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Abstract—NASA’sMarsExplorationRover (MER) missions
will land twin roverson the surfaceof Mars in 2004. These
rovers will have the ability to navigate safely throughun-
known andpotentiallyhazardousterrain,usingautonomous
passivestereovisionto detectpotentialterrainhazardsbefore
driving into them.Unfortunately, thecomputationalpowerof
currently available radiationhardenedprocessorslimits the
amountof distance(andthereforescience)thatcanbesafely
achievedby any rover in a giventime frame.

We presentoverviewsof ourcurrentrovervisionandnaviga-
tion systems,to providecontext for thetypesof computation
thatarerequiredto navigatesafely. We alsopresentbaseline
timing resultsthatrepresenta lowerboundin achievableper-
formance(useful for systemsengineeringstudiesof future
missions),and describeways to improve that performance
usingcommercialgrade(asopposedto radiationhardened)
processors.In particular, wedocumentspeedupsto ourstereo
vision systemthat wereachievedusingthe vectorizedoper-
ationsprovidedby PentiumMMX technology. Timing data
werederived from implementationson several platforms: a
prototypeMarsroverwith flight-like electronics(theAthena
Software DevelopmentModel (SDM) rover), a RAD6000
computingplatform (aswill be usedin the 2003MER mis-
sions),andresearchplatformswith commercialPentiumIII
andSparcprocessors.

Finally, wesummarizetheradiationeffectsanalysisthatsug-
geststhat commercialgradeprocessorsare likely to be ad-
equatefor Mars surfacemissions,and discussthe level of
speedupthat may accruefrom using theseinsteadof radia-
tion hardenedparts.
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1. INTRODUCTION

Planetaryrovers now have the ability to navigate safely
throughunknownandpotentiallyhazardousterrain,usingau-
tonomouspassivestereovisionto detectpotentialterrainhaz-
ardsbeforedriving into them.A local mapof theterraincan
bemaintainedonboard,by resamplingandeffectivelymanag-
ing therangedatageneratedby stereovision. NASA’s Mars
ExplorationRover (MER) missionswill drive safelyon the
RedPlanetin early2004usingthis typeof technology.

Stereovision is anattractive technologyfor rover navigation
becauseit is passive; sunlightprovidesall theenergy needed
for daylightoperations.Henceonly asmallamountof power
is requiredfor the imagingelectronicsto obtainknowledge
abouttheenvironment.And with enoughcamerasor a wide
enoughfield of view, thereneedbe no moving partsin the
system.Having fewer motorsreducesthenumberof compo-
nentsthatcouldfail.

Our navigation systemrelieson a geometricanalysisof the
world neartherover, combiningvariousrangedatasnapshots
generatedby the stereosysteminto a local map. We devel-
opedasystemfor interpretingthisdata,calledtheGrid-based
Estimationof SurfaceTraversabilityAppliedto LocalTerrain
(GESTALT) system,basedonCarnegieMellon’sMorphinal-
gorithm[9], [10].

AlthoughtheMER mission(launchingin mid-2003)only re-
quiresthe rover to travel at most100 metersper day, future
missionslike the SmartLanderRover beingconsideredfor
2009will requireroversto travel evenfarther, henceat faster
speeds.In this paperwe describeour currentalgorithmsfor
autonomousrover navigation, andprovide baselinetimings
for implementationsof thesealgorithmson a varietyof plat-
forms. Our implementationsareprimarily written in C and
C++,but certainoptimizationsarehardcodedin assemblerto
take advantageof vectoroperations.Thesetimingsprovidea
benchmarkfrom which future rover driving capabilitiescan



a)Raw Images: b) RectifiedImages:
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Figure 1. Illustrationof thestepsinvolvedin StereoVision Processing.

bederived.

2. STEREO V ISION ALGORITHM

JPLhasappliedStereoVision softwareto rover motioncon-
trol for many years.Althoughcertainaspectsof ourapproach
haveappearedbefore[3], [14], wewill summarizetheoverall
algorithmherebeforepresentingnew resultsthattakeadvan-
tageof somecommercialvectorizedprocessorsthathaveonly
recentlybecomeavailable.

Our algorithmdependson certainphysicalpropertiesof the
stereocamerasystem. The pair of stereocamerasmust be
rigidly mountedto a camerabar. Using a pair of imagesof
a known calibrationtarget, a pair of geometriccameralens
modelsis calculatedusingGennery’s CAHVORE formula-
tion.[2] This formulationassumesthe systemwill maintain
its geometriccalibrationover someusefultime period(e.g.,
daysor weeksfor researchpurposes,weeksor monthsfor de-
ployedvehicles).This is a reasonableassumption:examples
of NASA-sponsoredrobot camerasystemsthat have main-
tainedtheir stereocalibrationin spiteof bothhigh vibration
deploymentsand/or long periodsof useinclude Dante[8],
Nomad[13], Rocky 7 [12], [5], andtheMarsPathfinderLan-
der[11].

Our stereovision algorithmcanbedescribedasfollows:

1. To decreasethecomputationalburdenandtheeffectof the
rigidity constraint,oftentheraw sensorimagesarereducedin
size,e.g.,from 1024� 1024sourcepixelsdown to 256� 256
pixels, by averagingpixel values(seeFigure1a). Eachso-
calledpyramid level reductionresultsin an 8-fold decrease
in computation:a factorof two from eachspatialdimension,
andanadditionalfactorof two fromareductionin thenumber
of integerdisparitiesthatneedto besearched.Thereis acost

though: thedepthresolutionof theresultingrangeestimates
doubles(i.e., becomeslessprecise)with eachpyramid level
reduction[4].
2. Eachimagepixel encodestheappearanceof a locationin
the3D world; in particular, thesurfaceof thatobjectnearest
the cameraalonga certainray. To find the pixel that repre-
sentsthe sameobjectsurfacein the other image,it is suffi-
cient to searchonly along the projectionof that ray. Since
thebulk of theprocessingtime in stereovision is spentdoing
this search,we simplify laterprocessingby resamplingeach
imagesothatsearchingtheseraysrequiresonly integeroper-
ations.Pairsof imagesarethusrectified, ensuringthat these
rays(calledepipolarlines) arealignedwith thehorizontal,as
in Figure1b.
3. We computethe Laplacianof eachimageto remove any
pixel intensitybias,e.g.,Figure1c. Actually, our implemen-
tationcomputesanapproximation,aDifferenceof Gaussians,
which canbedonemorequickly.
4. Thefilteredimagesarethenfed into a 1-D correlatorthat
usesa 7 � 7 pixel window. Thecorrelatorconsidersa number
of potentialmatchesfor eachpixel in the left imageof each
stereopair, assigninga scoreto eachpotentialmatch. The
rangeof pixels to be searchedis calledthe disparity range,
and is derived geometricallyfrom the input rangeof depth
valuesto be searched(e.g.,from 30 cm to 3 metersin front
of thecameras).Themaximum-scoredmatchis selected,and
the cameramodelis appliedto determinethe corresponding
rangeestimate.Thisprocessis repeatedfor everypixel in the
left image.We takeadvantageof theinherentparallelismus-
ing a sliding sumimplementationto computethecorrelation
scoresefficiently.
5. Not every rangeestimateis accepted,however. A variety
of checksis appliedto pruneout unreliableestimates.For
example,thepeakfilter: thechosenscoremustbebetterthan
that at adjacentpixels. A flat correlationpeakwould mean



(a) (b)

(c) (d)

Figure 2. StereoVision Results:Unoptimized(light blue)vs. Vector-optimized(darkred) run timesfor 4 functions.TheX
axisrepresentsindividual assemblyinstructionsexecutedfor eachfunction; thefirst instructionin a functionis on thefar left,
the last instructionon the far right. The Y axis representstotal time in millisecondsspentexecutinga particularinstruction,
integratedover200iterations.

that many nearbypixels have the sameappearance,result-
ing in an unresolvableambiguity. Also, the Left/RightLine
of Sightfilter: the correlatoris run in the reversedirection,
yielding independentrangeestimatesfor pixels in the right
imageaswell. If an estimatefrom a pixel in the left image
fails to matchthat from its correspondentin theright image,
theestimateis discarded.
6. Having prunedsomeof thesevalues,any remainingsmall
isolatedregionsof rangevaluesarethrown out. Thesesafety
checks(thepeakfilter, theLeft/RightLineOf Sightfilter, and
this Blob filter) resultin a robustsetof correspondencesthat
canbeusedby theonboardautonomysystem.
7. Finally, each disparity value can be mappedto a 3-D
(X,Y,Z) locationusingthegeometriccameramodel.This in-
formationcanbedisplayedin many forms;anelevationmap
is shown in Figure1d.

3. STEREO V ISION OPTIMIZATIONS

The readyavailability of commercialvectorizedprocessors
hasallowedusto realizesignificantimprovementsin theper-
formanceof our stereoimplementation.Fasterinterpretation
of the world allows our roversto drive safelyat ever faster
speeds,e.g. the Urbie robot [6] which cannow drive safely
at over 1 meterpersecond.In this sectionwe documentthe
speedupsobtainedby takingadvantageof thePentiumMMX
capabilities.All thegraphsin Figure2 reflecttimings taken

on a PentiumIII 700 MHz CPU with 32 Kbyte L1 cache,
256Kbyte L2 cacheand512Mbyte RAM runningWindows
2000.While currentlyusedonly on Earth-basedrovers,such
commercial(i.e., non-radiationhardened)processorsmight
alsobeusedon futurespacemissions,aswe discussin Sec-
tion 6.

We focus attentionon four particular functions: local 2D
pixel resamplingin Differenceof Gaussianand Decimate,
buffer preparationin Prepare New Row, correlationscore
comparisonin the Inner Loop, and integer-basedquadratic
peakfinding in ComputeSub-Pixel. The first two require
memoryaccessesthatjumpacrossimagerow boundaries,and
the latter two performmany independentoperationson 8-bit
integer data. Thesepropertiesmake themusefulcandidates
for vectorization.

Differenceof Gaussianand Decimate— Usedto filter and
decimatetheimagesbeforestereocalculations,thisalgorithm
is implementedusingsliding sums.Working with the origi-
nal stereoimages,2 @ 240Kbytes(512*480),thisalgorithm
mustaccessmainmemoryandwill incurL2 cachemisses.To
make themostof eachL2 cachemiss,thevectorizedimple-
mentationoperatesoverwholecachelines.To guaranteeonly
wholecachelinesareused,a smallportionof theoriginalal-
gorithmis usedto aligntheinputs.As shown in Figure2a,the
vectorizedversiondoeshave a morelocalizedoccurrenceof



L2 cachemisses,andits efficientuseof PentiumIII prefetch-
ing mak� esbetteruseof theL1 cache.Note,in Figure2a,the
L1 cachemissescannot be directly measuredsoan estima-
tion of L2 cachereadsis used.This, coupledwith a vector-
izedcomputationof slidingsumvalues,resultsin a2 � speed
increase.

PrepareNext Row— Thisfunctionmaintainstheslidingsum
buffers. It accessesleft and right input imagesand both
sliding sumbuffers. Optimizing this function producesthe
largestgains,4.8 � , from vectorizationandPentiumIII cache
optimizations. This is accomplishedby operatingover full
cachelines of alignedmemory. Sinceaccessto imagedata
is not aligned,this algorithm makesuseof the PentiumIII
prefetchinstruction to assistin loading the requiredcache
lines into theL1 cache.Theothermemory, namelytheslid-
ing sumbuffers,is guaranteedto bealigned.In Figure2b,the
tall light blue barsindicatehow muchtime is wastedby the
C algorithmwaiting for theprocessorto fetchoperandsfrom
memory.

InnerLoop— Thecoreof thestereomatchingalgorithm,this
functionfinds the level of disparitywith the bestcorrelation
scorefor left andright disparities,andsavesthenecessaryin-
formationto generatesub-pixel information.TheC algorithm
usedanunaligneddatastructureto storefour shortsandone
byte of data. This wasnot vectorizableso it was rewritten
to storetwo shortsin onedatastructureandonecorrelation
valuein a table. With this simplerdatastructure,the “Inner
Loop” could be codedusingvectoroperations,specifically,
vectorcomparisons.Usingvectorcomparisonsratherthanif
statementspreventedpipelinethrashingandallowedfour left
andfour right disparitiesto becalculatedeverypass.Theuse
of a tableof correlationscoreswasslower but necessaryto
reducethesizeof thedatastructure.By reducingthesizeof
thedatastructureandusingvectorcomparisons,thevectoral-
gorithmperformsover1.5 timesfaster. This algorithmcould
befurtheroptimizedby removing theright disparitycalcula-
tion andusinga correlationtable,but this wouldsacrificethe
left-right-line-of-sightfilter andsub-pixel disparity.

ComputeSub-Pixel— Run only after the best correlation
scoreis found for eachrow, this functiongeneratesthefinal
pixel andsub-pixel disparity image. The C versionis faster
herebecauseit makesuseof thespatiallocality of the three
bestcorrelationscoresfor eachdisparity, while the vector-
ized versionmust do a table lookup to find the two of the
threescores.Thisoverheadis partiallyabsorbedby theuseof
a vectorizeddivision ratherthanindividual integerdivisions
for eachsub-pixel value. In Figure2d, the two annotations
point to thetimings for thesedivisions. Note,thevectorized
divisionis called4 timesfewerthantheintegerversion,but is
still 1.2 � faster. Unfortunately, while thisalgorithmhasmost
recentlybeenoptimizedandmaystill providea performance
increase,at themomentit resultsin a 1.3 � slow down.

Theseperformancenumbers,measuredwith Intel’s VTune,

havebeenmeasuredwithoutthebenefitof compileroptimiza-
tions.With thecompilersetto optimizefor speed,thefinal re-
sultsshow theJPLstereoalgorithmrunning2.5 timesfaster.
That translatesto just over 20 framesper secondon a Pen-
tium III 750with 256Kbyte L2 cache,working on 256� 240
imagesover32 disparitiesandwith awindow sizeof 8 � 8.

4. GESTALT NAVIGATION SYSTEM

A primary input to any navigation systemis a metrically-
specifiedwaypoint.Althoughonecouldtell theroverto drive
randomly, typically it will besentto a particularpoint in the
world. Waypointsmaybespecifiedstaticallyby simply giv-
ing an(X,Y,Z) valuein aknown world frame,or dynamically
by providing a modulethat cantrack a featurein the world
and always return its currentposition. In what follows we
assumethe waypoint is static,but the extensionto dynamic
waypointsis trivial.

At its core,GESTALT is asetof routinesthatdecidethenext
bestdirectionfor aroverto move,giventhestateof theworld
alreadyseen,new sensordata,anda desiredwaypointgoal.
It first checksto seeif theroverhasalreadyreachedits goal,
or at leasta point within sometolerancebandaroundit. If
so, the navigation cycle hascompletedandthe traversewill
terminatesuccessfully.

The rover will rarely start out alreadyat its goal, however.
Whenit hasany distanceleft to travel, it will evaluateits ter-
rain informationto determinethesafetyof all possiblenearby
turns.Senseddataabouttheterraincancomefrom any num-
beror typeof sensors,solongastheirresultsareprefilteredto
provide individualpointmeasurementsof (X,Y,Z) datain the
rover’s (not the sensor’s) coordinateframe. GESTALT then
choosesfrom amongthesafeturns,onethatwill besthelp it
reachthe goal. The desiredturn anda shortdistance(e.g.,
35 cm) is thensentto thelow-level wheelcontroller, andthe
rover is commandedto moveblindly.

While theroveris driving its next step,it will notuseits imag-
ing sensorsto look for obstacles.Othertypesof safeguarding
will likely beenabled(e.g.,tilt sensors,motorcurrentlimits,
potentiometersthat monitor kinematiclimit configurations),
but noadditionalhigh-level terrain-basedplanningor sensing
needbeperformed.

At the end of eachstep, sensorsare expectedto provide
a reasonablyaccurateestimateof the rover’s new position.
GESTALT doesnot require that the rover motion exactly
matchthat which wascommanded,but it doesassumethat
wherever the rover endedup, its relative positionandorien-
tationcanbereasonablyinferredandprovidedasinput. That
is onelimitation of thesystem,thatit reliesonothermodules
to dealwith myriadpositionestimationproblems(slippingin
sand,gettingstuckon arock, freeinga jammedwheel,etc).



Figure 3. A successful5 meterrun througha narrow obstaclecourse.Theupperleft imageshows actualobstaclelocations
andactualroverpath,asmeasuredusinga surveyor’s rangingtheodolite.Theupperright imageis a pictureof thetestcourse
androver. Thebottomimageis renderedat thesamescaleastheupperleft image,andshows thelocal mapbuilt by therover
during its traverse.This bottomimageis oneof GESTALT’s diagnosticimages,andincludes(1) therover view from the left
forward-facingcamerawith grid superimposed,(2) anelevationimagecorrespondingto (1), (3) thelocal occupancy grid with
(dark)obstaclesandpossiblesteeringarcs,and(4) a rankingof possibleheadingsshowing bestheading.

Choosinga SafeDirection

Rangeimagesgeneratedby StereoVisionareusuallynotsuf-
ficient, in andof themselves,to determineasafedriving path.
Field of view restrictionsanderrorrecoverybehaviors might
forcea rover to turn into anunseenarea.For this reasonwe
keepa local mapof the areaaroundthe rover, so that it can
reasonmoreeffectively aboutits surroundings.This mapis
maintainednot from theperspectiveof therovercameras,but
from anoverhead“bird’ s eye” viewpoint. Figure3 shows an
exampleof a rover mapnext to a similarly-scaled(but inde-
pendent)measurementof theenvironment.

GESTALT modelsthe world as a grid of regularly spaced
cells,with eachcell typically thesizeof arover’swheel.Each
cell storesan8 bit goodnessandcertaintyvalue,or is tagged
unknown. Theresolutionof thegrid cells, theevaluationas-
signedto particulartypesof obstacles,thetypesof teststo be
performed,areall parametersthat may be changedprior to
(someevenduring) a traverse;a nearlycompletelist canbe
foundin Table1.

The GESTALT local map currently uses a configuration
spacerepresentationof theenvironment.Thatis, thecontents
of eachcell in its maprepresentswhetherarover-sizedobject



Table 1. ExampleGESTALT Parameters

Parameter Description Default
Arcs

max-curvature Maxcurvature(closeto point turn) 2.0m ���
num-forward-arcs Numberof forward arc pathsto evaluate 23
num-backward-arcs Numberof backward arcsto evaluate 23
point-turn-amount Howfar to rotateduringa point turn � 	�
���
��������

Waypoints
tight-curve-fraction Broad(0) v. Tight (1) wayptcurves 1.0
vote-index-variance WaypointGaussianvariance 225.0index

	
Grid

x0, y0, xN, yN Grid bounds 0 m, 0 m, 10 m, 10 m
xstep,ystep Grid resolution 0.2m � 0.2m
xelts,yelts Computedfromboundsandresolution 50 � 50cells
plan-min-dist Evaluatepathsstartingat thisoffset 0.3m
plan-max-dist Limit pathevaluationto this length 3.0m
max-idles Maxnumberof cyclesbeforezeroing a cell 2000cycles
grid-dist-timeout Throw outmapdatathis far fromrover 3.0m

Traversability Tests
enabled-tests Which Traversability testsshouldberun step,rough,border
outliers-per-cell Numberof outliers to rejectduringplanefitting 0
eigen-ratio Min eigenvalueratio to validateplanarfit (1: � ) 2.0

min-cell-coverage
Min fraction of cell that mustcontain range data to
enablesurfacenormal(in each of X andY)

0.5

Hazard (Goodness,Certainty)Pairs: each valuerangesfrom0 to 255
unknown Valuefor unknowncell (11,0)
waypoint-certainty Certaintyfor waypointvotes 192
unknown-rovers If no rover model (0, 0)
border Valuefor goodnessof bordercell (250,128)
min-allowed-goodness All pathcellsmustbelarger 10
step-obst Stepobstacle (0, 255)
pitch-obst Pitch obstacle (0, 255)
rough-obst Roughnessobstacle (0, 255)
min-fwd-threshold Votethesholdfor only imaging fwd 180
min-vote-goodness Thresholdfor mergingvotes 26

RoverParameters
rover-length RoverLength 104cm
rover-width Roverwidth 84 cm
obst-height Tallesttraversableobstacleheight 20 cm
wheel-radius Wheelradius 10 cm
max-pitch Maximumallowedpitch angle 25degrees

centeredat thatcell would encounterobstaclesanywhereun-
derneaththerover chassis,possiblyin thesurroundingcells.
The intuitive effect of this representationis that the appear-
anceof anobstaclein thelocalmaptendsto grow beyondthe
obstacle’sphysicalboundariesby half thevehiclewidth in all
directions.

Theflow of eventsthatoccursduringasinglenavigationstep
is asfollows:

1. GESTALT is invokedwith a currentroverpositionandat-
titude estimateand new rangedata. This rangedatacould
comefrom stereovision, lidar, laserscanners,or any typeof

rangesensor;it is assumedto bea setof discrete(X,Y,Z) lo-
cationson surfacesvisible from the rover’s currentposition.
These(X,Y,Z) locationsareassumedto be expressedin the
coordinateframeof theonboardmap.
2. First and secondorder moment statisticsare collected
about all the range points in a given cell. No matter
how many rangepoints contribute to a cell, only 10 floats
comprising thesestatisticsare stored: number of points,� ����� ����� � ��� � 	 ��� � 	 ��� � 	 ��� � !"�#��$�%!&�&���%�'!&�

.
3. Thetraversabilityof eachcell is foundbymergingthemo-
mentstatisticsfrom a rover-sizedpatchof surroundingcells
andfindingthebest-fitplane.As longasthereis enoughdata,



andthedatapassessomepreliminarytests(e.g.,at leasthalf
the cells( have more than1 point), the planeparametersare
usedto computeseveralhazardmeasures:
StepHazard: Find the maximumelevation differencebe-

tweenany pair of cells in this patch ) . If lessthan1/3 the
rover clearanceheight( * ), thereis no stephazard;elsethere
is a hazardwith goodness+-,/. !10 + 2436587 0 + � )�9�*;:<: .
RoughnessHazard: Computethe residualfrom the planar

fit = . If lessthan roughnessfraction
! �> * , thereis no rough-

nesshazard;elsethereis a hazardwith goodness,�?1? !@0 +A236587 0 + � roughnessfraction
!CBD :E: .

Pitch Hazard: ComputetheslopeF from theplanarfit (only
if enoughdataarepresent).Thereisapitchhazardwith good-
ness,�?1? !10 +&243G5H7 0 + � I

maxpitch angle:E: .
BorderHazard: If this cell bordersanunknown cell, there

is a hazardwith goodnessbordergoodness.
The minimum goodnessaccordingto thesehazardsis as-
signedto thecell with a certaintyof 255.
4. Hazard Arc votes: Arc pathsareconsideredout to min
(dist to goal,defaultlength). A weightedsum,biasedto con-
sidernearbycellsmorestrongly, is usedto find the valueof
eacharcpath.Thevaluesassignedto eacharcpath,forward
andbackward, aredisplayedin the diagnosticimageas the
middlerow next to Figure3, part(4).
5. Waypoint Arc votes: Independentlyof thehazardavoid-
ancesystem,thesamesetof arcsis assignedgoodnessvalues
accordingto how well they move the rover toward its goal
point. Thearcthatbestpointstherover towardthegoalgets
thehighestvalue,andthatvalueformsthepeakof agaussian
curve that is appliedto the otherarcs. The varianceof this
curve is a systemparameter, vote-index-variance. Both for-
wardandbackwardvotesareassignedvalues;arcsrunningin
the directiontoward the goalget a peakof 255, thosein the
oppositedirectiongetapeakof 128.Waypointarcpathvotes
aredisplayedin thetop row of Figure3, part(4).
6. Merging Hazard and Waypoint arc votes: Hazardand
waypointvotesaremergedpairwise.If eithervoteis below a
thresholdthentheminimumis chosen.Otherwiseaweighted
goodnesssumis computed,usingthe certaintiesasweights.
Themergedvotes,from whichtheactualcommandedarcwill
bechosen,aredisplayedin thebottomrow of Figure3, part
(4).
7. Finally, thearcwith maximumgoodnessis selectedasthe
next rover step. In caseof multiple peaks,themiddlearcof
the longestadjacentsetof votesis chosen.Multiple candi-
datesareindicatedin Figure3, part (4) with a greenunder-
line highlight,andtheactualarcchosenis taggedwith agreen
box.

As mentionedpreviously, theprocessof arcselectionrepeats
until the desiredwaypoint is reachedor someother condi-
tion terminatesthe run. Of coursethings tendto work bet-
ter if theroveractuallyfollows thetrajectorycommandedby
GESTALT, but sincethepathis reevaluatedateverystepthis
is not a strict requirement.

5. BASELINE SYSTEM TIMINGS

In Section3 we describedcertainoptimizationsto theStereo
Vision codethat take advantageof thevectorizedMMX op-
erationsavailableon the Pentiumarchitecture.To provide a
benchmarkfor future studies,in this sectionwe presentthe
(unoptimized)timings of the StereoVision and GESTALT
Navigationsoftwareonfour differentCPUs.TheR3000CPU
is partof acompleterovervehicle,theAthenaSDM; theoth-
ersaresimplydesktopmachinesonwhichthesamecodewas
built, andtestedonrealimagesloggedfrom anearlierrunon
the AthenaSDM. The desktopresultsdemonstratethe kind
of speedupattainableusingcommercialCPUs,andeachof
theseCPUshasbeenusedto control rovers in the past(or
will beusedin thenearfuture).

R3000(AthenaSDM)— [1] A prototypeof aMarsRoverde-
sign that predatesMER, the AthenaSoftwareDevelopment
Model(SDM) roverhasanR300012MHz CPUwith 2 Kbyte
datacache,4 Kbyte instructioncache,and32MbytesDRAM
memory. Its topspeedmechanicallyis about5 cm/s,but com-
putationalconstraintslimit it to 1 cm/sonaveragewhile driv-
ing with obstacleavoidanceenabled.

RAD6000— Somesimulationtiming numbersweregener-
atedon a desktopcagenot connectedto a physicalvehicle.
Thisunit hasaRAD6000RISCprocessor, similar to thetype
of processorplannedfor the 2003 Mars ExplorationRover
mission,runningat 20MHz with 8 KbytesL1 cacheand128
Mbytes RAM. Individual timings generatedon this system
arealwaysin multiplesof “ticks”, oneof which takesatmost�J<K seconds.

SunUltra 10 Workstation— Additional simulationtimings
comefrom adesktopworkstationnotconnectedto aphysical
vehicle.ThisworkstationhasaSunSparc-IIiCPUrunningat
300MHz with a2 Mbyteexternal(L2) cacheand128Mbytes
RAM.

Linux Workstation — Additional simulation timings come
from a desktopworkstationnot connectedto a physicalve-
hicle. ThisworkstationhasaPentiumIII CPUrunningat500
MHz with 32KbytesL1 cache,512KbytesL2 cacheand256
MbytesRAM.

Table2 presentstiming resultsaveragedover eight testruns,
which comprisemorethan100individual stepsin total. The
Athena SDM rover has both forward and rearward facing
cameras,but therearwardfacingcameraswerenotusedatev-
erystep;only if thebestforwardgoodnessvaluewaslessthan
thesystemthresholdmin-fwd-threshold. Useof therearward-
facingcamerasaccountsfor thehigh variancein ImageGrab
time (eachimagegrab takesabout5 seconds),and the dif-
ferencein numberof Samplesfor GESTALT processingv.
ActualDriving Time.

While Table2 reflectsthe time requiredfor a completenav-
igationcycle, including imageacquisitionandrover driving,



Table 2. ImplementationTimingson theAthenaSDM R300012MHz CPUrunningVxWorks,usinga 10 meter � 10 meter
Grid with 20 cm � 20cm Cells.Timingscomefrom 8 separaterunscomprising105distinctmoves.

Step in the Navigation Algorithm Execution Time (seconds) Samples
Initializationsthatoccurat systemstartup

Initializing Images 0.006 L 0.00827 8
Initializing JPLStereo 0.016 L 0.00631 8

Loadingcameramodels 0.009 L 0.00756 8
Initializing BW Votes 0.013 L 0.0075 8
Initializing FW Votes 0.017 L 0.0089 8
Initializing NavRover 0.095 L 0.0075 8

ImageAcquisition
Time for Cameraselection 0.97 L 0.0162 154
Time for Exposuresetting 0.013 L 0.00727 154

Time for Imagegrab 7.7 L 2.7 154
Beginningto processimagepair 0.16 L 0.0115 154

About to loadimagesfrom memory 0.014 L 0.00681 154
Imagesloaded,now CallingMatchStereo 0.117 L 0.00472 154

StereoImageProcessing:512� 512downto 128� 128
Pyramidlevel boxfilter 0.277 L 0.00812 154

Time for DoGandpyrlevel 0 downsample 0.83 L 0.0149 154
Time for rectification 0.013 L 0.00718 154

Time for pre-processing 0.013 L 0.00675 154
Time for correl,minim, subpix,lrlos 3.34 L 0.0202 154

Time for blobfiltering 0.161 L 0.00959 154
NavigationMapProcessing

Time to adddisparitymapto grid 2.6 L 0.28 154
Time to generateplanesatusefulcell 5.2 L 0.384 154

Time for traversabilityanalysis 2.34 L 0.0934 154
Time for arccreation 0.014 L 0.00641 154
Time for pathvotes 3 L 1.31 154

ActualDriving Time
Donedriving commandedarc 15 L 2.92 105

TOTAL TIME (average) 42 secondsL 7.80705

in Table3 wefocusattentiononjustthevisionandnavigation
componentslisted in the third andfourth blocksof Table2.
Table3 thuspresentstiming resultsusingonly asingleimage
pair, but run tentimesondifferentprocessorsto measuretim-
ing variancesat varying grid resolutions.Thesetimings are
moresuggestiveof whatcouldbeachievableoncommercial-
gradeprocessors.

Notethatall of thetimingspresentedin thissectionhaveused
unoptimizedcode. We fully expect to achieve fasterperfor-
mancein the nearfuture, after using this unoptimizedsoft-
wareto validateour generalapproachto navigation.

The navigation systemis still being fine-tuned,and docu-
mentingtherover’sability to actuallyreacha goal is beyond
thescopeof thispaper. But Figure4 is illustrativeof thekind
of navigationperformancewehopeto achieveroutinely. Dur-
ing thecourseof that run throughViking LanderII-type ter-
rain in JPL’s Marsyard,1 theAthenaSDM roversuccessfully

M
http://robotics.jpl.nasa.gov/infrastructure/marsyard/

avoidedlarge obstacles(plottedfrom groundtruth measure-
mentsasellipsoidsin thefigure),climbedovermany smaller
rocks(someof which arealsoplottedin the figure), andfi-
nally terminatedits runwithin theareaoriginally designated,
over 17 metersfrom its startingposition. Someother runs
werenot assuccessful,the rover having gottenconfusedby
errorsin themapcausedby inaccuratepositionestimation.

6. FUTURE M ISSIONS

Currentdesignsfor a MarsSmartLander/Rovermission,un-
der study for a possiblelaunchin 2009,call for a 180 day
surfacemissionduring which a rover traversesa total of 6
km, in two legs of 3 km each. Detailedscientific investiga-
tion would beconductedat threesites,includingthe landing
siteandtheendsof each3 km traverseleg. To achieve these
goalswithin tentative time allocationsfor eachaspectof sur-
faceoperations,the rover would needthe ability to traverse
up to 675 meters/day, or an averageof 6.25 cm/secover a
threehourdriving day. Duringsuchatraverse,it is necessary
to avoid obstacles,desirableto maintainpositionknowledge



Table 3. SimulationTimings,RunningGESTALT 10 timeson a SingleRealImagePair usinga9 meterx 9 meterGrid at
DifferingResolutions

Pentium III 500 MHz Linux System
Grid Cell Resolution: 50 � 50 cm

	
20 � 20 cm

	
10 � 10 cm

	
Time (seconds) Time (seconds) Time (seconds)

Roverandgrid initialization 0.00218L 5.05e-05 0.00611L 0.000208 0.021 L 0.000276
DoG andpyrlevel 2 downsample 0.285 L 0.009 0.283 L 0.0126 0.27 L 0.00196
Rectification 0.000104L 5.87e-06 0.000105L 8.7e-06 0.000104L 4.8e-06
Pre-processing 3.98e-05L 7.48e-07 4.14e-05L 1.69e-06 4.02e-05L 4e-07
Correl,minim, subpix,lrlos 0.0729L 0.00544 0.0813L 0.0303 0.0742L 0.00886
Blob filtering 0.00311L 0.00013 0.0031L 9.86e-05 0.00307L 4.73e-05
Fit planes 0.0294L 0.00652 0.14 L 0.0101 1 L 0.00564
Traversabilityanalysis 0.00171L 4.01e-05 0.0192 L 0.000544 0.144 L 0.0114
Pathvotes 0.022 L 0.00118 0.0454 L 0.000814 0.0838L 0.00147
Generatingfloat rangeXYZ map 0.00436L 0.000154 0.00659L 0.00665 0.00649L 0.00666
TOTAL TIME (average) 0.421 L 0.0124 0.584 L 0.035 1.61 L 0.0171

Sparc 300 MHz Solaris System
Roverandgrid initialization 0.022 L 0.00819 0.0258L 0.00864 0.0789L 0.0163
DoG andpyrlevel 2 downsample 1.06 L 0.112 1.11 L 0.185 1.06 L 0.152
Rectification 0.000241L 3.16e-05 0.00301L 0.00831 0.00025L 7.07e-06
Pre-processing 0.000104L 2.25e-06 0.000113L 2.8e-05 0.000108L 2.1e-06
Correl,minim, subpix,lrlos 0.218 L 0.0452 0.246 L 0.049 0.271 L 0.0815
Blob filtering 0.0177L 0.0134 0.0165 L 0.01 0.0154L 0.0105
Fit planes 0.0761L 0.0161 0.404 L 0.0745 2.72 L 0.35
Traversabilityanalysis 0.00351L 0.000341 0.0579L 0.0155 0.45 L 0.106
Pathvotes 0.0637L 0.0155 0.126 L 0.0236 0.214 L 0.0511
Generatingfloat rangeXYZ map 0.0156L 0.0116 0.0131L 0.00891 0.0154L 0.0123
TOTAL TIME (average) 1.48 L 0.124 2.0 L 0.208 4.82 L 0.408

RAD6000 20 MHz VxWorks System ( �JEK second resolution)
Roverandgrid initialization 2.42 L 0.147 2.37 L 0.0489 2.02 L 0.145
DoG andpyrlevel 2 downsample 4.65 L 0.01 4.63 L 0.0111 4.76 L 0.194
Rectification 0 L 0 0 L 0 0 L 0
Pre-processing 0 L 0 0.00167L 0.005 0 L 0
Correl,minim, subpix,lrlos 1.69 L 0.00834 1.69 L 0.00764 1.71 L 0.00764
Blob filtering 0.0967L 0.00667 0.095 L 0.00764 0.0967L 0.00667
Fit planes 1.4 L 0.0289 4.21 L 0.015 25.1 L 0.0125
Traversabilityanalysis 0.0567L 0.00816 0.685 L 0.005 5.49 L 0.013
Pathvotes 1.15 L 0 1.69 L 0.00764 3.06 L 0.00764
Generatingfloat rangeXYZ map N/A N/A N/A
TOTAL TIME (average) 11.5 L 0.151 15.4 L 0.0544 42.2 L 0.0328

to 3%of distancetraveled,anddesirableto conduct“traverse
science”observationswith onboardinstruments.

Thestereovision andGESTALT systemsdescribedearlierin
this paperprovide a baselineobstacleavoidancesystemfor
possibleusein the SmartLander/Rover mission. The com-
plexity of thesealgorithmsmay increasebefore2009to im-
provenavigationperformancein roughterrain.A possibleso-
lution to thepositionestimationgoal is a “visual odometry”
algorithm[7], which selectsandtrackslocal terrainfeatures
in stereoimageryto estimatethe motionof the rover during
the traverse. Traversescienceapplicationsarenot yet well

specified;possibilitiesincludeanalyzingpoint spectrometer
dataor multispectralimageryfor mineralclassification.

Since the Smart Lander/Rover is to include active landing
hazardavoidance,the missiondesignis baselininga radia-
tion hardenedprimaryprocessorfor reliableperformanceof
entry, descent,andlandingoperations.Thecurrentstrawman
choicefor thisprocessoris a133MHz radhardPowerPC750.
Optionsexist to carrymorethanoneof these,if necessary, to
handlethe requiredprocessingload. We arealsoexamining
the possibility of flying a commercialgrademicroprocessor
asa co-processor, to provideadditionalhorsepower for rover



Figure 4. Graphicaldepictionof a successful17.5meterrun throughVL-2 terrain. Theredpathindicatesthepaththerover
thoughtit took,eachstepof whichis numbered;thegreenpathrepresentsthegroundtruth,asmeasuredby asurveyor’sranging
theodolite.Althoughit actuallydrove fartherthanit estimated,theroverdid stopwithin thespecifiedarea.Someof therocks
werealsomeasuredwith therangingtheodolite,andarerenderedhereasblueellipseswith maximumheightsindicatedin text.

navigationandscienceprocessing.Radiationeffectsstudies
of commercialgradePowerPC750 have concludedthat the
radiationenvironmentof thesurfaceof Marswill produceone
singleeventupsetevery 50 hours,andthatpermanentfaults
arenot expected.To obtainanevengreaterperformancein-
crease,we areconsideringuseof the PowerPCG4 to make
available the Altivec SIMD instructionunit for acceleration
of low level imageprocessingandothermathematicalopera-
tions.TheAlti vecunit on theG4is similar to, but morepow-
erful thanthe MMX unit on a Pentium3. We arecurrently
optimizingour stereocodefor Alti vec,andexpectto achieve
aspeedupevengreaterthanthatachievedusingMMX on the
Pentium.

Performancebenchmarkingover the comingyearwill com-
parethe runtime of the stereovision/GESTALT navigation
software on the MER flight processor, the 133 MHz PPC
750thatis thecurrentreferenceprocessorfor theSmartLan-
der mission,anda commercialgrade500 MHz PPCG4 we
areusing for development. Work is also in progressto as-
sessthe overall computingworkload requiredfor the goals
of theSmartLandermission(eg. for obstacleavoidance,po-
sition estimation,traversescience,etc.). Consideringboth
clockrateandarchitecturaladvantages(i.e., theAlti vecunit),
we expect that usinga commercialgradePPCG4 as a co-
processorwill provide an orderof magnitudespeedupover
a rad hardPPC750,which itself will be anorderof magni-

tudefasterthanthe MER flight processor. We arecurrently
investigatingfault protectionschemesthat would isolatethe
effectsof singleevent upsetson the commercialgradepro-
cessor. Even running everything twice, and voting on the
resultson the rad hardprocessor, appearsto have a perfor-
manceadvantageof 4 � over runningall softwareon therad
hardprocessor.

7. CONCLUSION

We describedour Stereo Vision and AutonomousNavi-
gation algorithms,and presentedbaselinetiming numbers
from exampleimplementations.Wedemonstratedsubstantial
speedupsin the stereovision softwareby taking advantage
of vectorizedinstructionsavailable in moderncommercial
CPUs.We arguedthatuseof suchprocessorsin futurespace
missionsis achievableandcanprovide significantspeedups
to futurerovermissioncapabilities.
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