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Abstract

This paperdescribeshesoftwarearchitecturef Stanley,
an autonomoudand vehicle developedfor high-speed
desertdriving without humanintervention. The vehi-
cle recentlywon the DARPA GrandChallengea major
roboticscompetition. The article describeghe software
architectureof the robot, which relied penasvely on
state-of-the-arA\l technologiessuchasmachinelearn-
ing andprobabilisticreasoning.

Intr oduction

The DARPA GrandChallengewas a major robot competi-
tion organizedby the U.S. governmento fosterresearctand
developmentin the areaof autonomouglriving. The highly
popularizedevent requiredan autonomougyroundrobot to
traversea 132-mile coursethroughthe Mojave desertin no
morethan10 hours.While in 2004,no vehicletraveledmore
than5% of thecourse, ve vehicles nished in 2005,four of
themwithin the allotedtime.

The DARPA Grand Challengewas in large part a soft-
ware competition. A skilled humandriver would have no
dif culty traversingtheterrainin a standardSUV. Withouta
driver, however, therobothasto performfunctionsnormally
provided by humandrivers: it hasto sensedecide,andact.
Thus, the methodsrequiredto win sucha racefall into the
realmof autonomousoboticsandAl.

This article describeghe softwarearchitectureof Stanley,
Stanfords entryin the DARPA GrandChallenge.The soft-
wareis capableof acquiringsensomata,constructingnter
nal modelsof theenvironment,andmakingdriving decisions
at speedsup to 38 mph. Major component®f the software
are basedon machinelearning,probabilisticreasoningand
real-timecontrol. Probabilisticmethodsproved essentiain
overcomingthe measurememoisein varioussensors.Ma-
chinelearningwasappliedin two differentways: of ine, to
tunevariousperformance-relatedarametersandonline, to
endav the vehiclewith the capabilityto adaptto the terrain.
The “glue” betweernthesemodulesis a distributedarchitec-
turethatsenesasan effective datapipelinefor autonomous
roboticdriving.

TheStanfordRacingTeamgratefullyacknavledgeshesupport
of its sponsorsVolkswagenof AmericaElectronicsResearch.ab-
oratory Mohr Davidow VenturesAndroid, RedBull, Intel, Honey-
well, Tyzx, Inc.,andCoverity, Inc.
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This article providesa comprehensie descriptionof Stan-
ley's software architecture. Towardsthe end of this article,
we discusgesultsfrom the2005DARPA GrandChallenge.

Vehicle

Stanlg (Fig. 1) is basedon a diesel-pavered Volkswagen
Touarg R5. The Touarg hasfour wheel drive, variable-
heightair suspensionandautomatic electroniclocking dif-
ferentials.To protectthevehiclefrom environmentalimpact,
therobothasbeenout tted with skid platesandareinforced
front bumper A custominterfaceenabledirect, electronic
actuationof both throttle andbrakes. A DC motor attached
to the steeringcolumn provides electronicsteeringcontrol.
Vehicledata,suchasindividualwheelspeedsndsteeringan-
gle, aresensediutomaticallyandcommunicatedo the com-
putersystenmthrougha CAN businterface.

Nearly all of the vehicle's sensorsare mountedon a cus-
tom roof rack (Fig. 1b). Five SICK laserrange nders are
mountedpointing forward alongthe driving directionof the
vehicle,but atslightly differenttilt angles.Theroof rackalso
holds a color camerafor long-rangeroad perception. Two
forward-pointedantennaef a RADAR systemare mounted
on bothsidesof thelasersensomrray Furtherback,theroof
rack holdsthe primary Global PositioningSystem(GPS)an-
tenna,two antennador the GPScompassandvarioustrack-
ing antennaeequiredby theraceorganizer A 6-DOFinertial
measurementnit (IMU) is mountedn thetrunk.

The computingsystemis locatedin the vehicles trunk, as
shawvn in Fig. 1c. The trunk featuresa shock-mountedack
that carriesan array of six 1.6 GHz PentiumM bladecom-
puters,a Gigabit Ethernetswitch, and various devices that
interfaceto the physical sensorandthe vehicle. It alsofea-
turesa custom-mad@ower systemwith backupbatteriesand
aswitchbox thatenablegherobotto power-cycle individual
systemcomponentshroughsoftware. The operatingsystem
on all computerss Linux.

Software Pipeline

In autonomouslriving, thesoftwarehasto bereliable,robust
to errors,andit hasto runin real-time.Our vehicleachiees
theseobjectves througha distributed software architecture
reminiscentof the well-known threelayer architectuie (Gat
1998). The architecturepipelinesdatathrougha seriesof
layers transformingsensodatainto internalmodelsabstract
plans,andconcreterobotcontrols. The useof pipelining for
the data o w minimizesthe dataprocessindateng, which
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Figure 1: (a) Therobotshavn at approximatelyl:40pmon Oct 8, 2005, asit successfull}completeghe 132-milescourse.(b) View of the
carandtheroof rackwith sensors(c) The computingsystemin thevehicle's trunk.

is thetime betweerthe acquisitionof a sensomeasurement
andits effectonthevehiclemotion.

The overall softwaresystemconsistsof about30 modules
executedn parallel(Fig. 2). Thesystemis brokendown into
six layerswhich correspondo the following functions: sen-
sor interface, perceptioncontrol, vehicleinterface,userin-
terface, andglobalservices.

1. Thesensoiinterfacelayercomprisesanumberof software
modulesconcernedvith receving and time-stampingall
sensordata. The layer receves datafrom the lasersen-
sorsat 75Hz, from the cameraat approximately8 Hz, the
GPSandGPScompassat 10Hz, andthe IMU at 100Hz.
This layer alsocontainsa databaseener with the course
coordinategRDDF le).

2. The perceptionlayer mapssensordatainto internalmod-
els. A primarymodulein thislayeris the UKF vehiclestate
estimatorwhich determineshevehicle's coordinatesori-
entation,andvelocities. Threedifferentmappingmodules
build 2-D ervironmentmodelsbasedon lasers,the cam-
era,andtheradarsystem.A road nding moduleusesthe
laserderived mapsto nd the boundaryof aroad,sothat
thevehiclecancenteritself laterally Finally, a surfaceas-
sessmentnodule extracts parameter®f the currentroad
for the purposeof determiningsafevehiclespeeds.

3. Thecontmol layeris responsibldéor determinghesteering,
throttle,andbrake responsef the vehicle. A key module
is the pathplanner which setstrajectoriesin steering-and
velocity-space. This trajectoryis passedo two reactve
controllers,onefor the steeringcontrolandandfor brake
andthrottle control. Both of thosegeneratdow-level con-
trol commanddor thevehicle.

4. The vehicleinterfacelayer senes asthe interfaceto the
robot's drive-by-wire system. The control layer alsofea-
turesa top level control module,implementedas a sim-
ple nite stateautomaton.This level determineghe gen-
eralvehiclemodein responséo usercommandsteceved
throughthein-vehicletouchscreeror thewirelessE-stop.

5. Theuserinterfacelayer compriseghe remoteE-stopand
atouch-screemodulefor startingup the software.

6. Theglobal servicedayer providesa numberof basicser
vicesfor all other software modules. Naming and com-
munication servicesare provides through CMU's Inter-
ProcesCommunicatior(IPC) toolkit (Simmons& Apfel-
baum1998).A centralizedharametesener modulemain-
tainsadatabasef all vehicleparameterandupdategshem

Figure 2: Software o wchart: Thesoftwareis dividedinto six func-
tional groups: sensorinterface, perception,control, vehicle inter-
face,userinterface,andglobalservices.

in a consistentmanner Another module monitors the
healthof all systemscomponentsand restartsprocesses
whennecessaryClock synchronizatioris achiered thor-
oughatime sener. Finally, a datalogging sener dumps
sensoycontrol,anddiagnosticdataon disk for replayand
analysis.

Key Software Modules

Dynamic State Estimation

Thevehiclestatels comprisef two groupsof variables:pa-
rameterscharacterizinghe dynamicstateof the vehicle (lo-
cation, speed,etc), and parametergertainingto the health
of the vehicle. Following therich literatureon vehicleguid-
ance(Grewal, Weill, & Andrewns 2001), the dynamicstate
is comprisedof 15 variables: the vehicle coordinatesn a
global GPS-referencedoordinateframe, the derivatives of
thesecoordinategvehiclevelocity), the orientationof theve-
hicle relative to the global coordinatdrame(in Eulerangles,
yaw, pitch, androll), threeaccelerometebiases,andthree
gyroscopebiases.

An unscentedKalman Iter (UKF) (Julier & Uhlmann
1997)estimateghesequantitiesat an updaterate of 100Hz.



Figure 3: UKF resultsfor a GPSoutagethat laststhreeminutes.
The dottedred line is the estimatewithout GPS(the greenline is

a portion at which GPSwas available). Groundtruth is shavn in

black.

Figure 4: Thevehicleusesa singleline scanneto acquiresurface
datafrom the terrainto make driving decisions. The scanis inte-
gratedover timeinto a 3-D pointcloud.

The UKF incorporatebsenationsfrom the GPS,the GPS
compassthelMU, andthewheelencodersThe GPSsystem
provides both absolutepositionandvelocity measurements,
which arebothincorporatednto the UKF. Thanksto anin-
ternalvehiclemodel,the UKF cansurvive GPSoutageof up
to severalminutes(seeFig. 3).

Laser Mapping

Thelasersarethe primary obstacledetectionsensoron the
vehicle. Fig. 4aillustratesthe view of oneof the ve lasers
asit scansthe terrain. Eachof the lasersis angledslightly
downwardto scantheterrainata speci c range.Thevehicle
integrateshelaserdataovertimeinto a3-D pointcloud,such
astheoneshawn in Fig. 4b.

The robot analyzesthis point cloud for pairs of nearby
measuremenighosez-coordinatesliffer by anamountiarge
enougho constituteanobstacle Any pairof suchpointscon-
stituteawitnesgfor anobstacle However, whenimplemented
in the moststraightforvard way this comparisoroftenleads
to severemappingerrorsthatcancausahevehicleto veeroff
theroad.

Thekey problemin theanalysisof the 3-D point cloudsis
poseestimationerror In particular noisein GPS,IMU, and
wheelsensoraffectstheaccuray of the UKF estimatesFor
aforward-pointedasermeasuringat arangeof 30 metersa
1-dgyreeerrorin pitchinducesa 0.5 metererrorin perceved
Z. As aresult, a relatively small UKF error canlead the
vehicleto perceve hugefake obstaclesvherein reality there
arenone. Such“phantomobstacles’are commonwhennot
consideringhistypeof noise.In fact,in oneof ourreference
datasetghe numberof falsepositivesin the map (phantom
obstacleswasfoundto be 12.6%—despitall our attempts
to optimizethe UKF. Figure5 illustratessucha situation.

The solutionto this problemis foundin probabilisticanal-

Figure 5. Small errorsin poseestimation(smallerthan 0.5 de-
grees)inducemassve terrainclassi cationerrors,which canforce
therobotoff theroad.

ysis. Therobotusesa Markov modelto modelthe develop-
mentof UKF noiseovertime. Thestateof this Markov chain
is the noisein thevehiclestateestimatex, y, andz, andthe
threeEulerangles.

Our approactstipulateghatthe noisein thesevariabless
itself a Markov chainthatslowly changestate(of the noise
variables)over time. In particular attime t theremight be
a x edvalueof the UKF error, whereerroris de ned asthe
differencebetweerthetruestate(which cannotbe measured)
and the UKF stateestimate. At time t + 0:01se¢ the er
ror is essentiallythe same,plus a zero-meamoisevariable
with very small variance. Over time, the addition of mary
suchnoisevariablesmakeslarge errorspossible. However,
in shorttime intervals,the change of error underthis Markov
chainis small.

The Markov chain makesit possibleto evaluatepairs of
witnessesprobabilistically The probability that two such
points actually correspondo an obstacleis now a function
of thetime elapsedsincethe moretime passedy, the more
errormight have beenintroducedin the system.The mathe-
maticsof sucha relative comparisorare straightforvard for
Gaussiamoise.Therobotacceptobstacle®nly if two mea-
surementpassthe resultingprobabilistictestwith .95 prob-
ability.

While this probabilisticanalysisof the datahasthe poten-
tial to reducethe numberof false positives, it comeswith
its own problems. In particular the Markov chainis char
acterizedoy a numberof parametergthe drift of the error,
the amountof new error introducedasa function of vehicle
speedoll, pitch, shock,andsoon). Theseparametersre
the resultof comple interactionsof sensorsweathey and
proprietarysoftwareof the sensomanufcturers.

To solve this problem,we employed a discriminative ma-
chine learning algorithm. This algorithm “rewarded” the
robotfor correctlyclassifyingfree terrainasfree,andoccu-
piedterrainasoccupied.Thetraining datafor this algorithm
was collectedthroughhumandriving. Fig. 6 illustratesthe
processherea humandriver labelsdrivableareasy driving
overit (coloredin blue). A stripeon bothsidesof thevehicle
is assumedo be non-drivable(labeledin red).

Thediscriminatvelearningalgorithmtunestheparameters
of the Markov chainsoasto minimize the errorin both cat-
egories, drivable and non-drivable. The learningalgorithm
is implementedria coordinateascentit jointly optimizesall
parametersintil alocal optimumis reached.The detailsof
the coordinateascentarebeyondthe scopeof this paper

In testing, we nd that the effect of this probabilistic



Terrain labeling for parameter tuning
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Figure 6: Terrainlabelingfor parametetuning: The areatraversed
by the vehicleis labeledas “drivable” (blue) and two stripesat a
x ed distanceto the left and the right are labeledas “obstacles”
(red). While theselabelsareonly approximatethey areextremely
easyto obtainandsigni cantly improvetheaccurag of theresulting
mapwhenusedfor parametetuning.

(a) Robot and laser scanplotted over time

(b) 3-D point cloud  (c) straw man method (d) our result
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Figure 7. Comparisorof non-probabilisticand probabilisticanal-
ysis: (a) shavs a scanover time, (b) the 3-D point cloud, (c) the
erroneousnapand(d) theresultof the probabilisticanalysis.

methodpairedwith the data-drven tuning algorithmis sub-
stantial. In one of the developmentdatasetof hard moun-
tainterrain,theapproachreduceghefalse-positie ratefrom
12.6%down to 0.02%,while leaving thenumberof obstacles
detectedsirtually unafected.

Vision Mapping

Vision is employed to overcomethe limited rangeof laser
perception. With a 25 meterrange,the laserbasedsystem
would only provide safedriving at speedsipto 25 mph. The
cameracanseemuchfurther However, separatinglrivable
from non-drivableterrainin a cameraimageis not a trivial
task.

To nd drivableterrain, our software leveragesthe laser
perceptioninto the vision domain. More speci cally, the vi-
sion systemanalyzeghe lasermapfor a drivableregion in
the nearrange. Whensucharegion is found, it projectsthe
drivableareainto the eld of view of thecamergboxedarea
in Fig. 8). Thevision systemthen ts a Gaussiarthatmod-
els the color distribution of pixels within the drivable area.
It usesthis modelto identify otherareasareasof similar ap-
pearancén theimage whicharethenequallylabeledasdriv-
able.In thisway, thevision moduleextendsthe rangeof per

Figure 8: Onlineadaptatiorto thedrivableterrain.

Figure 9: Snapshobf thepathplannerasit processethedrivability
map. This snapshots takenfrom themostdif cult partof the 2005
DARPA GrandChallenge,a mountainousareacalled Beer Bottle
Pass

ceptionsigni cantly beyondthatof thelaser This approach
is reminiscentof prior work in (Dickmannset al. 1994;
Pomerlea& Jocheml1996),which alsousedadaptve tech-
niguesfor robotic driving. The learningis executedat 8
Hertz, andan exponential Iter is usedto decaypastGaus-
sian lter parametergvertime.

Fig. 8 illustratesthe resulting vision system. The data
showvn hereis takenform the NationalQuali cation Eventof
theDARPA GrandChallenge Herethevehiclemovesfrom a
pavementto grasspothof which aredrivable. The sequence
in Fig. 8illustratestheadaptatioratwork: theboxedareado-
wardsthe bottomof theimageis the trainingregion, andthe
redcoloringin theimageis theresultof applyingthelearned
classi er. As is easilyseenin Fig. 8, the vision modulesuc-
cessfullyadaptsfrom pavementto to grasswithin lessthana
secondwhile still correctlylabelingthe hay balesandother
obstacles.

Sincecertaincolor changesrenaturalevenon at terrain,
the vision outputis not usedfor steeringcontrol. Instead, it
is usedexclusively for velocity control. When no drivable
corridor is detectedwithin a rangeof 40 meters,the robot
simply slows down to 25 mph,atwhich pointthelaserrange
is sufcient for safenavigation.

Path Planning and SteeringControl

Thesteeringof thevehicleis realizedby anumberf modules
in the controllayer Chief amongthemis the pathplanning



Figure 10: Humanvelocity comparedo the outputof the velocity
controllet for a 2.2-milesstretchof the 2004 DARPA GrandChal-
lengecourse.

module, which determineshe desiredpath of the vehicle.
Fig 9 shavs an example. The greentrajectoriesare possi-
ble paths,generatedrom a smoothedversionof the base-
line trajectory but with changinglateral offsets. By varying
the lateraloffset, the searchfor the bestpathbecomes 1-D
searchwhich canbe executedef ciently. To selectthe nal
path,the pathplannerevaluategpathsaccordinga numberof
constraintsthe DARPA-imposedcorridor, thenumberof ob-
staclesundera path,andthe nearnesso the perceved road
center

To accommodatéherelatively shortrangeof laserpercep-
tion, the pathplannerevaluatestwo differenttypesof steer
ing actions:nudgesandswervesNudgesaregraduakhanges
whichareoftennecessario avoid obstacle®nthesideof the
corridor Swenesarerapidchangeghatenablegherobotto
avoid frontal obstacles.

The bestpathis continuouslycommunicatedo a steering
controller which is responsibldor the motor commanddo
the steeringcolumn. The steeringcontrolleris a PID con-
troller on the steeringwheeldirection. The default steering
directionis alwayssuchthatthevehiclefront wheelsarepar
allel to the targettrajectory However, lateralerror between
thedesiredandactualtrajectoryresultsin achangeof thisde-
fault steeringdirectionthatis proportionalto this error. Ad-
ditional termsin the PID controllercompensatéor steering
wheellag, drift, andbias. The planningandsteeringcontrol
modulesareexecutedat 20 Hertz.

Velocity Control

Thevelocity controlmoduleis anotherkey innovationin the
software architecturewhich we believe to be uniqueto our
vehicle. Intelligentvelocity controlis essentiato avoid sh-
tailing andto protectthe vehiclefrom the effectsof rutsand
unesenterrain.

The velocity controllerusesa numberof hard constraints
to setthe maximum velocity, which include the DARPA-
providedspeedimits, anddynamicconstraintson maximum
lateralaccelerationghateffectively slow dowvn thevehiclein
curves. Additionally, the controlleralsomonitorstheterrain
andadjuststhe velocity dynamically It doesso by monitor
ing anumberof parameterstheterrainslope(pitch/roll), the
nearnessf obstaclesandtheroughnessf theterrain.

While slopeand obstaclesare easyto senseyoadrough-
nessis not. At rst glance,onemight betemptedto usethe
vehicleaccelerometerto measurderrainroughness.How-
ever, raw obsenationsfrom the accelerometermeasurenot
only the high-frequeng texture or “roughness’of the road,
but alsothe low frequeng forward andlateralaccelerations
of thevehicle,andthegravity vector Ourapproacttherefore
appliesa high-passlter tunedto accelerationsvhosemag-

(a) BeerBottle Pass (b) Map and GPScorridor

Figure 11. Snapshobf themapacquirecby therobotonthe“Beer
Bottle Pass; the mostdif cult passagef the DARPA GrandChal-
lenge. The two blue contoursmark the GPScorridor provided by
DARPA, which alignspoorly with the mapdata. This analysissug-
geststhat a robot that followed the GPSvia points blindly would
likely have failedto traversethis narrav mountainpass.

Figure 12. Processedameramagesfrom therace.

nitudeschangesat high frequencies.In this way, the Iter
ignoresgravity andaccelerationslueto vehiclemaneuers.
Theresultof this lter is anestimateof the shockscausedy
theroadsurfaceconditions.

To control velocity, the vehicle usesan upperboundon
themaximumacceptableshock.Whenanaccelerations ob-
sened that violates this bound, the vehicle slows down to
a velocity underwhich the sameimpactwould not have vi-
olatedthis bound. This velocity assumes linear relation-
ship betweenvehicle speedand shock. Once the vehicle
hassloveddown, it graduallyincreaseds speedboundover
time.

Theresultingvelocity controllerhastwo mainparameters:
themaximumacceptablshock,andtherateatwhichtheve-
locity boundis lifted over time. Ratherthan settingthose
parameterdy hand,we useda simplelearningalgorithmto
tunethembasedon humandriving. Figure10 shavs an ex-
ampleof the learnedcontroller Shavn thereis the velocity
pro le of ahumandriver, comparedo thevelocity pro le of
the controller Both attainapproximatelyequalspeeds.t is
easyto seethat the robot slows down in roughterrain,and
graduallyrecoverssoasto returnto plausiblevelocities.

Resultsfrom the Race

Beforethe GrandChallenge Stanley drove morethan1,000
miles through desertterrain in the southwesterrJ.S. The
longestsingle stretchof autonomousnotion was 200 miles
along a large cyclic dirt track, during which the robot en-
counteredapproximately90 frontal obstaclesat speedof up
to 35mph. Beforetherace therobotdrove 418 mileswithout
ary errorsthatwould have requirednumanintervention.

Fig. 14 shawvs the courseandthe actualvelocitiesattained
by ourrobot. Stanlgy nished the DARPA GrandChallenge
in 6 hours53 minutesand 58 secondsaheadof ary other
robotin therace.Themaximumspeedvas38.0mphandthe
averagespeedwas 19.1 mph, althoughearlyin the racethe
robotaveraged24.8mph. Therobotwaspausedwice by the
raceorganizersfor atotal of 9 minutesand20 secondpause



Figure 13 Velocity histogramduringtherace.

time. 5 hoursand 24 minutesinto the race,at mile marker
101.5,our robot passedhetop-seededobotin theraceand
formally tookthelead,whichit would thenmaintainuntil the
endof therace.

During 4.7%o0f the Grand Challenge,the GPS reported
60cmor moreof error. During 68.2%o0f theracecourse the
velocity wasdeterminedaspre-calculatedIn the remaining
31.8%,therobot adjustedts velocity becausef theterrain
roughnes$18.1%)thevision-basedoad nder (13.1%),and
GPSblacloutsin underpasses6%). The nal nishing time
wasof coursesomeavhatunpredictableandanarrov 11 min-
utesaheadf the secondastestrobot. A histogramof veloc-
itiesis depictedn Fig. 13.

Unlike most other robotsin the race, our robot shoved
no evidenceof collisions during the race. This matched
the robot's performancen the National Quali cation Event
(NQE), where Stanlgy emeged as the sole contestanthat
never collidedwith anobstacle.

A key differenceof ourapproacho someof theothercom-
petitorswasour robot's ability to vary its speedn response
to terrain. For example,someotherrobotsfollowed a pre-
plannedvelocity pro le, in onecasedevelopedby dozensof
humanexpertsin the hoursleadingup to therace(Urmsonet
al. 2004). It is dif cult to saywhetherthe speedadaptation
preventedcollisionsin the race; however, in our testingwe
foundit to beabsolutelyessentiafor percevedsafedriving.

Discussion

Thispapersuneyedtheoverall softwarearchitecturef Stan-
ley, anautonomousobotdesignedor deserdriving. Stanle
participatedsuccessfullyin the DARPA grandChallengea
challengingoffroadraceorganizedby the U.S.gavernment.

The software architecturebuilds on a decadeor more of
researchin Al. Marny of the key software modulesrelied
on adaptve andprobabilistictechniquesor accommodating
sensomoise,and for tuning the parameters.The resulting
robotis a competentriver, which hasbeenprovenin oneof
themostchallengingracesin roboticshistory,

Thereare, however, a numberof limitations. First and
foremosttherobotcannotaccommodatenoving traf c. This
wasnot a requiremenbf the DARPA GrandChallenge but
will mostcertainlybenecessarywhendeplo/ing autonomous
driving technologyarywherein theworld. Secondthespeed
of 38 mph,while reasonabléor off-roaddriving, is still rela-
tively low for moreurbanenvironments. And third, while the
robot managedo avoid collisions, it sometimegeactslater
thana humandriverwould, which resultsin strongersteering
and braking responses.The last two limitations are mostly

Pausel

Pause2

Passing—

Figure 14: This mapshavs the DARPA GrandChallengecourse.
The thicknessof the trajectory indicatesthe actual race speed
(thicker meandfaster).At thelocationsmarked by thered'x' s, the
raceorganizerspausedur robotbecausef the closeproximity to
anotherrobot. At Mile 101.5,this otherrobot was passedgreen
'X).
theresultof therelatively shortreachof thesensors.
Nevertheless, Stanlg successfully nished the 2005
DARPA GrandChallenge and performedbestout of a eld
of 195competingeams We attributethesuccessf thevehi-
clelargelyto its softwarearchitecturendthevariousdetailed
technicalinnovationsin robotperceptiorandcontrol.
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