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Abstract – NASA's Mars Exploration Rovers (MER) were
designedto traversein Viking Lander-I styleterrains: mostly
�at, with many small non-obstaclerocks and occasional
obstacles. During actual operations in such terrains, on-
board positionestimatesderivedsolelyfromtheonboard In-
ertial MeasurementUnit and wheelencoder-basedodome-
try achievedwell within thedesigngoal of at most10%er-
ror. However, MERvehicleswere alsodrivenalongslippery
slopestilted ashighas31degrees.In such conditionsanad-
ditional capability wasemployedto maintaina suf�ciently
accurateonboard positionestimate:VisualOdometry.

The MER Visual Odometrysystemcomprisesonboard
software for comparingstereo pairs taken by the pointable
mast-mounted45 degree FOV Navigation cameras (NAV-
CAMs). The systemcomputesan update to the 6-DOF
rover pose(x, y, z, roll, pitch, yaw) by tracking the motion
of autonomously-selected”interesting” terrain featuresbe-
tweentwo pairs of stereo images, in both 2D pixel and 3D
world coordinates. A maximumlikelihoodestimatoris ap-
pliedto thecomputed3D offsetsto producea �nal, corrected
estimateof vehiclemotionbetweenthetwopairs.

In this paperwedescribetheVisual Odometryalgorithm
usedon theMars Exploration Rovers,andsummarizeits re-
sultsfromthe�r st yearof operationsonMars.
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1 Background
Keepingtrack of a vehicle's location is oneof the most

challengingaspectsof planetaryrover operations.TheMars
ExplorationRovers(MERs) aretypically commandedonly
onceperMartiansolarday(or “sol”) usinga pre-scheduled
sequenceof precisemetrically speci�ed commands(e.g.,
”drive forward 2.34meters,turn in place0.3567radiansto
theright, drive to locationX,Y, takecolorpicturesof theter-
rain at locationX,Y,Z” [1]), so having an accurateposition
estimateonboardduring the executionof all terrain-based
commandsis of critical importance.

MER rover onboardpositionandattitudeestimateswere
updatedat 8 Hz nearlyevery time the wheelsor rover arm

(InstrumentDeployment Device, or IDD) were actuated.
Changesin attitude(roll, pitch, yaw) weremeasuredusing
a Litton LN-200 Inertial MeasurementUnit (IMU) that has
3-axis accelerometersand 3-axis angularrate sensors,and
changesin positionwereestimatedbasedon encoderread-
ingsof how muchthewheelsturned(wheelodometry).

After moving a small amounton a slippery surface,the
rovers were often commandedto usecamera-basedVisual
Odometryto correctany errorsin theinitial wheelodometry-
basedestimatethat occurwhenthe wheelslosetractionon
large rocksandsteepslopes.Our Visual Odometrysystem
computesan updateto the 6-DOF rover pose(x, y, z, roll,
pitch, yaw) by tracking the motion of “interesting” terrain
featuresbetweentwo pairsof stereoimagesin both2D pixel
coordinatesand3D world coordinates.A maximumlikeli-
hoodestimatorappliedto thecomputed3D offsetsproduces
the �nal motion estimate.However, if any internalconsis-
tency checkfails, too few featurepointsaretracked, or the
estimationfails to converge,thenno motionestimateupdate
will beproducedandtheinitial estimate(nominallybasedon
wheelodometryandtheIMU) will bemaintained.

NASA's twin MarsExplorationRoversSpirit andOppor-
tunity landedon the surfaceof Mars in January2004. As
shown in the blue lines of the traverseplots in Figures1
and2, humanrover drivershave commandedextensive use
of theVisualOdometrysoftwareduringhigh-tilt operations:
driving OpportunityinsideEagleandEndurancecraters,and
climbingSpirit throughtheColumbiaHills.

In the�rst yearsincelanding,therovershave drivenover
terrainwith asmuchas31 degreesof tilt, andover textures
comprisedof slippery sandymaterial, hard-packed rocky
material,andmixturesof both. Engineeringmodelsof ve-
hicleslip in sandyterraindevelopedduringEarth-basedtest-
ing correlatedremarkablywell with certainsandyMeridi-
ani terrains.However, slip wasextremelydif�cult to predict
when the rover was driven over nonhomogeneousterrains
(e.g.,climbingoverrockfor onepartof adriveandloosesoil
for another).Early on, theuncertaintyin theamountof slip
resultingfrom drivesonhighslopesor loosesoilsforcedthe
operationsteamto spendseveral daysdriving toward some
targets,even thosejust a few metersaway. But throughthe



Figure1: Plot of Spirit's traversehistory usingVisual Odometryin the ColumbiaHills from sols178 – 418. Units arein
metersfrom thelandingsiteorigin, asmeasuredonboardtherovers.Redlinesindicatedirectly commanded“blind” drives,
greenlinesindicateautonomoushazarddetection,andbluelinesindicatevisualodometry. Spirit only usedVisualOdometry
within theColumbiaHills, notduringits 3 kilometertrek to reachthem.

Figure2: Plotof Opportunity'straversehistoryusingVisualOdometry. Ontheleft, thedrivein andaround20meterdiameter
Eaglecraterfrom sols1 – 70. Ontheright, thedrive in andaroundEndurancecraterfrom sols133– 312.Unitsarein meters
from the landingsiteorigin, asmeasuredonboardtherovers. Redlines indicatedirectly commanded“blind” drives,green
linesindicateautonomoushazarddetection,andbluelinesindicatevisualodometry.

restof the�rst yearof operations,VisualOdometrysoftware
hasenabledprecisiondrives (e.g., endingwith the science
targetbeingdirectly reachableby theIDD) overdistancesas
longas8 meters,onslopesgreaterthan20degrees.

2 Algorithm
Ourapproachto positionestimationis to �nd featuresin a

stereoimagepairandtrackthemfrom oneframeto thenext.
This approach,known as Visual Odometryor ego-motion
estimation,wasoriginally developedby Matthies[7]. Fol-
lowing his work, someminor variationsand modi�cations
helpedimprove its robustnessand accuracy [10]. Related
work using stereoimagesfor localizationcan be found in
[5, 9], andusingasingleomnidirectionalcamerain [2]. The
key ideaof the presentmethodis to determinethe change
in positionandattitudefor two or morepairsof stereoim-
agesusingmaximumlikelihoodestimation.Thebasicsteps
of thismethodaredescribedasfollows.

Feature Detection First, features that can be easily
matchedbetweenstereopairs and tracked acrossa single
motionstepareselected.An interestoperatortunedfor cor-
ner detection(e.g. Forstneror Harris) is appliedto an im-
agepairs,andpixelswith thehighestinterestvaluesarese-
lected. To reducethe computationalcost,a grid with cells
smallerthanthe minimum distancebetweenfeaturesis su-
perimposedon the left image. The featurewith strongest
cornerresponsein eachgrid cell is selectedasa viablecan-
didate.A �x ednumberof featureshaving thehighestinterest
operatorresponsesisselected,subjecttoaminimumdistance
constraintto ensurethatfeaturesspantheimage.

Feature-basedStereoMatchingEachselectedfeature's3D
positionis computedby stereomatching.Becausethestereo
camerasare well calibrated,the stereomatching is done
strictly alongtheepipolarline with only afew pixelsof offset
buffer above andbelow it. We usePseudo-normalizedcor-
relationto determinethebestmatch.In orderto obtainsub-
pixel accuracy, abiquadraticpolynomialis �t to a3x3neigh-



borhoodof correlationscores,andthe peakof this polyno-
mial is chosenasthecorrelationpeak.

The3D positionsof theseselectedfeaturesaredetermined
by intersectingrays projectedthroughthe cameramodels.
Underperfectconditions,theraysof thesamefeaturein the
left and right imagesshould intersectat a point in space.
However, dueto imagenoise,cameramodeluncertaintyand
matchingerror, they do not always intersect. The shortest
distance“gap” betweenthe two raysindicatesthegoodness
of thestereomatch:featureswith largegapsarethrown out.

Next we computethe covarianceassociatedwith each
feature. Assume the stereo cameras are located at
C1(X 1; Y1; Z1) andC2(X 2; Y2; Z2). Let r 1 andr 2 be two
unit vectorsconnectingC1 andC2 to thesamefeaturein both
images.Becauseof noise,r 1 andr 2 do not alwaysintersect
preciselyatapoint. But aslongastheraysconvergein front
of the lensandarenot exactly parallel,therewill alwaysbe
a shortestline segmentconnectingthesetwo rays. Letting
P1 andP2 be the endpointsof that line segment,we have
the following constraintson the distancefrom eachcamera
to thatfeature(wherem1 = jP1C1j; m2 = jP2C2j):

P1 = C1 + r 1m1 (1)

P2 = C2 + r 2m2 (2)

Thereforewehave

(P2 � P1)r 1 = (C2 � C1 + r 2m2 � r 1m1) � r 1 (3)

= 0

(P2 � P1)r 2 = (C2 � C1 + r 2m2 � r 1m1) � r 2 (4)

= 0

Thenwehave

m1 =
B r 1 � (B � r 2)( r 1 � r 2)

1 � (r 1 � r 2)2 (5)

m2 = (r 1 � r 2)m1 � B r 2 (6)

P = (P1 + P2)=2 (7)

whereB = C2 � C1 is the stereobaseline,and m1 and
m2 arefunctionsof featurelocationsin both imageswhose
partialderivativesare:
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Figure3: Featuretrackingoccursbetweenevery pair of im-
ages.In thisview, severalimagesfrom Spirit'sSol178drive
andtheir trackedfeatureshave beensuperimposed.

Furthernotethatthecovarianceof P is

X

P

= P0
� P

l 0
0

P
r

�
P0T (11)

whereP 0 is theJacobianmatrix or the�rst partialderivative
of P with respectto the2D featurelocationsin the left and
right images,and

P
l and

P
r are2x2 matriceswhoseele-

mentsarethecurvaturesof thebiquadraticpolynomialalong
thevertical,horizontalanddiagonaldirections,whichcanbe
obtaineddirectly from subpixel interpolation.

Thequalityof a3D featureis afunctionof its relativeloca-
tion, thegapbetweenthe two stereoraysandthesharpness
of the correlationpeak. This covariancecomputationfully
re�ects thesethreefactors.

Feature Tracking After the rover movesa shortdistance,
a secondpair of stereoimagesis acquired.Thefeaturesse-
lectedfrom the previous imageare projectedinto the sec-
ondpair usingtheapproximatemotionprovidedby onboard
wheel odometry(seeFigure 3). Then a correlation-based
searchreestablishesthe2D positionspreciselyin thesecond
imagepair. Stereomatchingof thesetracked featuresde-
terminestheir new 3D positions. Becausethe 3D positions
of thosetracked featuresare alreadyknown from the pre-
vious step,the stereomatchingsearchrangecanbe greatly
reduced.Featureswhoseinitial and�nal 3D positionsdiffer
by too largeanamountare�ltered out.

RobustMotionEstimationIf theinitial motionis accurate,
thedifferencebetweentwo estimated3D positionsshouldbe
within theerrorellipse.However, whentheinitial motionis
off, the differencebetweenthe two estimatedpositionsre-
�ects the error of the initial motion and it can be usedto
determinethechangeof rover position.

The motion estimationis donein two steps.First, a less
accuratemotion is estimatedby Least-squaresestimation.
Theerrorresidualis

ej = Pcj � RPpj � T (12)



andthecostexpressionis

M (R; T) =
X

wj eT
j ej (13)

wj = (det(
X

pj ) + det(
X

cj )) � 1 (14)

Thereis a closedform solutionfor this leastsquareses-
timation [8]. The advantageof this leastsquaresmethodis
that it is simple,fastandrobust. Its disadvantageis that it is
lessaccuratebecauseit only takesthequality (thevolumeof
theerrorellipsoid)of theobservationsasaweightfactor.

Becauseit is aninexpensiveoperation,weembedit within
aRANSAC (RandomSampleConsensus)processto doout-
lier removal:

1. A small set of features(e.g. 6) is randomlyselected
andthemotionis thenestimatedusingtheleastsquares
estimationmethod.

2. All featuresfrom previousstepareprojectedto thecur-
rentimageframeby thenewly estimatedmotion. If the
gapbetweenareprojectedfeatureandits correspondent
is lessthana threshold(e.g.0.5),thescoreof this itera-
tion will beincrementedoncefor eachviablefeature.

3. Steps1 and2 repeatfor a�x ednumberof iterationsand
the motion with the highestscoreis selected.All fea-
turesthatpassthisiterationwill beusedin thefollowing
more accurateestimation— the maximumlikelihood
motionestimation.

Themaximumlikelihoodmotionestimationconsidersthe
3D positiondifferenceandassociatederrormodelswhenes-
timating position. Let Ppj andPcj be the observed feature
positionsprior to andafterthecurrentrobotmotion.Then

Pcj = RPpj + T + ej (15)

whereR andT aretherotationandtranslationof therobot
andej is thecombinederrorin theobservedpositionsof j th
features.In this estimation,3 axis rotations� R andtransla-
tion T aredirectlydeterminedby minimizingthesummation
in theexponents

X
r T

j Wj r j (16)

r j = Pcj � RPpj � T (17)

whereWj is the inversecovariancematrix of ej . The
minimizationof this nonlinearproblemis doneby lineariza-
tion andan iterative process[8]. Two nicepropertiesof the
maximum-likelihoodestimationmake thealgorithmpower-
ful. First, it estimatesthe3 axisrotations� R directly sothat
it eliminatesthe error causedby rotationmatrix estimation
doneby the least-squaresestimation.Secondly, it fully in-
corporateserrormodels(theshapeof theellipsoid) into the
estimation,which greatlyimprovestheaccuracy of the�nal
motionestimate.

Figure 4: Visual OdometryError measuredduring a 2.45
meterdrive usingHAZCAMs on the MER SurfaceSystem
TestbedLite rover. The rover wasdrivenover several large
non-obstaclerocks,eachlessthan20cmtall, in 35cmsteps.
The vehiclewasheld in placeduring the �nal step,so the
wheelodometryerror for that stepis arti��cally large, yet
theVisualOdometryerrorremainssmall.

As of theFebruary2005versionof MER �ight software,
optionalconstraintscanalsobeplacedonthe�nal motiones-
timateto provideadditionalsanitychecking.Themagnitude
of the3D updatevector, its X andY SiteFramecomponents,
the magnitudeof the Roll, Pitch andYaw updates,andthe
angulardeviation from a purelydownslopevectorcanall be
restricted.Any updateviolating theactive setof constraints
is treatedasa failure to converge; thenumberof acceptable
failuresis anotheroptionalconstraint.

3 Ground-basedValidation
This visualodometrysoftwarehasbeentestedon numer-

ousroverplatforms.ThelatesttestswereconductedonJPL's
Rocky 8 rover at the JPL Marsyardandin JohnsonValley,
California [4]. Rocky 8 hastwo pairsof hazardavoidance
stereocamerasmountedon the front and rear of the rover
body about50 cm above the ground. The imageresolution
is 640 by 480, horizontalandvertical �elds of view are80
degreeshorizontalby 64 degreesverticalandthebaselineis
about8.4 cm. The JohnsonValley site hadslopesof loose
granularsandwherethe rover experiencedsubstantialslip,
tilt, androll duringthetest.

In order to evaluateVisual Odometryperformance,high
precisionground-truthdata(positionandattitude)wasalso
collectedusing a total station(like a surveyor's theodolite
with a laserrangesensor).By trackingfour prismson top
of therover, therover's positionandattitudeweremeasured
with highprecision(< 2 mmin positionand< 0.2degreein
attitude). The absolutepositionerrorswerelessthan2.5%
over the24 meterMarsyardcourse,andlessthan1.5%over
the29 meterJohnsonValley course.Therotationerrorwas
lessthan5.0degreesin eachcase.

Testswerealsorun on theMER SurfaceSystemTestbed



Figure5: Views of Opportunity's 19 meterdrive from Sol 188 throughSol 191. The insidepathshows thecorrect,Visual
Odometryupdatedlocation. The outsidepath shows how its path would have beenestimatedfrom the IMU and wheel
encodersalone.Eachcell representsonesquaremeter.

Lite rover in an indoorsandboxtestarea.Groundtruth was
acquiredusingatotalstationto measurethevehicle's6-DOF
motion estimateby tracking3 pointsat eachstep. During
thesetestsVisualOdometryprocessingtookplaceusingim-
agesfrom the 120-degreeFOV HAZCAM sensors(but on
Marsonly the45-degreeFOV NAVCAMs arecommanded).
Several testswererun in which VisualOdometrywasfound
to be asgoodaswheelodometryon simpleterrain(within
thedesignspec),andmuchbetterin complex terrain.

Figure4 shows thepositionestimationerror that resulted
from themostslip-inducingtestrun: a2.45meterrock-laden
coursedrivenin 35cmsteps.Thestraightline andlight blue
backgroundrepresentthe designgoal of at most10% error
in thepositionestimate.Thedarkcurve representstheerror
thataccruedwhenthepositionwasestimatedusingonly the
IMU andwheelodometry;after 1.4 metersof driving, the
accumulatederrorhadalreadygonebeyondthedesired10%
curve. Finally, the light curve at the bottomrepresentsthe
error remainingafterVisualOdometryprocessinghascom-
pleted. Evenafter2.45metersof driving over roughobsta-
cleswith asmuchas85% slip, the Visual Odometryerror
remainedsmall,lessthan1%of thetotal traversedistance.

4 UsingVisual Odometry on Mars
VisualOdometryprocessingwasperformedonbothMER

roversusingmast-mountedNAVCAM imagery. NAVCAMs
have a 45-degree�eld of view andsit 1.5 metersabove the
groundplane[6], so all Visual Odometrydrivesweresplit
into smallstepsto ensureat least60%overlapbetweenadja-
centimages.During eachsteptherover wastypically com-
mandedto drive no more than 75 cm in a straight line or
curved arc, and when turning in placewas commandedto
changeheadingby no morethan18 degreesper step. Mo-
tionsoutsidetheseboundsforcedtheprocessto re-initialize.

Although Visual Odometryprocessingcould have been
bene�cial during all rover motion, eachsteprequiredtwo
to threeminutesof computationtime on MER's 20 MHz
RAD6000 CPU, and thus it was only commandedduring
relatively short drives (typically less than 15 meters)that
occurredeitheron steepslopes(typically morethan10 de-

grees),or in situationswherea wheel was being dragged
(digging a trench, or conservingdrive motor lifetime on
Spirit's right front wheel). The onboardIMU exhibited a
very smalldrift rate(usuallylessthan3 degreesperhourof
operation)andthereforemaintainedattitudeknowledgevery
well: soduringthe�rst yearof operationsfrom January2004
throughJanuary2005,Visual Odometrywastypically used
to updateroverpositiononly.

Thereweresomeinstancesin whichVisualOdometrydid
not converge to a solution. Thesearemostlyattributableto
eithertoo largea motion(e.g.commandinga 40 degreeturn
in place,resultingin too little imageoverlap)or to a lack of
featuresin the imagedterrain;but seeSection4.3 on False
Positivestoo. It hassuccessfullymeasuredslips ashigh as
125%on Sol 206 whenSpirit tried to drive up a morethan
25degreeslope.

Severalbene�tswererealizedfrom VisualOdometry. Ve-
hicle safetywas maintainedby having the rover terminate
a planneddrive early, if it realizedvia Visual Odometry
that it wasmaking insuf�cient progresstoward its goal, or
was nearingthe prespeci�edlocation of an obstacle. The
improved drive accuracy in new or mixed-soil terrainsalso
yieldeda greaternumberof scienceobservations,by reduc-
ing thenumberof solsneededto make targetsreachableby
theinstrumentarm(IDD). And PANCAM (PanoramicCam-
era)andMiniTES scienceobservationsrequiringprecision
pointing of the mastwereoften scheduledin the middle of
a drive,usingVisualOdometryto eliminatetheneedfor hu-
mancon�rmation of thepointingangle.

4.1 Meridiani Planum: Opportunity Rover
The terrainat Meridiani Planumis a challengingonefor

Visual Odometry. It is often dif�cult or impossibleto �nd
a patchof nearbyterrainthat hasenoughtexture for Visual
Odometryprocessingto successfully�nd andtrackfeatures,
becausemuchterrainis coveredby athick layerof extremely
�ne particles.Fortunately, areasthathave this smooth,fea-
turelessappearancetendto bevery�at, andin thoseareasthe
IMU andencoder-basedpositionestimationhasperformed
well enoughthatVisualOdometrywasnot needed.Terrain



Figure6: Wopmay, anobstacleinsideEnduranceCrater60
cmtall, 90cmwide,and150cm long.

that exhibits higherslope(andconsequentlymoreposition
uncertainty)almostalwayshasadistinctiveappearance(e.g.,
bedrockoutcrop),or is nearenoughto interestingfeatures
thatVisualOdometrycanbeemployedsuccessfully.

Thepathpredictedby wheelodometryalonecanbequite
different from the actualpath. Figure 5 shows two views
of thetrajectorytakenby OpportunityduringSols188-191.
Therover wasdrivenuphill andacrossslopeover a realdis-
tanceof 19meters,but wheelodometryunderestimatedit by
1.6 metersandfailed to measurethe slip-inducedelevation
change.The outsidepathindicatesthe courseasestimated
solelyby wheelodometry, andtheinsidepathshows theVi-
sualOdometry-correctedcourseplot that wasactuallygen-
eratedonboard.The�nal positionsdiffer by nearly5 meters.

The earliestbene�t from Visual Odometrycameinside
20 meter-diameterEagleCrater, Opportunity's landingsite.
Most driving insideEagleCraterwasmeticulouslyplanned
by humandrivers,predictingslip usingtablesgeneratedby
themechanicalteamfrom Earth-basedtestsof a rover driv-
ing in sand.But while thosetablesworkedwell for predict-
ing purely upslopeand cross-slopeslips on pure sand,no
model was available for driving on pure bedrockoutcrop,
mixturesof bedrockandloosesand,or at anglesotherthan
0, 45 and 90 degreesfrom the gradient. In thosecircum-
stancesVisualOdometrywassometimesusedto drive to the
propertarget, or ensurethat high resolutionPANCAM im-
agesof sciencetargetstakenaftera drive would bepointed
right on target(seetheleft-handsideof Figure2).

But themostextensive useof VisualOdometrywasmade
by Opportunityinside130meterdiameterEnduranceCrater
from Sol133to Sol312(seetheright-handsideof Figure2).
Exceptfor a12meterapproachandreturnat thelowestpoint
(with lowest rover tilt) on Sols201 and203 anda 17 me-
ter drive on Sol 249, Visual Odometrywas usedvirtually
continuouslythroughout.Hadit not beenavailableonboard,
many more sols would have beenneededto approachtar-
gets,andfewer targetswould have beenachieved. But Vi-
sualOdometrynotonly improvedtargetapproachef�ciency,
it alsoprovedcrucialto maintainingvehiclesafety.

FromSols249to 265Opportunitykept�nding itself near
a 1.5meterlong rock calledWopmay(seeFigures6 and7).

Figure7: Opportunity's 15 sol trajectorynearWopmay(ap-
proximatelyindicatedby the grey ellipse), �rst driving to-
wardandthentrying to getaroundor away from it. Downs-
lopeis up to theright. In theleft plot, the“jumps” thatpoint
up to the right are the resultof Visual Odometryadjusting
thevehicle'spositiondownslope.VisualOdometryonly cor-
rectstherover'spositionat theendof eachstepof lessthan1
meter. Theright plot shows thesamecoursewith theVisual
Odometryjumpsremoved.

Although Wopmaywasoriginally considereda sciencetar-
get,it alsoprovedto bea mostdif�cult obstacleto avoid. It
was locateddownhill from a 17-20degreedownslopearea
comprisedof loosesandandburiedrocks. Severalattempts
to drive aroundit werethwartednot only by very high slip,
but alsoby theunseenrocksburiedjust beneaththesurface.
Fortunately, thehuman-commandedsequencestook into ac-
countthepossibilitythattherovermight slip, andsoOppor-
tunity haltedits planneddrivesprematurely(andcorrectly)
whenit realizedthatit wasmoving toocloseto Wopmay.

VisualOdometryalsoenabledmorepreciseapproachesto
dif�cult targets. On Sol 304, a drive of over 8 meterswas
plannedon an outcropwhoseslopevaried from 20 to 24
degrees. Becausethe drive plan took a wide rangeof po-
tentialslips into account,Opportunitywasableto drive just
far enoughacrossslope,thenturn anddrive just far enough
upslope,to perfectly position the desiredtarget within the
IDD work volume in a single sol. Figure 8 illustratesthe
planneddrive, andFigure9 shows the �nal imagefrom the
body-mountedfront Hazardcameras(HAZCAMs) showing
thetargetareaperfectlylocatedbetweenthefront wheels.

Visual Odometryresultsaresummarizedin Table1. As
of March2005,Opportunityhasthrivedfor 394sols.Visual
Odometrywasusedmoreherethanon Spirit, becauseOp-
portunityspentmoreof its �rst yearon slipperysurfaces.It
hasconvergedto asolution95%(828/875)of thetime.

4.2 Gusev Crater: Spirit Rover
TheterrainatGusev crateris well suitedfor VisualOdom-

etry processing. The rock abundancestherematchedpre-
dicteddistributions[3], resultingin a generallyfeature-rich



Figure8: Opportunity's planned8.7meterdrive alonga 20-
24degreeslopeonSol304.

landscapewith detailedtexturescomprisedof rocksof dif-
ferentsizesandbrightnesses.Whenplanningfor drivesus-
ing VisualOdometry, roverdriverstypically only hadto bear
in mind the restrictionthat adjacentframesshouldhave at
least60%imageoverlap,thoughthey sometimesalsohadto
avoid pointingthecamerasat (therelatively infrequentlyoc-
curring) sanddunes. As a result,Spirit's Visual Odometry
softwarehasperformedadmirably.

Oneuniquedriving modethatbene�teda greatdealfrom
Visual Odometryon Spirit waswheel-dragging.The right
front wheelwas found to draw morecurrentwhile driving
thanany of theotherwheelsstartingon Sol 125. This con-
cernled to thedevelopmentof adriving strategy to conserve
motor lifetime, during which that wheelwould be dragged
while all the othersweredriven. Although this was found
to enablereasonableprogresson relatively �at terrain, er-
ror in thepositionestimategrew substantiallyin this mode.
The Visual Odometrycapabilitymeantthat not only could
progressbe made,but also the error addedto the onboard
positionestimatecouldbeboundedaswell.

Relatively little slip wasseenduring the �rst six months
of Spirit's mission.But oncethebaseof theColumbiaHills
wasreached,drivesup into the hills were found to exhibit
muchmoreunpredictableslip. ThusVisual Odometryhas
beenusedduring mostof the drivesin the ColumbiaHills,
especiallyto ensurethat Spirit staysfar enoughaway from
nearbyrock obstacles.The averagetilt of the rover during
thosetimesthatVisualOdometrywascommandedwas14.4
degrees+/- 4.4 degrees,counting625 samplesspanningan
absoluterangefrom 2 - 30degrees.

VisualOdometryresultsaresummarizedin Table1. As of
March2005,Spirit hasthrivedfor 414sols.VisualOdometry
was only usedon Spirit after it had reachedthe Columbia
Hills, nearlysix monthsinto its mission. But sincethen it
hasconvergedto asolution97%(590/609)of thetime.

4.3 FalsePositives
AlthoughwehadneverseenVisualOdometryconvergeto

an inaccuratesolution during testing,on OpportunitySols
137 and 141 several unreasonableposition updateswere

Figure9: After Opportunity's 8.7 meterslopedrive on Sol
304,thegoalareais perfectlyreachableinsidetheIDD work
volume,indicatedin green.

computedonboard. Theseare attributable to an improper
parametersetting;at that time, theminimumseparationbe-
tweenfeatureswastoosmall.As a result,thesetof detected
featureswasallowedto clustertightly arounda smallplanar
but feature-richarea.Increasingthatparameterwasall that
wasneededto allow the softwareto �nd additionalout-of-
planefeaturesandconvergeto a reasonablesolution.

The only other instanceof a falsepositive solution was
on Sol 235. During that sol the NAVCAMs were pointed
at two smallandwidely separatedrocks. Althoughfeatures
werefoundon thoserocks,many morefeatureswerefound
on the largestshapein the image; the rover's shadow. So
even thoughforwarddrive progresswasmade,the onboard
estimatorassumedthattheshadow (having moredistinctfea-
tures spreadthroughoutthe image) better re�ected actual
motion,andthereforeproducedan incorrectestimate.This
problemwould not have arisenhad therebeenmore inter-
estingtexture aroundandunderthe shadow, andsincethen
humandrivershavehadto taketherovershadow intoaccount
whenever planningVisualOdometrydrives.

5 Conclusion
VisualOdometryhasbeenahighly effectivetool for main-

tainingvehiclesafetywhile driving nearobstaclesonslopes,
achieving dif�cult drive approachesin fewer sols, and en-
suringaccuratescienceimaging.Althoughit requiresactive
pointing by humandrivers in feature-poorterrain, the im-
provedpositionknowledgeenablesmoreautonomouscapa-
bility andbettersciencereturnduringplanetaryoperations.
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