terraintype needsto be
predictedn aparticularmapcell, aprojectionof themapcell
to theimageis doneandanimagepatchcorrespondingo this
cell is retrieved.

Additionally, this paradigmallows for steredimagerydatato

bereceivedasynchronouslygr intermittently In otherwords,
onerover stepcanusemultiple images,for example: when
taking a panoramaof the ervironment,if the rover is stalled
andreceivesmultiple identicalimages,if it doesnot receve
imageryat all, etc. In ary of thesecasesthe mapis up-

datedwith new information,if suchis available,andwhen-
ever a terrainclassi cationis invoked, only the mostrecent
terrainpatchis used.Theresultof theterrainclassi cationis

saved with its correspondingon denceand might be com-
binedwith a potentially new evaluationif the con denceis

insufcient. Thisis in contrastto processindully all of the
incomingimages extractingvisual featuresandsaving them
to themapcells.

5. PATH PLANNING

Oncethecostmapis populatedvith informationderivedfrom

terrain geometryand the slip prediction algorithm, as de-
scribedabove, an optimal path can be plannedthroughthis
mapfrom ary startto ary goal. We usea standardmplemen-
tationof the D* algorithm[21] to planthis path. It is beyond
the scopeof this paperto go into the algorithmic detailsof

this planner In summaryit is a derivative of thewell known

A* searchalgorithm, with the capabilityto do ef cient, in-

crementateplanning.

6. HIGH-FIDELITY TRAVERSABILITY
ANALYSIS

If any sectionof the pathgoesthrough“uncertain”regionsof
thetriagemap,thenthe HFTA algorithmis invoked onboard
the rover. HFTA is a full kinematicand dynamicforward



Figure4. Schematiof the softwaredesignparadigm:each
map cell keepsa pointerto an image which has obsenred
it andthe terrain classi cationis doneonly if needed. For
example,the elevation map shovn hasbeenbuilt from nine
panoramicsteredmagepairs,but effectively thevisualinfor-
mationfrom only threeimageswill needto be processedo
fully classifytheterrain.

simulationof theroverfollowing a path. It is designedo nd
thelowestcostpaththroughthese‘uncertain”regions.

The simulationinfrastructureis provided by ROAMS [10].
ROAMS is a kinematic/dynamisimulationfor roversinter-
acting with terrain. A detailedgeometricand massmodel
is usedto representhe rover in the simulation. This model
includesall 15 degrees-of-freedonfDOFs) of the mobility
systemof the actualrover usedin the experiments Rocky8
(which is describedn greaterdetail in Section8). This in-
cludesthe 12 active DOFs (six steeringand six drive) and
the 3 passie DOFs (rocker and two bogies). Eachof the
links connectingheseDOFshasa massandcenterof gravity
(CG). Eachof the active DOFshasa dynamicmodelrepre-
sentinga motor, which canbe commandedn the sameway
astheactualmotorsontherover.

The terrain is modeledgeometricallyusing a mesh. For

HFTA, this meshis generatedrom stereodata,so it repre-
sentsa realistic geometricmodel of the terrain aroundthe
rover eachtime this algorithmis used. As with ary stereo
datafrom a singlepoint of view, obscurationsvill occurthat
cause‘range shadoving.” This is a well-known effect and
the terrainmodelwill simply linearly interpolateover these
shadaevs, essentiallycreatinga rampbetweerthe top of ob-

jectcreatingthe shadev andtheterrainvisible onthefarside
of theobject. Thisrampis actuallytheworstcasescenaricof

theobscurederrainsoit is a conserative assumption.

Mechanicakoil propertiesanalsobeassociatewvith theter-

rain. Theterrainis againgridded,with the capability of as-
signingto eachcell independentaluesfor the cohesionfric-

tion angle,anddensityof the soil in thatcell. This enables
the ability to represenhon-homogeneougrrainat arbitrary
resolution.For theHFTA algorithm,theterrainclassi er (de-
scribedin Section4) predictsthe terraintype of eachof the

cells. Then,a canonicaketof soil propertiegderivedexperi-
mentallyor analytically)is associateavith eachof theterrain
classes.

These mechanicalsoil propertiesare usedin a dynamic
wheel/soilinteractionrmodelusedto determingheroversink-
ageandslippagd20]. This modelcalculatesandresohesthe
18forces(3 ateachof the 6 wheels)of thevehicleinteraction
with the ervironment. This resultsin anaccuratecalculation
of thenetmotionof therover, includingsinkageandslippage.

The combinationof the stereodatageneratederraingeome-
try andtheterrainclassi er generatedoil propertiescreates
a realisticmodel of the rover traversinga realistic model of
theterrain.

For the forward simulation,the sameslip-compensategdath
following algorithmthatis usedto controltheactualrover[7],
is usedto controlthe simulatedrover. Soa pathis passedo
the simulation,the path-following algorithmfollows the path
over the sensorgeneratederrainthatmodelsthe slippageof
the simulatedrover overthis terrain. While thisis beingsim-
ulated,severalmetricsarebeingrecordedhatwill enablethe
assessmertf thetraversabilityof that particularpath.

The mostimportantof thesemetricsis the enegy required
for the rover to traversethe given path. The rst half of
Equation1 shows the enegy calculationas the integration
of the productof wheeltorqueandwheelvelocity. Because
the wheelterraininteraction(andthusvehicleslip) is being
modeled andbecauséhesslip is beingcompensatetbr, this
metricpenalizesor bothhighslip terrain(becaus¢éhewheels
mustturn for a longerperiod of time to reachthe goal) and
for rough terrain (becausehe wheel torquesare higheron
locally steepetterrain,i.e. rocks,gullies, etc.). This metric
alsoaccountdor bothforwardandbackwardslip, wherefor-
wardslip actuallydecreasethe costof traversalbecausehe
wheelsturnfor ashortemperiodof timeto reachthegoal. The
pathcostis calculatedusing:

er Z

C = We( Th ! ndt)+ Wp( Pact K)dt) (1)

n=1

(k Pdes

whereT,, and! ,, arethetorqueandspeedf wheeln, respec-
tively; pges andpact arethedesirecandactualroverpositions,
respectiely; andW, andW, areweightingterms.

Anothermetric thatis usedis patherror (the secondhalf of
Equationl). Becausehe slip-compensategathfollower is
beingrunin the simulation,patherroris anindicationof ter-
rainthatis moredif cult to traverse gvenwhencompensating
for slip.

Other metricsthat can be usedare minimum groundclear
ance,minimum distanceto extremehazardsand maximum
groundinteractionforces. Groundclearances the distance
from the groundto the underbellyof therover. Thisis a po-



tential hazardbecausét can“high center”the rover which
canbe a very seriousthreatto mobility. This type of for-
ward simulationis the only way to accuratelyestimatethe
minimum groundclearanceof a path. Distanceto extreme
hazardgsuchaslarge drop-offs, high-slipareaswheeltraps,
etc.) is anothermetric to determinethe risk of traversinga
pathand canbe usedto evaluatethe relative costof a path.
Largegroundinteractionforcesthatcanbecausedy travers-
ing overrough,stiff terrain(suchasvery rocky terrain)could
alsobeusedasametricto increasehelifetime of thevehicle
by selectingpathsthatplacelower demandsn the actuators
andstructureof thevehicle.

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

7. SLIP-COMPENSATED PATH FOLLOWING

Whenthe nal pathis createdtheslip-compensatepathfol-
lowing algorithmis invoked to enablethe rover to actually
follow this pathregardlessof the slip. This algorithmcom-
paresvisual odometry(a techniquethat measuresover mo-
tion including slippage)andvehiclekinematics(a technique
that measuresover motion minus slippage)to estimatethe
location and the slippageof the rover; it then compensates
for this slippageand accuratelyfollows the desiredpathto
thegoal.

This systemis describedn detailin [7], [9].

8. RESULTS
Slip PredictionResults

We havetestedheslip predictionmoduleindependentiyna

LAGR? vehicle. The datasets collectedoutdoorsin a natu-
ral parkon ve differentterrains ncludingsandsoil, gravel,

asphaliandwoodchips.Theslip modelsandtheterrainclas-
si er have beentrainedon 3000 frames. The summaryre-

sultsare presentedn [2], andarethe resultsof slip predic-
tion over 2000testframes,non-intersectingvith the training

data,while the rover traversesary of the above mentioned
terrains. The averageslip predictionerror achievedis about
21%, whichis a satishctoryresult,giventhe amountof noise
in the measuredlip. Moreover, misclassi cationin theter-

rain type contributesto a large part of the error. In particu-
lar, if theterraintypewerecorrectlyclassi ed, the prediction
errordecreases about11% on average. Terrainmisclassi-
cation errorsmainly occurbetweervisually similar terrains
suchassandandsoil, especiallyfor the partsof the soil areas
which werecoveredwith dust. Seg[2] for detailedresults.

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

The nal slip predictionis performedonthewholeforthcom-
ing mapanda slip relatedcostis calculated.The costbased
on the predictedslip is handeddown to the terraintriageal-
gorithmwhich further determinesareasof the terrainwhich
needmorere ned terraintraversabilityassessmerandis -
nally givento a pathplanner Figure5 showvs the mapgen-
eratedby the rover driving in deepsandandon upslopesoil
terrain. The correspondingderrainclassi cationandslip pre-
diction resultsarealsoshovn for eachmapcell. As seenit
hasbeenpredictedhatdriving on at sandincursalargecost
andtherovershouldpreferthe neighboringvoodchipterrain.
Driving upslopeon soil terraincausesabout40% slip which
is mappedto a slip costin the mid-rangesand which will
further invoke the HFTA algorithmto determinethe safest
path. Also notethat mostterrainclassi cation errorsoccur
atrangedargerthan6m, wheretheimagepatchcorrespond-
ing to a mapcell is of very small size (for the LAGR rover
con guration).

IntegratedSystenResults

An integratedsystemincluding Navcam panoramecapture,
goaldesignationgoodness/triagmapgenerationpathplan-
ning, and slip-compensategath following was performed
onboardaresearchover (Rocky8) in theMarsyard(seeFig-

urel). Rocky8 is aresearctplatformthatis usedby mary

Mars TechnologyProgram(MTP) tasksto demonstrateéhe
software and algorithmson relevant hardware in a relevant
environment(see[7] for a more detaileddescriptionof the
rover). It is similar in designto the MER roversandthe fu-

ture MSL rover.

For this demonstratiorthe rover startedat one side of a
rock eld on a sandyslope (seeFigure 10). It rst took
a panoramicimage consistingof ten stereoNavcam pairs
spacedl0 apart,resultingin 290 panorama.Thena user
designatedgoalfromthispanoramiémagery(seeFigure6).
In this testthe goal wasdesignatedht (12.0, -4.0) metersin
theinitial roverframe.

Thepointcloudsareregisteredusingthemastpan/tiltangles,
andtheroverroll andpitch (from theIMU) areusedto grav-

ity level the data. A goodnessmap and a triage map were
generatedrom the stereodata(seeFigures7 and8). These
mapsusedl0cm cell sizes.Thenapathwasplannedhrough
thegoodnessapusingthe D* algorithm.

Once the path was planned, it was passedto the slip-
compensate@athfollower. The pathfollower compensated
for slippageandsuccessfullyeachedhegoal. It wasrunning
VisualOdometryat 1 Hz andvehiclekinematicsat4 Hz, and
resultedin a continuousmotion from the start point to the
goal. Theresultsof thetraversecanbe seenin Figure9. As
canbeseentherovertraverseshepathandarrivesatthegoal
(seeFigure10). Theactualpathin this plot is the outputof
Visual Odometry For a validationof the accurag of Visual
Odometrysee[7],[16]. The maximumrover roll during this
traversewas16.3 andthe maximumrover pitchwas7.2 .



Figure 5. Exampleresultsof continuousslip predictionon the mapasthe rover drives(the pathandthe nal rover position
aremarkedin green).An inputimageandthe correspondingnapcontainingaveragecolor percell (left), theautomaticerrain
classi cation (middle), the nal slip costbasedon the predictedslip (right) (brighter meanslarger cost). Top: the roveris
traversing at sandyterrain.Bottom: theroveris driving upslopeon soil terrain.

Figure 6. Panoramalakenby the Roverwith the Designated>oal

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).
Table 2 shows the enegy and patherror metricsfor eachof
thepaths.It is importantto notethattheabsoluteaccurag of
thesemetricsis not importantbecausehey areonly usedto
comparerelative pathcoststo determinehelowestcostpath
of theset.As canbeseengoingdirectly overthehemisphere
(pathl) is themostcostly pathin termsof enegy andtravel-
ing onthe sideof the hemispherdpaths2 and3) is the most
costly in termsof patherror. Traveling on the at ground
aroundthe hemispherdiaslow costfor bothenegy andpath

error, andis clearly the mostdesirablepathof the four. For

this terrain, theseresultsare supportedby intuition. When
theterraincompleity increaseshis algorithmwill beableto

distinguishsubtledifferencebetweerpathshatwouldnotbe

possibleusingsimplermethods.On average this algorithm,
takes approximately4 secondsper meterof pathanalyzed.
Decreasinghis runtimewill beafocusof futurework.

Table 2. PathandEnegy Costsfor HFTA Simulation

Path | Enegy (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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Figure 10. Rocky8in theJPLMarsYardattheGoal
Figure 11. PathsEvaluatedwith HFTA
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x (meters)

Figure8. TriageMap with PlannedPath
9. CONCLUSIONS
We show resultsfrom individual testsof varioussubsystems
including: slip predictionand HFTA. Resultsfrom the slip
predictionsubsystenshav that we are able to successfully
predictslip ata distanceusingdatagatheredn the eld from
arover. Resultsfrom the HFTA algorithmshawv thatwe can
comparetraversability of differentpathsby measuringmet-
rics from a dynamicforward simulationof therover.
the Mars yard. Theseresultsdemonstrateahe feasibility of
this approachasanend-to-enchavigation systemin arealis-
tic Marsanalogterrain.
10. FUTURE WORK

Futurework will include the integration of the terrainclas-
si cation, the slip prediction,andthe HFTA algorithmsinto

the onboardresearchover software,andto demonstratéhe

scribedtechnologiedntegratedonboarda researchrover in
entireintegratedsystemin the Marsyardor in the eld.

We alsoshaw resultsfrom experimentsof a subsebf thede-
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