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Abstract—NASA's Mars ExplorationRover (MER) missions
will landtwin roverson the surfaceof Marsin 2004. These
rovers will have the ability to navigate safely through un-
known and potentially hazardouderrain, usingautonomous
passve stereavisionto detectpotentialterrainhazardsefore
driving into them. Unfortunatelythe computationapower of
currently available radiation hardenedprocessordimits the
amountof distance(andthereforesciencelthatcanbe safely
achievedby ary roverin a giventime frame.

We presenbverviews of our currentrovervision andnaviga-
tion systemsto provide context for thetypesof computation
thatarerequiredto navigatesafely We alsopresenbaseline
timing resultsthatrepresenglower boundin achiezableper
formance(useful for systemsengineeringstudiesof future
missions),and describeways to improve that performance
using commercialgrade(as opposedo radiationhardened)
processorsln particular we documenspeedupto our stereo
vision systemthat were achieved usingthe vectorizedoper
ationsprovided by PentiumMMX technology Timing data
were derived from implementationon several platforms: a
prototypeMars rover with flight-lik e electronicqthe Athena
Software DevelopmentModel (SDM) rover), a RAD6000
computingplatform (aswill be usedin the 2003MER mis-
sions),andresearctplatformswith commercialPentiumlll
andSparcprocessors.

Finally, we summarizeheradiationeffectsanalysishatsug-
geststhat commercialgradeprocessorsre likely to be ad-
equatefor Mars surface missions,and discussthe level of
speeduphat may accruefrom usingtheseinsteadof radia-
tion hardenegarts.
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1. INTRODUCTION

Planetaryrovers now have the ability to navigate safely
throughunknowvn andpotentiallyhazardouserrain,usingau-
tonomougassie stereovisionto detectpotentialterrainhaz-
ardsbeforedriving into them. A local mapof theterraincan
bemaintainednboardpy resamplingandeffectively manag-
ing the rangedatageneratedy stereovision. NASA's Mars
ExplorationRover (MER) missionswill drive safelyon the
RedPlanetin early 2004 usingthis type of technology

Stereovision is anattractve technologyfor rover navigation

becausét is passve; sunlightprovidesall theenegy needed
for daylightoperationsHenceonly a smallamountof power

is requiredfor the imaging electronicsto obtain knowledge
aboutthe ervironment. And with enoughcamerasor a wide

enoughfield of view, thereneedbe no moving partsin the

system.Having fewer motorsreduceghe numberof compo-
nentsthatcouldfail.

Our navigation systemrelieson a geometricanalysisof the
world neartherover, combiningvariousrangedatasnapshots
generatedy the stereosysteminto a local map. We devel-
opedasystentor interpretingthis data,calledthe Grid-based
Estimationof SurfaceTraversabilityAppliedto Local Terrain
(GESTLT) systempasedn Carngjie Mellon’sMorphinal-
gorithm[9], [10].

Althoughthe MER mission(launchingin mid-2003)only re-
quiresthe rover to travel at most 100 metersper day, future
missionslike the SmartLanderRover being consideredor

2009will requireroversto travel evenfarther henceatfaster
speeds.n this paperwe describeour currentalgorithmsfor

autonomousover navigation, and provide baselinetimings
for implementation®f thesealgorithmson a variety of plat-
forms. Our implementationsre primarily written in C and
C++, but certainoptimizationsarehardcodedin assembleto

take advantageof vectoroperationsThesetimings provide a
benchmarkrom which future rover driving capabilitiescan
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Figurel. lllustrationof the stepsinvolvedin StereoVision Processing.
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2. STEREO VISION ALGORITHM

JPL hasappliedStereoVision softwareto rover motioncon-
trol for mary years.Althoughcertainaspect®f ourapproach
have appearedthefore[3], [14], wewill summarizeheoverall
algorithmherebeforepresentingiew resultsthattake advan-
tageof somecommercialectorizedorocessorghathaveonly
recentlybecomeavailable.

Our algorithmdependn certainphysicalpropertiesof the
stereocamerasystem. The pair of stereocamerasnustbe
rigidly mountedto a camerabar. Using a pair of imagesof

a known calibrationtarget, a pair of geometriccameralens
modelsis calculatedusing Gennerys CAHVORE formula-
tion.[2] This formulation assumeghe systemwill maintain
its geometriccalibrationover someusefultime period(e.g.,
daysor weeksfor researcipurposesweeksor monthsfor de-
ployedvehicles).This is a reasonablassumptionexamples
of NASA-sponsoredobot camerasystemsthat have main-
tainedtheir stereocalibrationin spite of both high vibration
deploymentsand/orlong periodsof useinclude Dante[8],

Nomad[13], Rocky 7[12], [5], andthe MarsPathfinderLan-

der[11].

Our stereovision algorithmcanbe describedasfollows:

1. To decreas¢hecomputationaburdenandtheeffectof the
rigidity constraintpftentheraw sensoimagesarereducedn
size,e.g.,from 1024 1024sourcepixelsdown to 256 256
pixels, by averagingpixel values(seeFigure 1a). Eachso-
called pyramid level reductionresultsin an 8-fold decrease
in computation:afactorof two from eachspatialdimension,
andanadditionalfactorof two from areductionin thenumber
of integerdisparitiesthatneedto be searchedThereis a cost

though: the depthresolutionof the resultingrangeestimates
doubles(i.e., becomedessprecise)with eachpyramid level
reduction[4].

2. Eachimagepixel encodeghe appearancef alocationin
the 3D world; in particular the surfaceof thatobjectnearest
the cameraalonga certainray. To find the pixel thatrepre-
sentsthe sameobjectsurfacein the otherimage, it is suffi-
cientto searchonly alongthe projectionof thatray. Since
thebulk of theprocessindime in stereovisionis spentdoing
this searchwe simplify later processindyy resamplingeach
imagesothatsearchingheseraysrequiresonly integeroper
ations. Pairs of imagesarethusrectified ensuringthatthese
rays(calledepipolarlines) arealignedwith thehorizontal,as
in Figurelb.

3. We computethe Laplacianof eachimageto remove ary
pixel intensitybias,e.qg.,Figurelc. Actually, ourimplemen-
tationcomputesinapproximationaDifferenceof Gaussians,
which canbe donemorequickly.

4. Thefilteredimagesarethenfed into a 1-D correlatorthat
usesa?7 7 pixelwindow. Thecorrelatorconsidersaanumber
of potentialmatchedor eachpixel in the left imageof each
stereopair, assigninga scoreto eachpotentialmatch. The
rangeof pixelsto be searcheds calledthe disparity range,
andis derived geometricallyfrom the input rangeof depth
valuesto be searchede.g.,from 30 cm to 3 metersin front
of thecameras)Themaximum-scoredhatchis selectedand
the cameramodelis appliedto determinethe corresponding
rangeestimate This processs repeatedor every pixelin the
left image.We take advantageof theinherentparallelismus-
ing a sliding sumimplementatiorto computethe correlation
scoresfficiently.

5. Not every rangeestimates acceptedhowever. A variety
of checksis appliedto pruneout unreliableestimates. For
example thepeakfilter: the choserscoremustbebetterthan
that at adjacentpixels. A flat correlationpeakwould mean
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Figure 2. StereoVision Results:Unoptimized(light blue)vs. Vectoroptimized(darkred) run timesfor 4 functions. The X
axisrepresentindividual assemblyinstructionsexecutedfor eachfunction; thefirst instructionin a functionis on thefar left,
thelastinstructionon the farright. TheY axisrepresentsotal time in millisecondsspentexecutinga particularinstruction,

integratedover 200iterations.

that mary nearbypixels have the sameappearanceresult-
ing in an unresohable ambiguity Also, the Left/RightLine
of Sightfilter: the correlatoris run in the reversedirection,
yielding independentangeestimatedfor pixelsin the right
imageaswell. If anestimatefrom a pixel in the left image
fails to matchthatfrom its correspondenin theright image,
the estimateis discarded.

6. Having prunedsomeof thesevalues,ary remainingsmall
isolatedregionsof rangevaluesarethrown out. Thesesafety
checkgthe peakfilter, the Left/RightLine Of Sightfilter, and
this Blob filter) resultin arobustsetof correspondenceahat
canbe usedby the onboardautonomysystem.

7. Finally, eachdisparity value can be mappedto a 3-D
(X,Y,Z) locationusingthe geometriccameramodel. Thisin-
formationcanbedisplayedin mary forms;anelevationmap
is shavnin Figureld.

3. STEREO VISION OPTIMIZATIONS

The readyavailability of commercialvectorizedprocessors
hasallowedusto realizesignificantimprovementsn the per
formanceof our stereaimplementation Fasterinterpretation
of the world allows our roversto drive safely at ever faster
speedse.g. the Urbie robot [6] which cannow drive safely
at over 1 meterpersecond.In this sectionwe documenthe
speedupsbtainedby takingadvantageof the PentiumMMX
capabilities.All the graphsin Figure2 reflecttimingstaken

on a Pentiumlll 700 MHz CPU with 32 Kbyte L1 cache,
256 Kbyte L2 cacheand512Mbyte RAM runningWindows
2000. While currentlyusedonly on Earth-basedovers,such
commercial(i.e., non-radiationhardened)rocessorsnight
alsobe usedon future spacemissions,aswe discussn 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 integerbasedquadratic
peakfinding in ComputeSub-Pixel The first two require
memoryaccessethatjumpacrossmagerow boundariesand
thelattertwo performmary independenbperationson 8-bit
integer data. Thesepropertiesmake themuseful candidates
for vectorization.

Differenceof Gaussianand Decimate— Usedto filter and
decimategheimagesheforestereccalculationsthis algorithm
is implementedusingsliding sums. Working with the origi-
nal stereamages2 @ 240Kbytes(512*480),this algorithm
mustaccessnainmemoryandwill incurL2 cachemisses.To
make the mostof eachL2 cachemiss,the vectorizedimple-
mentatioroperate®verwholecachdines. To guarante@nly
whole cachdinesareused,a smallportion of theoriginal al-
gorithmis usedto aligntheinputs.As shavnin Figure2a,the
vectorizedversiondoeshave a morelocalizedoccurrenceof



L2 cachemissesandits efficientuseof Pentiumlll prefetch-
ing makesbetteruseof theL1 cache.Note,in Figure2a,the
L1 cachemissescannot be directly measuredo an estima-
tion of L2 cachereadsis used. This, coupledwith a vector

izedcomputatiorof slidingsumvaluesresultsina2 speed
increase.

Prepate Next Row— This functionmaintainghesliding sum
buffers. It accesseseft and right input imagesand both
sliding sum buffers. Optimizing this function producesthe
largestgains,4.8 , from vectorizatiorandPentiumill cache
optimizations. This is accomplishedy operatingover full
cachelines of alignedmemory Sinceaccesdo imagedata
is not aligned, this algorithm makes useof the Pentiumll|
prefetchinstructionto assistin loading the requiredcache
linesinto theL1 cache.The othermemory namelythe slid-
ing sumbuffers,is guaranteetb bealigned.In Figure2b, the
tall light blue barsindicatehow muchtime is wastedby the
C algorithmwaiting for the processoto fetchoperandgrom
memory

InnerLoop— Thecoreof thestereamatchingalgorithm,this
functionfindsthe level of disparitywith the bestcorrelation
scorefor left andright disparitiesandsavesthenecessarin-

formationto generatesub-pixelinformation. TheC algorithm
usedan unaligneddatastructureto storefour shortsandone
byte of data. This was not vectorizableso it was rewritten
to storetwo shortsin onedatastructureandone correlation
valuein atable. With this simplerdatastructure the “Inner
Loop” could be codedusing vector operations specifically
vectorcomparisonsUsingvectorcomparisonsatherthanif

statementpreventedpipelinethrashingandallowedfour left

andfour right disparitiesto be calculatedevery pass.Theuse
of atable of correlationscoreswas slower but necessaryo

reducethe sizeof the datastructure.By reducingthe size of

thedatastructureandusingvectorcomparisonsthevectoral-

gorithmperformsover 1.5timesfaster This algorithmcould
befurtheroptimizedby removing theright disparitycalcula-
tion andusinga correlationtable,but this would sacrificethe
left-right-line-of-sightfilter andsub-pixel disparity

ComputeSub-Pixel— Run only after the bestcorrelation
scoreis found for eachrow, this function generateshe final
pixel and sub-pixel disparityimage. The C versionis faster
herebecausét makesuseof the spatiallocality of the three
bestcorrelationscoresfor eachdisparity while the vector
ized versionmust do a table lookup to find the two of the
threescoresThisoverheads partially absorbedby theuseof
a vectorizeddivision ratherthanindividual integer divisions
for eachsub-pixel value. In Figure 2d, the two annotations
pointto thetimings for thesedivisions. Note, the vectorized
divisionis called4 timesfewerthantheintegerversion,butis
still 1.2 faster Unfortunatelywhile thisalgorithmhasmost
recentlybeenoptimizedandmay still provide a performance
increaseatthemomentit resultsin al.3 slow down.

Theseperformancenumbersmeasuredvith Intel’'s VTune,

have beenmeasuredavithoutthebenefitof compileroptimiza-
tions. With thecompilersetto optimizefor speedthefinal re-
sultsshaow the JPL sterecalgorithmrunning2.5timesfaster
That translatego just over 20 framesper secondon a Pen-
tium 111 750with 256 Kbyte L2 cacheworkingon 256 240
imagesover 32 disparitiesandwith awindow sizeof 8 8.

4. GESTALT NAVIGATION SYSTEM

A primary input to any navigation systemis a metrically-
specifiedwvaypoint.Althoughonecouldtell theroverto drive
randomly typically it will be sentto a particularpointin the
world. Waypointsmay be specifiedstatically by simply giv-

ing an(X,Y,Z) valuein aknown world frame,or dynamically
by providing a modulethat cantrack a featurein the world

and always returnits currentposition. In what follows we

assumehe waypointis static, but the extensionto dynamic
waypointsis trivial.

At its core, GESTALT is asetof routinesthatdecidethe next
bestdirectionfor aroverto move, giventhestateof theworld
alreadyseen,new sensomata,anda desiredwaypointgoal.
It first checksto seeif the rover hasalreadyreachedts goal,
or at leasta point within sometolerancebandaroundit. If
s0, the navigation cycle hascompletedandthe traversewill

terminatesuccessfully

The rover will rarely startout alreadyat its goal, however.

Whenit hasary distancdeft to travel, it will evaluateits ter

raininformationto determinehesafetyof all possiblenearby
turns. Sensedlataabouttheterraincancomefrom ary num-
beror typeof sensorssolongastheirresultsareprefilterecto

provide individual point measurementsf (X,Y,Z) datain the
rover’s (not the sensors) coordinateframe. GESTALT then
choosedrom amongthe safeturns,onethatwill besthelpit

reachthe goal. The desiredturn and a shortdistance(e.qg.,
35cm)is thensentto the low-level wheelcontroller, andthe
roveris commandedo move blindly.

While theroveris driving its next step,it will notuseitsimag-
ing sensorgo look for obstaclesOthertypesof safgguarding
will likely beenablede.g.,tilt sensorsmotor currentlimits,
potentiometershat monitor kinematiclimit configurations),
but no additionalhigh-level terrain-baseglanningor sensing
needbe performed.

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 was commandedbut it doesassumethat
wherever the rover endedup, its relative positionandorien-
tationcanbereasonablynferredandprovidedasinput. That
is onelimitation of thesystemthatit relieson othermodules
to dealwith myriad positionestimationproblemg(slippingin

sandgettingstuckon arock, freeingajammedwheel,etc).



Figure 3. A successfub meterrun througha narronv obstaclecourse.The upperleft imageshavs actualobstacldocations
andactualrover path,asmeasuredisinga suneyor’s rangingtheodolite. The upperright imageis a pictureof thetestcourse
androver. Thebottomimageis renderedat the samescaleasthe upperleft image,andshavs thelocal mapbuilt by therover
duringits traverse. This bottomimageis one of GESTALT's diagnosticimagesandincludes(1) the rover view from the left

forward-facingcamerawith grid superimposed2) anelevationimagecorrespondingo (1), (3) thelocal occupang grid with

(dark) obstaclesandpossiblesteeringarcs,and(4) arankingof possibleneadingshaoving bestheading.

Choosinga SafeDirection

Rangemagesggeneratedby StereoVisionareusuallynot suf-
ficient,in andof themseles,to determinea safedriving path.
Field of view restrictionsanderrorrecovery behaiors might
force aroverto turn into anunseerarea. For this reasorwe
keepa local mapof the areaaroundthe rover, sothatit can
reasonmore effectively aboutits surroundings.This mapis
maintainechot from the perspectie of therovercamerasbut
from anoverhead'bird’s eye” viewpoint. Figure3 shavs an
exampleof arover mapnext to a similarly-scaledbut inde-
pendentmeasurementf theenvironment.

GESTALT modelsthe world as a grid of regularly spaced
cells,with eachcell typically thesizeof arover'swheel.Each
cell storesan 8 bit goodnessndcertaintyvalue,or is tagged
unknown The resolutionof the grid cells, the evaluationas-
signedto particulartypesof obstaclesthetypesof teststo be

performed,are all parametershat may be changedprior to

(someevenduring) a traverse;a nearlycompletelist canbe
foundin Tablel.

The GESTALT local map currently usesa configuation
spacerepresentationf theenvironment.Thatis, thecontents
of eachcell in its maprepresentsvhethera rover-sizedobject



Table 1. ExampleGESTALT Parameters

Par ameter | Description Default
Arcs
max-cunature Max curvatuie (closeto pointturn) 2.0m
num-forward-arcs Numberof forward arc pathsto evaluate 23
num-backvard-arcs Numberof badkward arcsto evaluate 23
point-turn-amount How far to rotateduring a pointturn -
Waypoints
tight-curve-fraction Broad (0) v. Tight (1) wayptcurves 1.0
vote-inde-variance WaypointGaussiarvariance 225.0index
Grid
x0,y0, xN, yN Grid bounds 0Om,0m,10m,10m
xstep,ystep Grid resolution 0.2m 0.2m
xelts,yelts Computedromboundsandresolution 50 50cells
plan-min-dist Evaluatepathsstartingat this offset 0.3m
plan-max-dist Limit pathevaluationto this length 3.0m
max-idles Max numberof cyclesbefore zewing a cell 2000cycles
grid-dist-timeout Throw out mapdatathis far fromrover 3.0m

Traversability Tests

enabled-tests

Which Travesability testsshouldberun

step,rough,border

outliers-percell Numberof outliers to rejectduring planefitting 0
eigen-ratio Min eigervalueratio to validateplanarfit (1: ) 2.0
min-cell-coserage Min fraction of cell that mustcontain range datato 05
enablesurfacenormal(in eac of X andY) )
Hazad (GoodnessCertainty)Pairs: ead valuerangesfromO to 255
unknown Valuefor unknowncell (11,0)
waypoint-certainty Certaintyfor waypointvotes 192
unknown-rovers If norovermodel (0,0)
border Valuefor goodnes®f border cell (250,128)
min-allowed-goodness All pathcellsmustbelarger 10
step-obst Stepobstacle (0, 255)
pitch-obst Pitch obstacle (0, 255)
rough-obst Roughnessbstacle (0, 255)
min-fwd-threshold \otethesholdfor only imaging fwd 180
min-vote-goodness Thresholdfor meging votes 26
Rover Parametes
rover-length Rover Length 104cm
roverwidth Roverwidth 84cm
obst-height Tallesttraversableobstacleheight 20cm
wheel-radius Wheelradius 10cm
max-pitch Maximumallowedpitch angle 25degrees

centerecht thatcell would encounteobstacleanywhee un-
derneaththe rover chassis possiblyin the surroundingcells.
The intuitive effect of this representatioiis thatthe appear
anceof anobstaclan thelocal maptendsto grow beyondthe
obstacles physicalboundariedy half thevehiclewidth in all
directions.

Theflow of eventsthatoccursduringasinglenavigationstep
is asfollows:

1. GESTALT isinvokedwith acurrentrover positionandat-
titude estimateand new rangedata. This rangedatacould
comefrom stereovision, lidar, laserscannersor ary type of

rangesensorijt is assumedo be a setof discrete(X,Y,Z) lo-
cationson surfacesvisible from the rover’s currentposition.
These(X,Y,Z) locationsare assumedo be expressedn the
coordinatéframeof the onboardmap.

2. First and secondorder moment statisticsare collected
about all the range points in a given cell. No matter
how mary rangepoints contritute to a cell, only 10 floats
comprising these statistics are stored: number of points,

3. Thetravesability of eachcell is foundby memgingthemo-
mentstatisticsfrom a rover-sizedpatchof surroundingecells
andfinding thebest-fitplane.As long asthereis enoughdata,



andthe datapassesomepreliminarytests(e.g.,at leasthalf
the cells have morethan1 point), the planeparametersare
usedto computeseveralhazardmeasures:

StepHazad: Find the maximum elevation differencebe-
tweenary pair of cellsin this patch . If lessthan1/3 the
rover clearancéheight( ), thereis no stephazard;elsethere
is ahazardwith goodness .

Roughnesslazad: Computethe residualfrom the planar
fit . If lessthanroughnesdraction- , thereis no rough-
nesshazard;elsethereis a hazardwith goodness

roughnesgraction -

Pitch Hazad: Computetheslope fromtheplanarfit (only
if enoughdataarepresent).Thereis apitchhazardwith good-

ness maxpitchangle -
BorderHazad: If this cell bordersan unknown cell, there

is a hazardwith goodnes$order goodness

The minimum goodnessaccordingto thesehazardsis as-
signedto the cell with a certaintyof 255.

4. Hazard Arc votes. Arc pathsare considerecbut to min
(distto goal, defaultlength) A weightedsum,biasedo con-
sidernearbycells more strongly is usedto find the value of
eacharc path. The valuesassignedo eacharc path,forward
and backward, are displayedin the diagnosticimageasthe
middlerow next to Figure3, part(4).

5. Waypoint Arc votes. Independenthyof the hazardavoid-
ancesystemthesamesetof arcsis assignedjoodnessalues
accordingto how well they move the rover toward its goal
point. The arcthatbestpointsthe rover towardthe goal gets
thehighestvalue,andthatvalueformsthe peakof a gaussian
curve thatis appliedto the otherarcs. The varianceof this
cunve is a systemparametervote-inde-variance Both for-
wardandbackwardvotesareassignedialues;arcsrunningin
the directiontoward the goal get a peakof 255, thosein the
oppositedirectiongeta peakof 128. Waypointarcpathvotes
aredisplayedn thetop row of Figure3, part(4).

6. Merging Hazard and Waypoint arc votes: Hazardand
waypointvotesaremergedpairwise.If eithervoteis below a
thresholdhenthe minimumis chosen Otherwiseaweighted
goodnessumis computed usingthe certaintiesasweights.
Thememgedvotes from whichtheactualcommandearcwill
be chosenaredisplayedin the bottomrow of Figure3, part
(4).

7. Finally, thearcwith maximumgoodnesss selectedasthe
next rover step. In caseof multiple peaksthe middle arc of
the longestadjacentsetof votesis chosen. Multiple candi-
datesareindicatedin Figure 3, part (4) with a greenunder
line highlight,andtheactualarcchoseris taggedvith agreen
box.

As mentionedpreviously, the procesof arcselectionrepeats
until the desiredwaypointis reachedor someother condi-
tion terminateghe run. Of coursethingstendto work bet-
terif theroveractuallyfollows thetrajectorycommandedy
GESTALT, but sincethe pathis reevaluatedat every stepthis
is notastrictrequirement.

5. BASELINE SYSTEM TIMINGS

In Section3 we describedtcertainoptimizationsto the Stereo
Vision codethattake advantageof the vectorizedMIMX op-

erationsavailable on 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,the AthenaSDM,; the oth-

ersaresimply desktopmachineonwhichthesamecodewas
built, andtestedon realimagedoggedfrom anearlierrun on

the AthenaSDM. The desktopresultsdemonstratehe kind

of speedupattainableusingcommercialCPUs,and eachof

theseCPUshasbeenusedto control roversin the past(or

will beusedin the nearfuture).

R3000(AthenaSDM)— [1] A prototypeof aMarsRoverde-
sign that predatesMER, the AthenaSoftware Development
Model (SDM) roverhasanR300012 MHz CPUwith 2 Kbyte
datacached Kbyteinstructioncacheand32 MbytesDRAM
memory Its top speednechanicallys about5 cm/s,but com-
putationalconstraintdimit it to 1 cm/son averagewhile driv-
ing with obstacleavoidanceenabled.

RAD6000— Somesimulationtiming numberswere genef
atedon a desktopcagenot connectedo a physicalvehicle.
This unit hasa RAD6000RISC processarsimilarto thetype
of processomplannedfor the 2003 Mars Exploration Rover
mission,runningat 20 MHz with 8 KbytesL1 cacheand128
Mbytes RAM. Individual timings generatedn this system
arealwaysin multiplesof “ticks”, oneof which takesat most
— seconds.

SunUltra 10 Workstation— Additional simulationtimings
comefrom adesktopworkstationnot connectedo a physical
vehicle. Thisworkstationhasa SunSparc-1liCPUrunningat
300MHz with a2 Mbyte external(L2) cacheand128Mbytes
RAM.

Linux Workstation — Additional simulationtimings come
from a desktopworkstationnot connectedo a physicalve-
hicle. Thisworkstationhasa Pentiumlll CPUrunningat500
MHz with 32 KbytesL1 cache512KbytesL2 cacheand256
MbytesRAM.

Table2 presentdiming resultsaveragedover eighttestruns,
which comprisemorethan100individual stepsin total. The
Athena SDM rover has both forward and rearward facing
camerashut therearwardfacingcamerasverenotusedatev-
erystep;only if thebestforwardgoodnessaluewaslessthan
thesystemthresholdmin-fwd-theshold Useof therearward-
facingcamerasccountdor the high variancein ImageGrab
time (eachimagegrabtakes about5 seconds)and the dif-
ferencein numberof Samplesfor GESTALT processingy.
Actual Driving Time.

While Table 2 reflectsthe time requiredfor a completenav-
igation cycle, includingimageacquisitionandrover driving,



Table 2. ImplementationTimingsonthe AthenaSDM R300012 MHz CPUrunningVxWorks, usinga 10 meter

10 meter

Grid with 20cm  20cm Cells. Timingscomefrom 8 separateunscomprisingl05distinctmoves.

| Stepin the Navigation Algorithm

| Execution Time (seconds) | Samples |

Initializationsthat occurat systenstartup

Initializing Images 0.006 0.00827 8

Initializing JPLStereo 0.016 0.00631 8

Loadingcameramodels 0.009 0.00756 8

Initializing BW Votes 0.013 0.0075 8

Initializing FW Votes 0.017 0.0089 8

Initializing NavRover 0.095 0.0075 8

Image Acquisition
Time for Cameraselection 0.97 0.0162 154
Time for Exposuresetting 0.013 0.00727 154
Timefor Imagegrab 77 27 154
Beginningto processmagepair 0.16 0.0115 154
Aboutto loadimagesfrom memory 0.014 0.00681 154
Imagedoadednow Calling MatchStereo 0.117 0.00472 154
Steeolmage Processing512 512downto 128 128
Pyramidlevel boxfilter 0.277 0.00812 154
Time for DoG andpyrlevel 0 downsample 0.83 0.0149 154
Time for rectification 0.013 0.00718 154
Time for pre-processing 0.013 0.00675 154
Time for correl,minim, subpix,Irlos 3.34 0.0202 154
Timefor blobfiltering 0.161 0.00959 154
NavigationMap Processing
Time to adddisparitymapto grid 26 0.28 154
Time to generateplanesat usefulcell 5.2 0.384 154
Timefor traversabilityanalysis 2.34 0.0934 154
Timefor arccreation 0.014 0.00641 154
Timefor pathvotes 3 131 154
Actual Driving Time

Donedriving commandeérc | 15 2.92 | 105

| TOTAL TIME (average)

| 42seconds 7.80705 | |

in Table3 we focusattentiononjustthevisionandnavigation
componentdisted in the third andfourth blocks of Table 2.

Table3 thuspresentsiming resultsusingonly asingleimage
pair, but runtentimesondifferentprocessorfo measurdim-

ing variancesat varying grid resolutions. Thesetimings are
moresuggestie of whatcouldbeachiezableon commercial-
gradeprocessors.

Notethatall of thetimingspresentedh this sectiorhave used
unoptimizedcode. We fully expectto achieve fasterperfor
mancein the nearfuture, after using this unoptimizedsoft-
wareto validateour generalapproacho navigation.

The navigation systemis still being fine-tuned,and docu-
mentingtherover’s ability to actuallyreacha goalis beyond
thescopeof this paper But Figure4 is illustrative of thekind
of navigationperformanceve hopeto achiezeroutinely. Dur-
ing the courseof thatrun throughViking Landerll-type ter-
rainin JPLs Marsyard! the AthenaSDM rover successfully

http://robotics.jpl.nasa.gfinfrastructure/marsyad/

avoidedlarge obstacleqplotted from groundtruth measure-
mentsasellipsoidsin thefigure),climbedover marny smaller
rocks (someof which are alsoplottedin the figure), andfi-
nally terminatedts run within the areaoriginally designated,
over 17 metersfrom its starting position. Someotherruns
were not assuccessfulthe rover having gottenconfusedby
errorsin themapcausedy inaccuratepositionestimation.

6. FUTURE MISSIONS

Currentdesigndor a Mars SmartLander/Roermission,un-
der study for a possiblelaunchin 2009, call for a 180 day
surface missionduring which a rover traversesa total of 6
km, in two legs of 3 km each. Detailedscientificinvestiga-
tion would be conductedht threesites,including the landing
site andthe endsof each3 km traverseleg. To achieve these
goalswithin tentatve time allocationsfor eachaspecbf sur
faceoperationsthe rover would needthe ability to traverse
up to 675 meters/dayor an averageof 6.25 cm/secover a
threehourdriving day. During suchatraverse,t is necessary
to avoid obstaclesdesirableto maintainpositionknowledge



Grid Cell Resolution:

Differing Resolutions

Table 3. SimulationTimings,RunningGESTALT 10timeson a SingleReallmagePair usinga 9 meterx 9 meterGrid at

Pentium I11 500 MHz Linux System

50 50cm
Time (seconds)

20 20cm
Time (seconds)

10 10cm
Time (seconds)

Roverandgrid initialization
DoG andpyrlevel 2 downsample
Rectification

Pre-processing

Correl,minim, subpix,Irlos

Blob filtering

Fit planes
Traversabilityanalysis
Pathvotes
GeneratingloatrangeXYZ map

0.00218 5.05e-05
0.285 0.009
0.000104 5.87e-06
3.98e-05 7.48e-07
0.0729 0.00544
0.00311 0.00013
0.0294 0.00652
0.00171 4.01e-05
0.022 0.00118
0.00436 0.000154

0.00611 0.000208
0.283 0.0126
0.000105 8.7e-06
4.14e-05 1.69e-06
0.0813 0.0303
0.0031 9.86e-05
0.14 0.0101
0.0192 0.000544
0.0454 0.000814
0.00659 0.00665

0.021 0.000276
0.27 0.00196
0.000104 4.8e-06
4.02e-05 4e-07
0.0742 0.00886
0.00307 4.73e-05
1 0.00564
0.144 0.0114
0.0838 0.00147
0.00649 0.00666

TOTAL TIME (average)

0421 0.0124

0584 0.035

161 0.0171

Sparc 300 MHz Solaris System

Roverandgrid initialization 0.022 0.00819 0.0258 0.00864 0.0789 0.0163
DoG andpyrlevel 2 downsample 1.06 0.112 1.11 0.185 1.06 0.152
Rectification 0.000241 3.16e-05| 0.00301 0.00831 | 0.00025 7.07e-06
Pre-processing 0.000104 2.25e-06| 0.000113 2.8e-05| 0.000108 2.1e-06
Correl,minim, subpix,Irlos 0.218 0.0452 0.246 0.049 0.271 0.0815
Blob filtering 0.0177 0.0134 0.0165 0.01 0.0154 0.0105
Fit planes 0.0761 0.0161 0.404 0.0745 2.72 0.35
Traversabilityanalysis 0.00351 0.000341| 0.0579 0.0155 0.45 0.106
Pathvotes 0.0637 0.0155 0.126 0.0236 0.214 0.0511
GeneratindloatrangexXYZ map 0.0156 0.0116 0.0131 0.00891 0.0154 0.0123
TOTAL TIME (average) 148 0.124 20 0.208 482 0.408

| RADG6000 20 MHz VxWorks System (— second resolution) |
Roverandgrid initialization 2.42 0.147 2.37 0.0489 2.02 0.145
DoG andpyrlevel 2 downsample 4,65 0.01 463 0.0111 476 0.194
Rectification 0 O 0 O 0 O
Pre-processing 0O O 0.00167 0.005 0 O
Correl,minim, subpix,Irlos 1.69 0.00834 1.69 0.00764 1.71 0.00764
Blob filtering 0.0967 0.00667 0.095 0.00764 0.0967 0.00667
Fit planes 1.4 0.0289 4.21 0.015 25.1 0.0125
Traversabilityanalysis 0.0567 0.00816 0.685 0.005 5.49 0.013
Pathvotes 115 O 1.69 0.00764 3.06 0.00764
GeneratindloatrangexXYZ map N/A N/A N/A
TOTAL TIME (average) 115 0151 154 0.0544 422 0.0328

to 3% of distancdraveled,anddesirableo conduct‘traverse
science”obsenationswith onboardnstruments.

specified;possibilitiesinclude analyzingpoint spectrometer
dataor multispectraimageryfor mineralclassification.

Sincethe SmartLander/Rwer is to include active landing
hazardavoidance,the missiondesignis baselininga radia-
tion hardenedrimary processofor reliable performanceof
entry, descentandlandingoperationsThecurrentstravman
choicefor thisprocessois a133MHz radhardPowverPC750.
Optionsexist to carry morethanoneof thesejf necessaryo
handlethe requiredprocessindoad. We arealsoexamining
the possibility of flying a commercialgrademicroprocessor
asa co-processqto provide additionalhorsepaver for rover

ThestereovisionandGESTALT systemsiescribeckarlierin
this paperprovide a baselineobstacleavoidancesystemfor
possibleusein the SmartLander/Reer mission. The com-
plexity of thesealgorithmsmay increasebefore2009to im-
prove navigationperformanceén roughterrain. A possibleso-
lution to the positionestimationgoalis a “visual odometry”
algorithm[7], which selectsandtrackslocal terrainfeatures
in stereoimageryto estimatethe motion of the rover during
the traverse. Traversescienceapplicationsare not yet well



Figure 4. Graphicaldepictionof a successfull7.5meterrun throughVL-2 terrain. Thered pathindicatesthe paththe rover
thoughtit took, eachstepof whichis numberedthegreenpathrepresentthegroundtruth,asmeasuredby a surveyor’sranging
theodolite.Althoughit actuallydrove fartherthanit estimatedthe rover did stopwithin the specifiedarea.Someof therocks
werealsomeasuredvith therangingtheodolite andarerenderechereasblueellipseswith maximumheightsindicatedin text.

navigation andscienceprocessing.Radiationeffectsstudies
of commercialgradePownerPC750 have concludedthat the
radiationenvironmentof thesurfaceof Marswill produceone
singleeventupsetevery 50 hours,andthat permanentaults
arenot expected.To obtainan even greatemperformancen-
creasewe are consideringuseof the PoverPCG4 to make
available the Altivec SIMD instructionunit for acceleration
of low levelimageprocessingndothermathematicabpera-
tions. TheAltivecunit onthe G4 is similar to, but morepow-
erful thanthe MMX unit on a Pentium3. We are currently
optimizingour stereocodefor Altivec,andexpectto achiese
aspeedupvengreatethanthatachievedusingMMX onthe
Pentium.

Performancéenchmarkingver the comingyearwill com-
parethe runtime of the stereovision/GESRALT navigation
software on the MER flight processagrthe 133 MHz PPC
750thatis thecurrentreferenceprocessofor the SmartLan-
dermission,anda commercialgrade500 MHz PPCG4 we
areusing for development. Work is alsoin progressto as-
sessthe overall computingworkload requiredfor the goals
of the SmartLandermission(eg. for obstacleavoidance po-
sition estimation,traversescience,etc.). Consideringboth
clockrateandarchitecturahdvantagesi.e., theAltivecunit),
we expectthat usinga commercialgradePPCG4 as a co-
processomill provide an orderof magnitudespeedugover
aradhardPPC750, which itself will be anorderof magni-

tudefasterthanthe MER flight processar We are currently
investigatingfault protectionschemeghat would isolatethe
effects of single event upsetson the commercialgradepro-
cessor Even running everything twice, and voting on the
resultson the rad hard processqrappeargo have a perfor
manceadwantageof 4 overrunningall softwareon therad
hardprocessar

7. CONCLUSION

We describedour Stereo Vision and Autonomous Navi-
gation algorithms, and presentecbaselinetiming numbers
from exampleimplementationsWe demonstratedubstantial
speedupsn the stereovision software by taking advantage
of vectorizedinstructionsavailable in moderncommercial
CPUs.We arguedthatuseof suchprocessorén future space
missionsis achievableand can provide significantspeedups
to futurerover missioncapabilities.
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