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Abstract

Thispaperdescribesthesoftwarearchitectureof Stanley,
an autonomousland vehicle developedfor high-speed
desertdriving without humanintervention. The vehi-
cle recentlywon theDARPA GrandChallenge,a major
roboticscompetition.Thearticledescribesthesoftware
architectureof the robot, which relied pervasively on
state-of-the-artAI technologies,suchasmachinelearn-
ing andprobabilisticreasoning.

Intr oduction
The DARPA GrandChallengewas a major robot competi-
tion organizedby theU.S.governmentto fosterresearchand
developmentin theareaof autonomousdriving. Thehighly
popularizedevent requiredan autonomousgroundrobot to
traversea 132-milecoursethroughthe Mojave desertin no
morethan10hours.While in 2004,novehicletraveledmore
than5% of thecourse,� ve vehicles�nished in 2005,four of
themwithin theallotedtime.

The DARPA Grand Challengewas in large part a soft-
ware competition. A skilled humandriver would have no
dif�culty traversingtheterrainin a standardSUV. Without a
driver, however, therobothasto performfunctionsnormally
providedby humandrivers: it hasto sense,decide,andact.
Thus, the methodsrequiredto win sucha racefall into the
realmof autonomousroboticsandAI.

This articledescribesthesoftwarearchitectureof Stanley,
Stanford's entry in the DARPA GrandChallenge.The soft-
wareis capableof acquiringsensordata,constructinginter-
nalmodelsof theenvironment,andmakingdriving decisions
at speedsup to 38 mph. Major componentsof the software
arebasedon machinelearning,probabilisticreasoning,and
real-timecontrol. Probabilisticmethodsproved essentialin
overcomingthemeasurementnoisein varioussensors.Ma-
chinelearningwasappliedin two differentways: of�ine, to
tunevariousperformance-relatedparameters,andonline, to
endow thevehiclewith thecapabilityto adaptto theterrain.
The “glue” betweenthesemodulesis a distributedarchitec-
ture thatservesasaneffective datapipelinefor autonomous
roboticdriving.
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well, Tyzx, Inc., andCoverity, Inc.
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Thisarticleprovidesacomprehensive descriptionof Stan-
ley's softwarearchitecture.Towardsthe endof this article,
wediscussresultsfrom the2005DARPA GrandChallenge.

Vehicle
Stanley (Fig. 1) is basedon a diesel-poweredVolkswagen
Touareg R5. The Touareg has four wheel drive, variable-
heightair suspension,andautomatic,electroniclocking dif-
ferentials.To protectthevehiclefrom environmentalimpact,
therobothasbeenout�tted with skid platesanda reinforced
front bumper. A custominterfaceenablesdirect, electronic
actuationof both throttle andbrakes. A DC motor attached
to the steeringcolumnprovideselectronicsteeringcontrol.
Vehicledata,suchasindividualwheelspeedsandsteeringan-
gle,aresensedautomaticallyandcommunicatedto thecom-
putersystemthroughaCAN businterface.

Nearly all of the vehicle's sensorsaremountedon a cus-
tom roof rack (Fig. 1b). Five SICK laserrange�nders are
mountedpointing forwardalongthedriving directionof the
vehicle,but atslightly differenttilt angles.Theroof rackalso
holds a color camerafor long-rangeroad perception. Two
forward-pointedantennaeof a RADAR systemaremounted
onbothsidesof thelasersensorarray. Furtherback,theroof
rackholdstheprimaryGlobalPositioningSystem(GPS)an-
tenna,two antennaefor theGPScompass,andvarioustrack-
ing antennaerequiredby theraceorganizer. A 6-DOFinertial
measurementunit (IMU) is mountedin thetrunk.

Thecomputingsystemis locatedin thevehicle's trunk,as
shown in Fig. 1c. The trunk featuresa shock-mountedrack
that carriesan arrayof six 1.6 GHz PentiumM bladecom-
puters,a Gigabit Ethernetswitch, and variousdevices that
interfaceto thephysicalsensorsandthevehicle. It alsofea-
turesacustom-madepowersystemwith backupbatteriesand
aswitchbox thatenablestherobotto power-cycle individual
systemcomponentsthroughsoftware. Theoperatingsystem
onall computersis Linux.

SoftwarePipeline
In autonomousdriving, thesoftwarehasto bereliable,robust
to errors,andit hasto run in real-time.Our vehicleachieves
theseobjectives througha distributed software architecture
reminiscentof the well-known threelayer architecture (Gat
1998). The architecturepipelinesdatathrougha seriesof
layers,transformingsensordatainto internalmodels,abstract
plans,andconcreterobotcontrols.Theuseof pipeliningfor
the data�o w minimizesthe dataprocessinglatency, which
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Figure 1: (a) Therobotshown at approximately1:40pmon Oct 8, 2005,asit successfullycompletesthe132-milescourse.(b) View of the
carandtheroof rackwith sensors.(c) Thecomputingsystemin thevehicle's trunk.

is thetime betweentheacquisitionof a sensormeasurement
andits effecton thevehiclemotion.

Theoverall softwaresystemconsistsof about30 modules
executedin parallel(Fig. 2). Thesystemis brokendown into
six layerswhich correspondto thefollowing functions:sen-
sor interface,perception,control, vehicle interface,userin-
terface,andglobalservices.

1. Thesensorinterfacelayercomprisesanumberof software
modulesconcernedwith receiving and time-stampingall
sensordata. The layer receives datafrom the lasersen-
sorsat 75Hz,from thecameraat approximately8 Hz, the
GPSandGPScompassat 10Hz, andthe IMU at 100Hz.
This layeralsocontainsa databaseserver with thecourse
coordinates(RDDF �le).

2. Theperceptionlayer mapssensordatainto internalmod-
els.A primarymodulein thislayeris theUKF vehiclestate
estimator, whichdeterminesthevehicle'scoordinates,ori-
entation,andvelocities.Threedifferentmappingmodules
build 2-D environmentmodelsbasedon lasers,the cam-
era,andtheradarsystem.A road�nding moduleusesthe
laser-derivedmapsto �nd theboundaryof a road,so that
thevehiclecancenteritself laterally. Finally, a surfaceas-
sessmentmoduleextractsparametersof the currentroad
for thepurposeof determiningsafevehiclespeeds.

3. Thecontrol layer is responsiblefor determinethesteering,
throttle,andbrake responseof thevehicle. A key module
is thepathplanner, which setstrajectoriesin steering-and
velocity-space.This trajectoryis passedto two reactive
controllers,onefor thesteeringcontrolandandfor brake
andthrottlecontrol.Both of thosegeneratelow-level con-
trol commandsfor thevehicle.

4. The vehicleinterfacelayer serves as the interfaceto the
robot's drive-by-wiresystem.The control layer alsofea-
turesa top level control module, implementedas a sim-
ple �nite stateautomaton.This level determinesthe gen-
eralvehiclemodein responseto usercommands,received
throughthein-vehicletouchscreenor thewirelessE-stop.

5. Theuserinterfacelayer comprisestheremoteE-stopand
a touch-screenmodulefor startingup thesoftware.

6. Theglobal serviceslayer providesa numberof basicser-
vices for all other software modules. Naming and com-
municationservicesare provides through CMU's Inter-
ProcessCommunication(IPC) toolkit (Simmons& Apfel-
baum1998).A centralizedparameterservermodulemain-
tainsadatabaseof all vehicleparametersandupdatesthem

Figure2: 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
whennecessary. Clock synchronizationis achieved thor-
ougha time server. Finally, a datalogging server dumps
sensor, control,anddiagnosticdataon disk for replayand
analysis.

KeySoftwareModules
Dynamic StateEstimation
Thevehiclestateis comprisedof two groupsof variables:pa-
rameterscharacterizingthedynamicstateof thevehicle(lo-
cation, speed,etc), andparameterspertainingto the health
of thevehicle. Following therich literatureon vehicleguid-
ance(Grewal, Weill, & Andrews 2001), the dynamicstate
is comprisedof 15 variables: the vehicle coordinatesin a
global GPS-referencedcoordinateframe, the derivatives of
thesecoordinates(vehiclevelocity),theorientationof theve-
hicle relative to theglobalcoordinateframe(in Eulerangles,
yaw, pitch, and roll), threeaccelerometerbiases,and three
gyroscopebiases.

An unscentedKalman �lter (UKF) (Julier & Uhlmann
1997)estimatesthesequantitiesat anupdaterateof 100Hz.



Figure 3: UKF resultsfor a GPSoutagethat laststhreeminutes.
The dottedred line is the estimatewithout GPS(the greenline is
a portion at which GPSwasavailable). Groundtruth is shown in
black.

Figure 4: Thevehicleusesa singleline scannerto acquiresurface
datafrom the terrain to make driving decisions.The scanis inte-
gratedover time into a3-D point cloud.

TheUKF incorporatesobservationsfrom theGPS,theGPS
compass,theIMU, andthewheelencoders.TheGPSsystem
providesboth absolutepositionandvelocity measurements,
which areboth incorporatedinto theUKF. Thanksto an in-
ternalvehiclemodel,theUKF cansurviveGPSoutagesof up
to severalminutes(seeFig. 3).

Laser Mapping
The lasersaretheprimaryobstacledetectionsensorson the
vehicle. Fig. 4a illustratestheview of oneof the � ve lasers
as it scansthe terrain. Eachof the lasersis angledslightly
downwardto scantheterrainat a speci�c range.Thevehicle
integratesthelaserdataovertimeinto a3-D pointcloud,such
astheoneshown in Fig. 4b.

The robot analyzesthis point cloud for pairs of nearby
measurementswhosez-coordinatesdiffer by anamountlarge
enoughto constituteanobstacle.Any pairof suchpointscon-
stituteawitnessfor anobstacle.However, whenimplemented
in themoststraightforwardway this comparisonoften leads
to severemappingerrorsthatcancausethevehicleto veeroff
theroad.

Thekey problemin theanalysisof the3-D point cloudsis
poseestimationerror. In particular, noisein GPS,IMU, and
wheelsensorsaffectstheaccuracy of theUKF estimates.For
a forward-pointedlasermeasuringat a rangeof 30 meters,a
1-degreeerrorin pitch inducesa0.5metererrorin perceived
Z . As a result, a relatively small UKF error can lead the
vehicleto perceivehugefakeobstacleswherein reality there
arenone. Such“phantomobstacles”arecommonwhennot
consideringthis typeof noise.In fact,in oneof our reference
datasetsthe numberof falsepositives in the map(phantom
obstacles)wasfound to be 12.6%—despiteall our attempts
to optimizetheUKF. Figure5 illustratessuchasituation.

Thesolutionto thisproblemis foundin probabilisticanal-

Figure 5: Small errors in poseestimation(smaller than 0.5 de-
grees)inducemassive terrainclassi�cationerrors,which canforce
therobotoff theroad.

ysis. Therobotusesa Markov modelto modelthedevelop-
mentof UKF noiseover time. Thestateof thisMarkov chain
is thenoisein thevehiclestateestimatesx, y, andz, andthe
threeEulerangles.

Our approachstipulatesthatthenoisein thesevariablesis
itself a Markov chainthatslowly changesstate(of thenoise
variables)over time. In particular, at time t theremight be
a �x edvalueof theUKF error, whereerror is de�ned asthe
differencebetweenthetruestate(whichcannotbemeasured)
and the UKF stateestimate. At time t + 0:01sec, the er-
ror is essentiallythe same,plus a zero-meannoisevariable
with very small variance. Over time, the additionof many
suchnoisevariablesmakeslarge errorspossible. However,
in shorttimeintervals,thechangeof error underthisMarkov
chainis small.

The Markov chainmakes it possibleto evaluatepairsof
witnessesprobabilistically. The probability that two such
pointsactuallycorrespondto an obstacleis now a function
of thetime elapsed,sincethemoretime passesby, themore
errormight have beenintroducedin thesystem.Themathe-
maticsof sucha relative comparisonarestraightforward for
Gaussiannoise.Therobotacceptsobstaclesonly if two mea-
surementspasstheresultingprobabilistictestwith .95prob-
ability.

While this probabilisticanalysisof thedatahasthepoten-
tial to reducethe numberof falsepositives, it comeswith
its own problems. In particular, the Markov chain is char-
acterizedby a numberof parameters(the drift of the error,
theamountof new error introducedasa functionof vehicle
speed,roll, pitch, shock,andso on). Theseparametersare
the result of complex interactionsof sensors,weather, and
proprietarysoftwareof thesensormanufacturers.

To solve this problem,we employeda discriminative ma-
chine learning algorithm. This algorithm “rewarded” the
robot for correctlyclassifyingfree terrainasfree,andoccu-
piedterrainasoccupied.Thetrainingdatafor this algorithm
wascollectedthroughhumandriving. Fig. 6 illustratesthe
process:hereahumandriver labelsdrivableareasby driving
over it (coloredin blue).A stripeonbothsidesof thevehicle
is assumedto benon-drivable(labeledin red).

Thediscriminativelearningalgorithmtunestheparameters
of theMarkov chainsoasto minimizetheerror in bothcat-
egories,drivableandnon-drivable. The learningalgorithm
is implementedvia coordinateascent:It jointly optimizesall
parametersuntil a local optimumis reached.The detailsof
thecoordinateascentarebeyondthescopeof thispaper.

In testing, we �nd that the effect of this probabilistic



Terrain labeling for parameter tuning
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Figure 6: Terrainlabelingfor parametertuning: Theareatraversed
by the vehicle is labeledas “drivable” (blue) and two stripesat a
�x ed distanceto the left and the right are labeledas “obstacles”
(red). While theselabelsareonly approximate,they areextremely
easytoobtainandsigni�cantly improvetheaccuracy of theresulting
mapwhenusedfor parametertuning.

(a) Robot and laserscanplotted over time

(b) 3-D point cloud (c) straw man method

error ---

(d) our result

Figure 7: Comparisonof non-probabilisticandprobabilisticanal-
ysis: (a) shows a scanover time, (b) the 3-D point cloud, (c) the
erroneousmapand(d) theresultof theprobabilisticanalysis.

methodpairedwith thedata-driven tuningalgorithmis sub-
stantial. In oneof the developmentdatasetsof hardmoun-
tain terrain,theapproachreducesthefalse-positive ratefrom
12.6%down to 0.02%,while leaving thenumberof obstacles
detectedvirtually unaffected.

Vision Mapping
Vision is employed to overcomethe limited rangeof laser
perception. With a 25 meterrange,the laser-basedsystem
wouldonly providesafedriving atspeedsup to 25mph.The
cameracanseemuchfurther. However, separatingdrivable
from non-drivable terrain in a cameraimageis not a trivial
task.

To �nd drivable terrain, our software leveragesthe laser
perceptioninto thevision domain.More speci�cally, thevi-
sion systemanalyzesthe lasermapfor a drivableregion in
thenear-range.Whensucha region is found, it projectsthe
drivableareainto the�eld of view of thecamera(boxedarea
in Fig. 8). Thevision systemthen�ts a Gaussianthatmod-
els the color distribution of pixels within the drivablearea.
It usesthis modelto identify otherareasareasof similar ap-
pearancein theimage,whicharethenequallylabeledasdriv-
able.In thisway, thevisionmoduleextendstherangeof per-

Figure8: Onlineadaptationto thedrivableterrain.

Figure9: Snapshotof thepathplannerasit processesthedrivability
map.Thissnapshotis takenfrom themostdif�cult partof the2005
DARPA GrandChallenge,a mountainousareacalled Beer Bottle
Pass.

ceptionsigni�cantly beyondthatof the laser. This approach
is reminiscentof prior work in (Dickmannset al. 1994;
Pomerleau& Jochem1996),which alsousedadaptive tech-
niquesfor robotic driving. The learning is executedat 8
Hertz, andan exponential�lter is usedto decaypastGaus-
sian�lter parametersover time.

Fig. 8 illustratesthe resulting vision system. The data
shown hereis takenform theNationalQuali�cation Eventof
theDARPA GrandChallenge.Herethevehiclemovesfrom a
pavementto grass,bothof which aredrivable.Thesequence
in Fig.8 illustratestheadaptationatwork: theboxedareasto-
wardsthebottomof theimageis thetrainingregion,andthe
redcoloringin theimageis theresultof applyingthelearned
classi�er. As is easilyseenin Fig. 8, thevision modulesuc-
cessfullyadaptsfrom pavementto to grasswithin lessthana
secondwhile still correctlylabelingthe hay balesandother
obstacles.

Sincecertaincolorchangesarenaturalevenon�at terrain,
thevision 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 25mph,at whichpoint thelaserrange
is suf�cient for safenavigation.

Path Planning and SteeringControl
Thesteeringof thevehicleis realizedbyanumberof modules
in thecontrol layer. Chief amongthemis thepathplanning



Figure 10: Humanvelocity comparedto theoutputof thevelocity
controller, for a 2.2-milesstretchof the2004DARPA GrandChal-
lengecourse.

module,which determinesthe desiredpath of the vehicle.
Fig 9 shows an example. The greentrajectoriesare possi-
ble paths,generatedfrom a smoothedversionof the base-
line trajectory, but with changinglateraloffsets.By varying
thelateraloffset,thesearchfor thebestpathbecomesa 1-D
search,which canbeexecutedef�ciently . To selectthe �nal
path,thepathplannerevaluatespathsaccordinga numberof
constraints:theDARPA-imposedcorridor, thenumberof ob-
staclesundera path,andthe nearnessto the perceived road
center.

To accommodatetherelatively shortrangeof laserpercep-
tion, the pathplannerevaluatestwo differenttypesof steer-
ingactions:nudgesandswerves. Nudgesaregradualchanges
whichareoftennecessaryto avoid obstaclesonthesideof the
corridor. Swervesarerapidchangesthatenablestherobotto
avoid frontalobstacles.

Thebestpathis continuouslycommunicatedto a steering
controller, which is responsiblefor the motor commandsto
the steeringcolumn. The steeringcontroller is a PID con-
troller on the steeringwheeldirection. The default steering
directionis alwayssuchthatthevehiclefront wheelsarepar-
allel to the target trajectory. However, lateralerror between
thedesiredandactualtrajectoryresultsin achangeof thisde-
fault steeringdirectionthat is proportionalto this error. Ad-
ditional termsin the PID controllercompensatefor steering
wheellag, drift, andbias. Theplanningandsteeringcontrol
modulesareexecutedat20Hertz.

Velocity Control
Thevelocity controlmoduleis anotherkey innovationin the
softwarearchitecture,which we believe to be uniqueto our
vehicle.Intelligentvelocity control is essentialto avoid �sh-
tailing andto protectthevehiclefrom theeffectsof rutsand
uneventerrain.

The velocity controllerusesa numberof hardconstraints
to set the maximum velocity, which include the DARPA-
providedspeedlimits, anddynamicconstraintsonmaximum
lateralaccelerationsthateffectively slow down thevehiclein
curves. Additionally, thecontrolleralsomonitorstheterrain
andadjuststhevelocity dynamically. It doessoby monitor-
ing anumberof parameters:theterrainslope(pitch/roll), the
nearnessof obstacles,andtheroughnessof theterrain.

While slopeandobstaclesareeasyto sense,roadrough-
nessis not. At �rst glance,onemight be temptedto usethe
vehicleaccelerometersto measureterrainroughness.How-
ever, raw observationsfrom theaccelerometersmeasurenot
only the high-frequency texture or “roughness”of the road,
but alsothe low frequency forwardandlateralaccelerations
of thevehicle,andthegravity vector. Ourapproachtherefore
appliesa high-pass�lter tunedto accelerationswhosemag-

(a) BeerBottle Pass (b) Map and GPScorridor

Figure 11: Snapshotof themapacquiredby theroboton the“Beer
Bottle Pass,” themostdif�cult passageof theDARPA GrandChal-
lenge. The two blue contoursmark the GPScorridor provided by
DARPA, which alignspoorly with themapdata.This analysissug-
geststhat a robot that followed the GPSvia pointsblindly would
likely have failedto traversethisnarrow mountainpass.

Figure12: Processedcameraimagesfrom therace.

nitudeschangesat high frequencies.In this way, the �lter
ignoresgravity andaccelerationsdueto vehiclemaneuvers.
Theresultof this �lter is anestimateof theshockscausedby
theroadsurfaceconditions.

To control velocity, the vehicle usesan upperboundon
themaximumacceptableshock.Whenanaccelerationis ob-
served that violatesthis bound, the vehicle slows down to
a velocity underwhich the sameimpactwould not have vi-
olatedthis bound. This velocity assumesa linear relation-
ship betweenvehicle speedand shock. Once the vehicle
hassloweddown, it graduallyincreasesits speedboundover
time.

Theresultingvelocitycontrollerhastwo mainparameters:
themaximumacceptableshock,andtherateatwhich theve-
locity boundis lifted over time. Ratherthan settingthose
parametersby hand,we useda simplelearningalgorithmto
tunethembasedon humandriving. Figure10 shows anex-
ampleof the learnedcontroller. Shown thereis thevelocity
pro�le of a humandriver, comparedto thevelocity pro�le of
thecontroller. Both attainapproximatelyequalspeeds.It is
easyto seethat the robot slows down in roughterrain,and
graduallyrecoverssoasto returnto plausiblevelocities.

Resultsfr om the Race
BeforetheGrandChallenge,Stanley drove morethan1,000
miles through desertterrain in the southwesternU.S. The
longestsinglestretchof autonomousmotion was200 miles
along a large cyclic dirt track, during which the robot en-
counteredapproximately90 frontal obstaclesat speedsof up
to 35mph.Beforetherace,therobotdrove418mileswithout
any errorsthatwouldhave requiredhumanintervention.

Fig. 14 shows thecourseandtheactualvelocitiesattained
by our robot. Stanley �nished theDARPA GrandChallenge
in 6 hours53 minutesand 58 seconds,aheadof any other
robotin therace.Themaximumspeedwas38.0mphandthe
averagespeedwas19.1mph, althoughearly in the racethe
robotaveraged24.8mph.Therobotwaspausedtwiceby the
raceorganizers,for atotalof 9 minutesand20secondspause



Figure13: Velocityhistogramduringtherace.

time. 5 hoursand24 minutesinto the race,at mile marker
101.5,our robotpassedthe top-seededrobot in theraceand
formally tookthelead,whichit wouldthenmaintainuntil the
endof therace.

During 4.7%of the Grand Challenge,the GPS reported
60cmor moreof error. During 68.2%of theracecourse,the
velocity wasdeterminedaspre-calculated.In theremaining
31.8%,the robot adjustedits velocity becauseof the terrain
roughness(18.1%),thevision-basedroad�nder (13.1%),and
GPSblackoutsin underpasses(.6%).The�nal �nishing time
wasof coursesomewhatunpredictable,andanarrow 11min-
utesaheadof thesecondfastestrobot.A histogramof veloc-
ities is depictedin Fig. 13.

Unlike most other robots in the race,our robot showed
no evidenceof collisions during the race. This matched
the robot's performancein the NationalQuali�cation Event
(NQE), whereStanley emerged as the sole contestantthat
never collidedwith anobstacle.

A key differenceof ourapproachto someof theothercom-
petitorswasour robot's ability to vary its speedin response
to terrain. For example,someother robotsfollowed a pre-
plannedvelocity pro�le, in onecasedevelopedby dozensof
humanexpertsin thehoursleadingup to therace(Urmsonet
al. 2004). It is dif�cult to saywhetherthespeedadaptation
preventedcollisions in the race;however, in our testingwe
foundit to beabsolutelyessentialfor perceivedsafedriving.

Discussion
Thispapersurveyedtheoverallsoftwarearchitectureof Stan-
ley, anautonomousrobotdesignedfor desertdriving. Stanley
participatedsuccessfullyin the DARPA grandChallenge,a
challengingoffroadraceorganizedby theU.S.government.

The softwarearchitecturebuilds on a decadeor moreof
researchin AI. Many of the key software modulesrelied
on adaptive andprobabilistictechniquesfor accommodating
sensornoise,and for tuning the parameters.The resulting
robotis a competentdriver, which hasbeenprovenin oneof
themostchallengingracesin roboticshistory.

Thereare, however, a numberof limitations. First and
foremost,therobotcannotaccommodatemoving traf�c. This
wasnot a requirementof the DARPA GrandChallenge,but
will mostcertainlybenecessarywhendeploying autonomous
driving technologyanywherein theworld. Second,thespeed
of 38mph,while reasonablefor off-roaddriving, is still rela-
tively low for moreurbanenvironments.And third, while the
robot managedto avoid collisions,it sometimesreactslater
thanahumandriverwould,whichresultsin strongersteering
andbrakingresponses.The last two limitations aremostly

Pause1

Pause2

Passing-

Figure 14: This mapshows the DARPA GrandChallengecourse.
The thicknessof the trajectory indicates the actual race speed
(thicker meansfaster).At the locationsmarkedby thered 'x' s, the
raceorganizerspausedour robotbecauseof thecloseproximity to
anotherrobot. At Mile 101.5, this other robot waspassed(green
'x').

theresultof therelatively shortreachof thesensors.
Nevertheless, Stanley successfully �nished the 2005

DARPA GrandChallenge,andperformedbestout of a �eld
of 195competingteams.Weattributethesuccessof thevehi-
clelargelyto its softwarearchitectureandthevariousdetailed
technicalinnovationsin robotperceptionandcontrol.
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