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Abstract

This articledescribestherobotStanley, which won the2005DARPA GrandChal-
lenge. Stanley wasdevelopedfor high-speeddesertdriving without manualinter-
vention.Therobot'ssoftwaresystemreliedpredominatelyonstate-of-the-artarti�-
cial intelligencetechnologies,suchasmachinelearningandprobabilisticreasoning.
This articledescribesthemajorcomponentsof this architecture,anddiscussesthe
resultsof theGrandChallengerace.
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Figure1: (a) At approximately1:40pmon Oct 8, 2005,Stanley is the �rst robot to completethe
DARPA GrandChallenge.(b) Therobotis beinghonoredby DARPA DirectorDr. Tony Tether.

1 Intr oduction

TheGrandChallengewaslaunchedby theDefenseAdvancedResearchProjectsAgency (DARPA)
in 2003to spurinnovationin unmannedgroundvehiclenavigation.Thegoalof theChallengewas
thedevelopmentof anautonomousrobotcapableof traversingunrehearsed,off-roadterrain.The
�rst competition,which carrieda prizeof $1M, took placeon March13,2004. It requiredrobots
to navigatea142-milelongcoursethroughtheMojavedesertin nomorethan10hours.107teams
registeredand15 raced,yet noneof theparticipatingrobotsnavigatedmorethan5% of theentire
course. The challengewasrepeatedon October8, 2005,with an increasedprize of $2M. This
time,195teamsregisteredand23 raced.Of those,� ve teams�nished. Stanford's robot“Stanley”
�nished the courseaheadof all other vehiclesin 6 hours53 minutesand 58 secondsand was
declaredthewinnerof theDARPA GrandChallenge;seeFig. 1.

This articledescribestherobotStanley, andits softwaresystemin particular. Stanley wasdevel-
opedby a teamof researchersto advancethe state-of-the-artin autonomousdriving. Stanley's
successis the resultof an intensedevelopmenteffort led by StanfordUniversity, and involving
expertsfrom Volkswagenof America,Mohr Davidow Ventures,Intel Research,anda numberof
otherentities.Stanley is basedona2004VolkswagenTouareg R5TDI, out�tted with a6 processor
computingplatformprovidedby Intel, andasuiteof sensorsandactuatorsfor autonomousdriving.
Fig. 2 shows imagesof Stanley duringtherace.

The main technologicalchallengein the developmentof Stanley was to build a highly reliable
systemcapableof driving at relatively highspeedsthroughdiverseandunstructuredoff-roadenvi-
ronments,andto doall thiswith highprecision.Theserequirementsledto anumberof advancesin
the�eld of autonomousnavigation,assurveyedin this article.New methodsweredeveloped,and
existingmethodsextended,in theareasof long-rangeterrainperception,real-timecollisionavoid-
ance,andstablevehiclecontrolon slipperyandruggedterrain.Many of thesedevelopmentswere
drivenby thespeedrequirement,whichrenderedmany classicaltechniquesin theoff-roaddriving
�eld unsuitable. In pursuingthesedevelopments,the researchteambroughtto bearalgorithms
from diverseareasincludingdistributedsystems,machinelearning,andprobabilisticrobotics.
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Figure2: Imagesfrom therace.

1.1 RaceRules

Therules(DARPA, 2004)of theDARPA GrandChallengeweresimple.Contestantswererequired
to build autonomousgroundvehiclescapableof traversinga desertcourseup to 175 miles long
in lessthan10 hours. The �rst robot to completethe coursein under10 hourswould win the
challengeandthe $2M prize. Absolutelyno manualinterventionwasallowed. The robotswere
startedby DARPA personnelandfrom thatpointonhadto drive themselves.Teamsonly saw their
robotsat thestartingline and,with luck, at the�nish line.

Both the 2004 and 2005 raceswere held in the Mojave desertin the southwestUnited States.
Courseterrain varied from high quality, gradeddirt roadsto winding, rocky, mountainpasses;
seeFig. 2. A small fractionof eachcoursetraveledalongpaved roads.The2004coursestarted
in Barstow, CA, approximately100milesnortheastof Los Angeles,and�nished in Primm,NV,
approximately30 miles southwestof Las Vegas. The 2005courseboth startedand �nished in



Figure3: A sectionof theRDDF�le from the2005DARPA GrandChallenge.Thecorridorvaries
in width andmaximumspeed.Waypointsaremorefrequentin turns.

Primm,NV.

The speci�c racecoursewaskept secretfrom all teamsuntil two hoursbeforethe race. At this
time, eachteamwasgiven a descriptionof the courseon CD-ROM in a DARPA-de�ned Route
De�nition DataFormat(RDDF). TheRDDF is a list of longitudes,latitudes,andcorridorwidths
thatde�ne thecourseboundary, andalist of associatedspeedlimits; anexamplesegmentis shown
in Fig. 3. Robotsthattravel substantiallybeyondthecourseboundaryrisk disquali�cation. In the
2005race,theRDDFcontained2,935waypoints.

Thewidth of theracecorridorgenerallytrackedthewidth of theroad,varyingbetween3 and30
meterin the 2005race. Speedlimits wereusedto protectimportantinfrastructureandecology
alongthe courseandto maintainthe safetyof DARPA chasedriverswho followed behindeach
robot. Thespeedlimits variedbetween5 and50 mph. TheRDDF de�ned theapproximateroute
thatrobotswouldtake,sonoglobalpathplanningwasrequired.As aresult,theracewasprimarily
a testof high-speedroad�nding andobstacledetectionandavoidancein desertterrain.

Therobotsall competedonthesamecourse,startingoneafteranotherat5 minuteintervals.When
a fasterrobotovertooka slower one,theslower robotwaspausedby DARPA of�cials, allowing
thesecondrobotto passthe�rst asif it werea staticobstacle.This eliminatedtheneedfor robots
to handlethecaseof dynamicpassing.



1.2 TeamComposition

TheStanfordRacingTeamteamwasorganizedinto four majorgroups.TheVehicleGroupover-
saw all modi�cationsandcomponentdevelopmentsrelatedto thecorevehicle. This includedthe
drive-by-wiresystems,the sensorandcomputermounts,andthe computersystems.The group
wasled by researchersfrom Volkswagenof America's ElectronicsResearchLab. The Software
Group developedall software, including the navigation softwareandthe varioushealthmonitor
andsafetysystems.Thesoftwaregroupwasledby researchersaf�liated with StanfordUniversity.
TheTestingGroupwasresponsiblefor testingall systemcomponentsandthesystemasa whole,
accordingto a speci�ed testingschedule.Themembersof this groupwereseparatefrom any of
theothergroups.Thetestinggroupwasledby researchersaf�liated with StanfordUniversity. The
CommunicationsGroup managedall mediarelationsand fund raisingactivities of the Stanford
RacingTeam.Thecommunicationsgroupwasledby employeesof Mohr Davidow Ventures,with
participationfrom all othersponsors.Theoperationsoversightwasprovidedby a steeringboard
thatincludedall majorsupporters.

2 Vehicle

Stanley is basedon a diesel-poweredVolkswagenTouareg R5. TheTouareg hasfour wheeldrive,
variable-heightair suspension,andautomatic,electroniclockingdifferentials.To protectthevehi-
cle from environmentalimpact,Stanley hasbeenout�tted with skid platesanda reinforcedfront
bumper. A custominterfaceenablesdirect, electronicactuationof both throttle andbrakes. A
DC motorattachedto thesteeringcolumnprovideselectronicsteeringcontrol. A linearactuator
attachedto thegearshiftershifts thevehiclebetweendrive, reverse,andparkinggears(Fig. 4c).
Vehicledata,suchas individual wheelspeedsandsteeringangle,aresensedautomaticallyand
communicatedto thecomputersystemthroughaCAN businterface.

Thevehicle's custom-maderoof rackis shown in Fig. 4a. It holdsnearlyall of Stanley's sensors.
Theroof providesthehighestvantagepoint from thevehicle;from this point thevisibility of the
terrainis best,andtheaccessto GPSsignalsis leastobstructed.For environmentperception,the
roof rackhouses� ve SICK laserrange�nders. The lasersarepointedforwardalongthedriving
directionof thevehicle,but with slightly differenttilt angles.Thelasersmeasurecross-sectionsof
theapproachingterrainat differentrangesout to 25 metersin front of thevehicle. Theroof rack
alsoholdsa color camerafor long-rangeroadperception,which is pointedforward andangled
slightly downwards.For long-rangedetectionof largeobstacles,Stanley'sroof rackalsoholdstwo
24GHzRADAR sensors,suppliedby SmartMicrowaveSensors.BothRADAR sensorscover the
frontal areaup to 200meter, with a coverageanglein azimuthof about20 degrees.Two antennae
of this systemaremountedon bothsidesof the lasersensorarray. The lasers,camera,andradar
systemcomprisetheenvironmentsensorgroupof thesystem.That is, they inform Stanley of the
terrainahead,sothatStanley candecidewhereto drive,andatwhatspeed.

Furtherback,the roof rack holdsa numberof additionalantennae:onefor Stanley's GPSposi-
tioning systemandtwo for theGPScompass.TheGPSpositioningunit is a L1/L2/OmnistarHP
receiver. Togetherwith a trunk-mountedinertial measurementunit (IMU), the GPSsystemsare
the positioningsensorgroup, whoseprimary function is to estimatethe locationandvelocity of
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Figure4: (a) View of thevehicle's roof rackwith sensors.(b) Thecomputingsystemin thetrunk
of thevehicle.(c) Thegearshifter, controlscreen,andmanualoverridebuttons.

thevehiclerelative to anexternalcoordinatesystem.

Finally, a radio antennaandthreeadditionalGPSantennaefrom the DARPA E-Stopsystemare
alsolocatedontheroof. TheE-Stopsystemis awirelesslink thatallowsachasevehiclefollowing
Stanley to safelystopthevehiclein caseof emergency. Theroof rackalsoholdsa signalinghorn,
awarninglight, andtwo manualE-stopbuttons.

Stanley'scomputingsystemis locatedin thevehicle's trunk,asshown in Fig. 4b. Specialair ducts
direct air �o w from the vehicle's air conditioningsysteminto the trunk for cooling. The trunk
featuresashock-mountedrackthatcarriesanarrayof six PentiumM computers,aGigabitEthernet
switch,andvariousdevicesthatinterfaceto thephysicalsensorsandtheTouareg'sactuators.It also
featuresacustom-madepowersystemwith backupbatteries,andaswitchboxthatenablesStanley
to power-cycle individual systemcomponentsthroughsoftware. TheDARPA-providedE-Stopis
locatedon this rackon additionalshockcompensation.Thetrunk assemblyalsoholdsthecustom
interfaceto the VolkswagenTouareg's actuators:the brake, throttle, gearshifter, and steering
controller. A six degree-of-freedomIMU is rigidly attachedto the vehicleframeunderneaththe
computingrackin thetrunk.

Thetotal power requirementof theaddedinstrumentationis approximately500W, which is pro-
vided throughthe Touareg's stockalternator. Stanley's backupbatterysystemsuppliesan addi-
tionalbuffer to accommodatelong idling periodsin desertheat.

The operatingsystemrun on all computersis Linux. Linux waschosendueto its excellentnet-
working and time sharingcapabilities. During the race,Stanley executedthe racesoftware on
threeof thesix computers;a fourth wasusedto log theracedata(andtwo computerswereidle).
Oneof thethreeracecomputerswasentirelydedicatedto videoprocessing,whereastheothertwo
executedall othersoftware. Thecomputerswereableto poll thesensorsat up to 100Hz, andto
controlthesteering,throttleandbrakeat frequenciesup to 20Hz.

An importantaspectin Stanley's designwasto retainstreetlegality, sothata humandriver could
safelyoperatetherobotasa conventionalpassengercar. Stanley's customuserinterfaceenablesa
driver to engageanddisengagethecomputersystemat will, evenwhile thevehicleis in motion.
As a result, the driver candisablecomputercontrol at any time of the development,andregain
manualcontrolof thevehicle.To this end,Stanley is equippedwith severalmanualoverridebut-
tonslocatednearthedriver seat.Eachof theseswitchescontrolsoneof thethreemajoractuators
(brakes,throttle,steering).An additionalcentralemergency switchdisengagesall computercon-
trol andtransformsthe robot into a conventionalvehicle. While this featurewasof no relevance



to theactualrace(in which no personsatin thecar), it provedgreatlybene�cial duringsoftware
development.Theinterfacemadeit possibleto operateStanley autonomouslywith peopleinside,
asa dedicatedsafetydriver couldalwayscatchcomputerglitchesandassumefull manualcontrol
atany time.

During theactualrace,therewasof courseno driver in thevehicle,andall driving decisionswere
madeby Stanley's computers.Stanley possessedanoperationalcontrol interfacerealizedthrough
a touch-sensitive screenon thedriver's console.This interfaceallowedGovernmentpersonnelto
shutdown andrestartthevehicle,if it becamenecessary.

3 SoftwareAr chitecture

3.1 DesignPrinciples

Beforeboththe2004and2005GrandChallenges,DARPA revealedto thecompetitorsthatastock
4WD pickuptruck would bephysically capableof traversingtheentirecourse.Theseannounce-
mentssuggestedthat the innovationsnecessaryto successfullycompletethe challengewould be
in designingintelligentdriving software,not in designingexotic vehicles.Thisannouncementand
theperformanceof thetop �nishers in the2004raceguidedthedesignphilosophy of theStanford
RacingTeam:treatautonomousnavigationasa softwareproblem.

In relationto previouswork on roboticsarchitectures,Stanley's softwarearchitectureis relatedto
thewell-known threelayerarchitecture (Gat,1998),albeitwithouta long-termsymbolicplanning
method.A numberof guidingprinciplesprovedessentialin thedesignof thesoftwarearchitecture:

Control and data pipeline. Thereis no centralizedmaster-processin Stanley's softwaresystem.
All modulesareexecutedat their own pace,without inter-processsynchronizationmechanisms.
Instead,all datais globally time-stamped,andtimestampsareusedwhenintegratingmultipledata
sources.The approachreducesthe risk of deadlocksandundesiredprocessingdelays. To max-
imize the con�gurability of the system,nearlyall inter-processcommunicationis implemented
throughpublish-subscribemechanisms.Theinformationfrom sensorsto actuators�o ws in a sin-
gle direction; no information is received more thanonceby the samemodule. At any point in
time,all modulesin thepipelineareworkingsimultaneously, therebymaximizingtheinformation
throughputandminimizing thelatency of thesoftwaresystem.

Statemanagement.Eventhoughthesoftwareis distributed,thestateof thesystemis maintained
by localauthorities.Thereareanumberof statevariablesin thesystem.Thehealthstateis locally
managedin thehealthmonitor;theparameterstatein theparameterserver; theglobaldriving mode
is maintainedin a �nite stateautomaton;andthe vehiclestateis estimatedin the stateestimator
module.Theenvironmentstateis brokendown into multiplemaps(laser, vision,andradar).Each
of thesemapsaremaintainedin dedicatedmodules. As a result,all othermoduleswill receive
valuesthat aremutually consistent.The exact statevariablesarediscussedin later sectionsof
this article. All statevariablesarebroadcastto relevantmodulesof thesoftwaresystemthrougha
publish-subscribemechanism.

Reliability. Thesoftwareplacesstrongemphasison theoverall reliability of the roboticsystem.



Specialmodulesmonitor the healthof individual softwareandhardwarecomponents,andauto-
matically restartor power-cycle suchcomponentswhen a failure is observed. In this way, the
softwareis robust to certainoccurrences,suchascrashingor hangingof a softwaremodulesor
stalledsensors.

Developmentsupport. Finally, thesoftwareis structuredsoasto aiddevelopmentanddebugging
of thesystem.Thedevelopercaneasilyrun just a sub-systemof thesoftware,andeffortlesslymi-
gratemodulesacrossdifferentprocessors.To facilitatedebuggingduringthedevelopmentprocess,
all datais logged.By usinga specialreplaymodule,thesoftwarecanberun on recordeddata.A
numberof visualizationtools weredevelopedthat make it possibleto inspectdataand internal
variableswhile thevehicleis in motion,or while replayingpreviously loggeddata.Thedevelop-
mentprocessusedaversioncontrolprocesswith astrict setof rulesfor thereleaseof race-quality
software. Overall, we foundthat the �e xibility of thesoftwareduringdevelopmentwasessential
in achieving thehigh level of reliability necessaryfor long-termautonomousoperation.

3.2 ProcessingPipeline

Theracesoftwareconsistedof approximately30modulesexecutedin parallel(Fig.5). Thesystem
is broken down into six layerswhich correspondto the following functions: sensorinterface,
perception,control,vehicleinterface,userinterface,andglobalservices.

1. The sensorinterface layer comprisesa numberof softwaremodulesconcernedwith re-
ceiving andtime-stampingall sensordata.Thelayerreceivesdatafrom eachlasersensorat
75 Hz, from thecameraat approximately12 Hz, theGPSandGPScompassat 10 Hz, and
the IMU andtheTouareg CAN busat 100Hz. This layeralsocontainsa databaseserver
with thecoursecoordinates(RDDF �le).

2. Theperception layer mapssensordatainto internalmodels.Theprimarymodulein this
layeris theUKF vehiclestateestimator, whichdeterminesthevehicle'scoordinates,orien-
tation,andvelocities.Threedifferentmappingmodulesbuild 2-D environmentmapsbased
on lasers,thecamera,andtheradarsystem.A road�nding moduleusesthe laser-derived
mapsto �nd theboundaryof a road,sothat thevehiclecancenteritself laterally. Finally,
a surfaceassessmentmoduleextractsparametersof the currentroad for the purposeof
determiningsafevehiclespeeds.

3. Thecontrol layer is responsiblefor regulatingthesteering,throttle,andbrake responseof
the vehicle. A key moduleis thepathplanner, which setsthe trajectoryof the vehiclein
steering-andvelocity-space.This trajectoryis passedto two closedloop trajectorytrack-
ing controllers,onefor the steeringcontrol andonefor brake andthrottle control. Both
controllerssendlow-level commandsto theactuatorsthat faithfully executethetrajectory
emittedby theplanner. Thecontrol layeralsofeaturesa top level controlmodule,imple-
mentedasa simple�nite stateautomaton.This level determinesthegeneralvehiclemode
in responseto usercommandsreceivedthroughthein-vehicletouchscreenor thewireless
E-stop,andmaintainsgearstatein casebackwardsmotionis required.

4. Thevehicle interface layer servesasthe interfaceto therobot's drive-by-wiresystem.It
containsall interfacesto thevehicle's brakes,throttle,andsteeringwheel. It alsofeatures
the interfaceto thevehicle's server, a circuit that regulatesthephysicalpower to many of



Figure5: Flowchartof Stanley SoftwareSystem.The softwareis roughlydivided into six main
functionalgroups:sensorinterface,perception,control,vehicleinterface,anduserinterface.There
areanumberof cross-cuttingservices,suchastheprocesscontrollerandtheloggingmodules.

thesystemcomponents.

5. Theuser interface layer comprisestheremoteE-stopandatouch-screenmodulefor start-
ing up thesoftware.

6. The global serviceslayer providesa numberof basicservicesfor all softwaremodules.
NamingandcommunicationservicesareprovidesthroughCMU's Inter-ProcessCommu-
nication(IPC) toolkit (SimmonsandApfelbaum,1998). A centralizedparameterserver
maintainsa databaseof all vehicleparametersandupdatesthemin a consistentmanner.
Thephysicalpowerof individualsystemcomponentsis regulatedby thepowerserver. An-
othermodulemonitorsthehealthof all systemscomponentsandrestartsindividualsystem
componentswhennecessary. Clock synchronizationis achievedthrougha time server. Fi-
nally, a datalogging server dumpssensor, control, anddiagnosticdatato disk for replay
andanalysis.

Thefollowing sectionswill describeStanley'scoresoftwareprocessesin greaterdetail.Thepaper
will thenconcludewith adescriptionof Stanley's performancein theGrandChallenge.
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Figure6: UKF stateestimationwhenGPSbecomesunavailable.Theareacoveredby therobotis
approximately100by 100meter. Thelargeellipsesilllustratethepositionuncertaintyafterlosing
GPS.(a)Withoutintegratingthewheelmotiontheresultis highly erroneous.(b) Thewheelmotion
clearlyimprovestheresult.

4 VehicleStateEstimation

Estimatingvehiclestateis a key prerequisitefor precisiondriving. Inaccurateposeestimationcan
causethevehicleto drive outsidethecorridor, or build terrainmapsthatdo not re�ect thestateof
therobot's environment,leadingto poordriving decisions.In Stanley, thevehiclestatecomprises
a total of 15 variables.Thedesignof this parameterspacefollows standardmethodology(Farrell
andBarth,1999;vanderMerweandWan,2004):

# values statevariable
3 position(longitude,latitude,altitude)
3 velocity
3 orientation(Eulerangles:roll, pitch,yaw)
3 accelerometerbiases
3 gyrobiases

An unscentedKalman�lter (UKF) (JulierandUhlmann,1997)estimatesthesequantitiesatanup-
daterateof 100Hz.TheUKF incorporatesobservationsfrom theGPS,theGPScompass,theIMU,
andthewheelencoders.TheGPSsystemprovidesbothabsolutepositionandvelocity measure-
ments,which areboth incorporatedinto theUKF. Froma mathematicalpoint of view, thesigma
point linearizationin theUKF oftenyieldsa lowerestimationerrorthanthelinearizationbasedon
Taylor expansionin theEKF (vanderMerwe,2004). To many, theUKF is alsopreferablefrom
animplementationstandpointbecauseit doesnot requiretheexplicit calculationof any Jacobians;
althoughthosecanbeusefulfor furtheranalysis.

While GPSis available,theUKF usesonly a “weak” model.This modelcorrespondsto a moving
massthat canmove in any direction. Hence,in normaloperatingmodethe UKF placesno con-
strainton thedirectionof thevelocity vectorrelative to thevehicle's orientation.Sucha modelis
clearlyinaccurate,but thevehicle-groundinteractionsin slipperydesertterrainaregenerallydif�-
cult to model.Themoving massmodelallows for any slippingor skiddingthatmayoccurduring
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Figure7: (a) Illustrationof a lasersensor:Thesensoris angleddownward to scanthe terrainin
front of the vehicleas it moves. Stanley possesses� ve suchsensors,mountedat � ve different
angles. (b) Eachlaseracquiresa 3-D point cloud over time. The point cloud is analyzedfor
drivableterrainandpotentialobstacles.

off-roaddriving.

However, this modelperformspoorly duringGPSoutages,however, asthepositionof thevehicle
reliesstronglyon theaccuracy of theIMU' s accelerometers.As a consequence,a morerestrictive
UKF motionmodelis usedduringGPSoutages.This modelconstrainsthevehicleto only move
in the directionit is pointed. Integrationof the IMU' s gyroscopesfor orientation,coupledwith
wheelvelocitiesfor computingtheposition,is ableto maintainaccurateposeof thevehicleduring
GPSoutagesof up to 2 minuteslong; the accruederror is usually in the order of centimeters.
Stanley's healthmonitor will decreasethe maximumvehiclevelocity during GPSoutagesto 10
mph in orderto maximizethe accuracy of the restrictedvehiclemodel. Fig. 6a shows the result
of positionestimationduringa GPSoutagewith theweakvehiclemodel;Fig. 6b the resultwith
thestrongvehiclemodel. This experimentillustratestheperformanceof this �lter duringa GPS
outage. Clearly, accuratevehiclemodelingduring GPSoutagesis essential. In an experiment
on a paved road,we found that even after 1.3 km of travel without GPSon a cyclic course,the
accumulatedvehicleerrorwasonly 1.7meters.

5 Laser Terrain Mapping

5.1 Terrain Labeling

To safelyavoid obstacles,Stanley mustbecapableof accuratelydetectingnon-drivableterrainat
a suf�cient rangeto stopor take theappropriateevasive action. Thefasterthevehicleis moving,
the fartheraway obstaclesmustbedetected.Lasersareusedasthebasisfor Stanley's shortand
mediumrangeobstacleavoidance.Stanley is equippedwith � ve single-scanlaserrange�nders
mountedon the roof, tilted downward to scanthe road ahead. Fig. 7a illustratesthe scanning
process.Eachlaserscangeneratesa vectorof 181rangemeasurementsspaced0.5degreesapart.
Projectingthesescansinto the global coordinateframe accordingto the estimatedposeof the
vehicleresultsin a 3-D point cloud for eachlaser. Fig. 7b shows anexampleof thepoint clouds
acquiredby thedifferentsensors.Thecoordinatesof such3-D pointsaredenoted(X i

k Y i
k Z i

k);
herek is thetime index atwhich thepointwasacquired,andi is theindex of thelaserbeam.
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Figure8: Examplesof occupancy maps:(a)anunderpass,and(b) a road.

(a) (b)

Figure9: Small errorsin poseestimation(smallerthan0.5 degrees)inducemassive terrainclas-
si�cation errors,which if ignoredcould force the robot off the road. Theseimagesshow two
consecutive snapshotsof a mapthatforcesStanley off theroad.Hereobstaclesareplottedin red,
freespacein white,andunknown territory in gray. Thebluelinesmarkthecorridorasde�ned by
theRDDF.

Obstacledetectionon laserpoint cloudscanbe formulatedasa classi�cationproblem,assigning
to each2-D locationin a surfacegrid oneof threepossiblevalues:occupied,free,andunknown.
A location is occupiedby an obstacleif we can�nd two nearbypointswhosevertical distance
jZ i

k � Z j
m j exceedsa critical verticaldistance� . It is considereddrivable(freeof obstacles)if no

suchpointscanbefound,but at leastoneof thereadingsfalls into thecorrespondinggrid cell. If no
readingfalls into thecell, thedrivability of thiscell is consideredunknown. Thesearchfor nearby
pointsis convenientlyorganizedin a 2-D grid, thesamegrid usedasthe�nal drivability mapthat
is providedto thevehicle'snavigationengine.Fig. 8 shows theexamplegrid map.As indicatedin
this �gure, themapassignsterrainto oneof threeclasses:drivable,occupied,or unknown.

Unfortunately, applyingthis classi�cationschemedirectly to thelaserdatayieldsresultsinappro-
priatefor reliablerobot navigation. Fig. 9 shows suchan instance,in which a small error in the
vehicle's roll/pitch estimationleadsto amassive terrainclassi�cationerror, forcing thevehicleoff
theroad.Smallposeerrorsaremagni�ed into largeerrorsin theprojectedpositionsof laserpoints



jk � mj, thetimedifferencebetweentwo nearbymeasurements

jZ i
k � Z j

m j

Figure10: Correlationof timeandverticalmeasurementerrorin thelaserdataanalysis.

becausethe lasersareaimedat the roadup to 30 metersin front of thevehicle. In our reference
datasetof labeledterrain,we foundthat12.6%of known drivableareais classi�edasobstacle,for
a heightthresholdparameter� = 15cm. Suchsituationsoccureven for roll/pitch errorssmaller
than0:5 degrees.Poseerrorsof this magnitudecanbe avoidedby poseestimationsystemsthat
costhundredsof thousandsof dollars,but suchachoicewastoocostlyfor thisproject.

The key insight to solving this problemis illustratedin Fig. 10. This graphplots the perceived
obstacleheight jZ i

k � Z j
m j along the vertical axis for a collection of grid cells taken from �at

terrain. Clearly, for somegrid cells the perceived height is enormous—despitethe fact that in
reality, thesurfaceis �at. However, this function is not random.Thehorizontalaxisdepictsthe
timedifference� t jk � mj betweentheacquisitionof thosescans.Obviously, theerroris strongly
correlatedwith theelapsedtimebetweenthetwo scans.

To modelthis error, Stanley usesa �rst orderMarkov model,which modelsthedrift of thepose
estimationerrorover time. Thetestfor thepresenceof anobstacleis thereforeaprobabilistictest.
Giventwo points(X i

k Y i
k Z i

k)T and(X j
m Y j

m Z j
m )T , theheightdifferenceis distributedaccording

to a normaldistribution whosevariancescaleslinearly with the time differencejk � mj. Thus,
Stanley usesaprobabilistictestfor thepresenceof anobstacle,of thetype

p(jZ i
k � Z j

m j > � ) > � (1)

Here� is acon�dencethreshold,e.g.,� = 0:05.

Whenappliedovera2-D grid, theprobabilisticmethodcanbeimplementedef�ciently sothatonly
two measurementshave to bestoredpergrid cell. This is dueto the fact thateachmeasurement
de�nesaboundonfutureZ-valuesfor obstacledetection.For example,supposeweobserveanew
measurementfor a cell which waspreviously observed. Thenoneor moreof threecaseswill be
true:

1. Thenew measurementmightbeawitnessof anobstacle,accordingto theprobabilistictest.
In thiscaseStanley simplymarksthecell asobstacleandno furthertestingtakesplace.

2. The new measurementdoesnot trigger asa witnessof an obstacle,but in future testsit
establishesa tighterlowerboundontheminimumZ-valuethanthepreviouslystoredmea-
surement.In this case,our algorithmsimply replacesthepreviousmeasurementwith this
new one. Therationalebehindthis is simple: If thenew measurementis morerestrictive



no labels(white/gray)

?

?

obstacles(red)

?

drivable(blue)

6

Figure 11: Terrain labeling for parametertuning: The areatraversedby the vehicle is labeled
as “drivable” (blue) and two stripesat a �x ed distanceto the left and the right are labeledas
“obstacles”(red). While theselabelsareonly approximate,they areextremelyeasyto obtainand
signi�cantly improve theaccuracy of theresultingmapwhenusedfor parametertuning.

thanthe previous one,therewill not be a situationwherea testagainst this point would
fail while a testagainstthe older onewould succeed.Hence,the old point cansafelybe
discarded.

3. Thethird caseis equivalentto thesecond,but with a re�nementof theuppervalue.A new
measurementmaysimultaneouslyre�ne thelowerandtheupperbounds.

Thefact thatonly two measurementspergrid cell have to bestoredrendersthis algorithmhighly
ef�cient in spaceandtime.

5.2 Data-DrivenParameter Tuning

A �nal stepin developingthis mappingalgorithmaddressesparametertuning.Our approach,and
the underlyingprobabilisticMarkov model,possessesa numberof unknown parameters.These
parametersincludethe heightthreshold� , the statisticalacceptanceprobability threshold� , and
variousMarkov chainerror parameters(the noisecovariancesof the processnoiseandthe mea-
surementnoise).

Stanley usesa discriminative learningalgorithm for locally optimizing theseparameters.This
algorithmtunestheparametersin awaythatmaximizesthediscriminativeaccuracy of theresulting
terrainanalysison labeledtrainingdata.

Thedataarelabeledthroughhumandriving, similar in spirit to (Pomerleau,1993). Fig. 11 illus-
tratesthe idea: A humandriver is instructedto only drive over obstacle-freeterrain. Grid cells
traversedby thevehiclearethenlabeledas“drivable.” This areacorrespondsto thebluestripein
Fig. 11. A stripeto theleft andright of thiscorridoris assumedto beall obstacles,asindicatedby



theredstripesin Fig. 11. Thedistancebetweenthe“drivable”and“obstacle”is setby hand,based
on theaverageroadwidth for asegmentof data.Clearly, notall of thosecellslabeledasobstacles
areactuallyoccupiedby actualobstacles;however, eventrainingagainstanapproximatelabeling
is enoughto improve overall performanceof themapper.

Thelearningalgorithmis now implementedthroughcoordinateascent.In theouterloop,thealgo-
rithm performscoordinateascentrelative to adata-drivenscoringfunction.Givenaninitial guess,
thecoordinateascentalgorithmmodi�es eachparameterone-after-anotherby a �x edamount. It
thendeterminesif thenew valueconstitutesanimprovementover thepreviousvaluewhenevalu-
atedover a loggeddataset,andretainsit accordingly. If for a giveninterval sizeno improvement
canbefound,thesearchinterval is cut in half andthesearchis continued,until thesearchinterval
becomessmallerthanapresetminimumsearchinterval (atwhichpoint thetuningis terminated).

The probabilisticanalysispairedwith the discriminative algorithm for parametertuning hasa
signi�cant effect on the accuracy of the terrain labels. Using an independenttestingdataset,
we �nd that the falsepositive rate(the arealabeledasdrivablein Fig. 11) dropsfrom 12.6%to
0.002%. At the sametime, the rateat which the areaoff the roadis labeledasobstacleremains
approximatelyconstant(from 22.6%to 22.0%).This rateis not100%simplybecausemostof the
terrainthereis still �at anddrivable.Ourapproachfor dataacquisitionmislabelsthe�at terrainas
non-drivable. Suchmislabelinghowever, doesnot interferewith theparametertuningalgorithm,
andhenceis preferableto thetediousprocessof labelingpixelsmanually.

Fig. 12 shows an exampleof the mapperin action. A snapshotof the vehicle from the side il-
lustratesthat part of the surfaceis scannedmultiple timesdueto a changeof pitch. As a result,
the non-probabilisticmethodhallucinatesa large occupiedareain the centerof the road,shown
in Panelc of Fig. 12. Our probabilisticapproachovercomesthis errorandgeneratesa mapthat is
goodenoughfor driving. A secondexampleis shown in Fig. 13.

6 Computer Vision Terrain Analysis

Theeffectivemaximumrangeatwhichobstaclescanbedetectedwith thelasermapperis approx-
imately22 meters.This rangeis suf�cient for Stanley to reliably avoid obstaclesat speedsup to
25 mph.Basedon the2004racecourse,thedevelopmentteamestimatedthatStanley would need
to reachspeedsof 35 mph in orderto successfullycompletethechallenge.To extendthesensor
rangeenoughto allow safedriving at35mph,Stanley usesacolorcamerato �nd drivablesurfaces
at rangesexceedingthatof thelaseranalysis.Fig. 14 compareslaserandvision mappingside-by-
side. The left diagramshows a lasermapacquiredduringtherace;hereobstaclesaredetectedat
approximately22 meterrange.Thevision mapfor thesamesituationis shown on theright side.
Thismapextendsbeyond70meters(eachyellow circlecorrespondsto 10metersrange).

Our work builds on a long history of researchon road �nding(Pomerleau,1991; Crismanand
Thorpe,1993);seealso(Dickmanns,2002).To �nd theroad,thevision moduleclassi�esimages
into drivableandnon-drivableregions. This classi�cation taskis generallydif�cult, asthe road
appearanceis affectedby a numberof factorsthatarenot easilymeasuredandchangeover time,
suchasthesurfacematerialof theroad,lighting conditions,duston thelensof thecamera,andso
on. Thissuggeststhatanadaptiveapproachis necessary, in whichtheimageinterpretationchanges



(a) Sideview

(b) top view of point cloud (c) non-probabilistic method (d) probabilistic method

Figure12: Exampleof pitchingcombinedwith smallposeestimationerrors:(a)showsthereading
of thecenterbeamof oneof thelasers,integratedover time. Someof theterrainis scannedtwice.
Panel(b) showsthe3-D pointcloud;panel(c) theresultingmapwithoutprobabilisticanalysis,and
(d) themapwith probabilisticanalysis.Themapshown in Panel(c) possessesaphantomobstacle,
largeenoughto forcethevehicleoff theroad.

(a) Sideview

(b) top view of point cloud (c) non-probabilistic method

error
---

(d) probabilistic method

Figure13: A secondexample.



(a) Laser map (b) Vision map

Figure14: Comparisonof the laser-based(left) andthe image-based(right) mapper. For scale,
circlesarespacedaroundthevehicleat 10 meterdistance.This diagramillustratesthat thereach
of lasersis approximately22meters,whereasthevisionmoduleoftenlooks70metersahead.

(a) (b) (c) (d)

Figure15: This �gure illustratesthe processingstagesof the computervision system:(a) a raw
image;(b) theprocessedimagewith thelaserquadrilateralanda pixel classi�cation;(c) thepixel
classi�cationbeforethresholding;(d) horizondetectionfor sky removal.

asthevehiclemovesandconditionschange.

The cameraimagesarenot the only sourceof informationaboutupcomingterrainavailable to
thevision mapper. Althoughwe areinterestedin usingvision to classifythedrivability of terrain
beyond the laserrange,we alreadyhave suchdrivability informationfrom the laserin the near
range.All thatis requiredfrom thevision routineis to extendthereachof thelaseranalysis.This
is differentfrom thegeneral-purposeimageinterpretationproblem,in which no suchdatawould
beavailable.

Stanley �nds drivablesurfacesby projectingdrivableareafrom thelaseranalysisinto thecamera
image. More speci�cally, Stanley extractsa quadrilateralaheadof the robot in the lasermap,so
thatall grid cellswithin this quadrilateralaredrivable.Therangeof this quadrilateralis typically
between10 and20 metersaheadof the robot. An exampleof sucha quadrilateralis shown in
Fig. 14a. Using straightforward geometricprojection,this quadrilateralis thenmappedinto the
cameraimage,asillustratedin Fig. 15aandb. An adaptive computervision algorithmthenuses
theimagepixelsinsidethisquadrilateralastrainingexamplesfor theconceptof drivablesurface.

Thelearningalgorithmmaintainsa mixtureof Gaussiansthatmodelthecolor of drivableterrain.



Eachsuchmixture is a Gaussiande�ned in the RGB color spaceof individual pixels; the total
numberof Gaussiansis denotedn. The learningalgorithmmaintainsfor eachmixture a mean
RGB-color� i , a covariance� i , anda countmi thetotal numberof imagepixelsthatwereusedto
train thisGaussian.

Whena new imageis observed,thepixels in thedrivablequadrilateralaremappedinto a smaller
numberof k “local” GaussiansusingtheEM algorithm(DudaandHart, 1973),with k < n (the
covarianceof theselocalGaussiansarein�ated by asmallvaluesoasto avoid over�tting). Thesek
localGaussiansarethenmergedinto thememoryof thelearningalgorithm,in awaythatallowsfor
slow andfastadaptation.Thelearningadaptsto theimagein two possibleways;by adjustingthe
previously foundinternalGaussianto theactualimagepixels,andby introducingnew Gaussians
anddiscardingolderones.Bothadaptationstepsareessential.The�rst enablesStanley to adaptto
slowly changinglighting conditions;thesecondmakesit possibleto adaptrapidly to anew surface
color (e.g.,whenStanley movesfrom apavedto anunpavedroad).

In detail, to updatethe memory, considerthe j -th local Gaussian.The learningalgorithm de-
terminesthe closestGaussianin the global memory, whereclosenessis determinedthroughthe
Mahalanobisdistance.

d(i; j ) = (� i � � j )T (� i + � j )� 1 (� i � � j ) (2)

Let i betheindex of theminimizingGaussianin thememory. Thelearningalgorithmthenchooses
oneof two possibleoutcomes:

1. Thedistanced(i; j ) � � , where� is anacceptancethreshold.Thelearningalgorithmthen
assumesthattheglobalGaussianj is representativeof thelocalGaussiani , andadaptation
proceedsslowly. Theparametersof thisglobalGaussianaresetto theweightedmean:

� i  �
mi � i

mi + mj
+

mj � j

mi + mj
(3)

� i  �
mi � i

mi + mj
+

mj � j

mi + mj
(4)

mi  � mi + mj (5)

Heremj is thenumberof pixelsin theimagethatcorrespondto thej -th Gaussian.

2. The distanced(i; j ) > � for any Gaussiani in the memory. This is the casewhennone
of the Gaussianin memoryarenearthe local Gaussianextractedform the image,where
nearnessis measuredby the Mahalanobisdistance.The algorithmthengeneratesa new
Gaussianin theglobalmemory, with parameters� j , � j , andmj . If all n slotsarealready
taken in the memory, the algorithm“forgets” the Gaussianwith the smallesttotal pixel
countmi , andreplacesit by thenew localGaussian.

After this step,eachcountermi in thememoryis discountedby a factorof 
 < 1. This exponen-
tial decaytermmakessurethat theGaussiansin memorycanbemoved in new directionsasthe
appearanceof thedrivablesurfacechangesover time.

For �nding drivable surface,the learnedGaussiansare usedto analyzethe image. The image
analysisusesaninitial sky removal stepde�ned in (Ettingeret al., 2003).A subsequent�ood-�ll
stepthenremovesadditionalsky pixelsnot foundby thealgorithmin (Ettingeret al., 2003).The



Figure 16: Theseimagesillustrate the rapid adaptationof Stanley's computervision routines.
Whenthe laserpredominatelyscreensthe paved surface,the grassis not classi�ed asdrivable.
As Stanley moves into the grassarea,the classi�cation changes.This sequenceof imagesalso
illustrateswhy thevision resultshouldnot beusedfor steeringdecisions,in that thegrassareais
clearlydrivable,yetStanley is unableto detectthis from adistance.

remainingpixelsarethanclassi�ed usingthe learnedmixtureof Gaussian,in thestraightforward
way. Pixels whoseRGB-value is nearone or more of the learnedGaussiansare classi�ed as
drivable;all otherpixelsare�agged asnon-drivable. Finally, only regionsconnectedto the laser
quadrilateralarelabeledasdrivable.

Fig. 15 illustratesthekey processingsteps.Panela in this �gure shows a raw cameraimage,and
Panelb shows the imageafter processing.Pixels classi�ed asdrivablearecoloredred, whereas
non-drivable pixels are coloredblue. The remainingtwo panelson Fig. 15 show intermediate
processingsteps:theclassi�cationresponsebeforethresholding(Panelc) andtheresultof thesky
�nder (Paneld).

Due to the ability to createnew Gaussianson-the-�y, Stanley's vision routinecanadaptto new
terrainwithin seconds.Fig. 16 shows dataacquiredat the National Quali�cation Eventof the
DARPA GrandChallenge.Herethe vehiclemovesfrom a pavementto grass,both of which are
drivable. Thesequencein Fig. 16 illustratestheadaptationat work: theboxedareastowardsthe
bottom of the imageare the training region, and the red coloring in the imageis the result of
applyingthelearnedclassi�er. As is easilyseenin Fig. 16, thevision modulesuccessfullyadapts
from pavementto grasswithin lessthana secondwhile still correctlylabelingthehaybalesand
otherobstacles.

Underslowly changinglighting conditions,the systemadaptsmoreslowly to the roadsurface,
making extensive useof past imagesin classi�cation. This is illustratedin the bottom row of
Fig. 17, which shows resultsfor a sequenceof imagesacquiredat theBeerBottle pass,themost



Figure17: Processedcameraimagesin �at andmountainousterrain(BeerBottlePass).

FlatDesertRoads MountainRoads
Discriminative Generative Discriminative Generative

training training training training
Drivableterraindetectionrate,10-20m 93.25% 90.46% 80.43% 88.32%
Drivableterraindetectionrate,20-35m 95.90% 91.18% 76.76% 86.65%
Drivableterraindetectionrate,35-50m 94.63% 87.97% 70.83% 80.11%
Drivableterraindetectionrate,50m+ 87.13% 69.42% 52.68% 54.89%
Falsepositives,all ranges 3.44% 3.70% 0.50% 2.60%

Table1: Roaddetectionrate for the two primary machinelearningmethods,broken down into
differentranges.Thecomparisonyieldsnoconclusivewinner.

dif�cult passagein the 2005race. Heremostof the terrainhassimilar visual appearance.The
visionmodule,however, still competentlysegmentstheroad.Sucharesultis only possiblebecause
thesystembalancestheuseof pastimageswith its ability to adaptto new cameraimages.

Oncea cameraimagehasbeenclassi�ed, it is mappedinto anoverheadmap,similar to the2-D
mapgeneratedby the laser. We alreadyencounteredsucha mapin Fig. 14b,which depictedthe
mapof astraightroad.Sincecertaincolorchangesarenaturalevenon�at terrain,thevisionmapis
notusedfor steeringcontrol. Instead,it is usedexclusively for velocitycontrol.Whennodrivable
corridoris detectedwithin a rangeof 40meters,therobotsimplyslowsdown to 25mph,atwhich
point thelaserrangeis suf�cient for safenavigation. In otherwords,thevision analysisservesas
anearlywarningsystemfor obstaclesbeyondtherangeof thelasersensors.

In developingthe vision routines,the researchteaminvestigateda numberof different learning
algorithms. Oneof the primary alternatives to the generative mixture of Gaussianmethodwas
a discriminative method,which usesboostinganddecisionstumpsfor classi�cation(Daviesand
Lienhart,2006). This methodrelieson examplesof non-drivable terrain,which wereextracted
usinganalgorithmsimilarto theonefor �nding adrivablequadrilateral.A performanceevaluation,



(a) (b)

Figure18: (a) Searchregionsfor theroaddetectionmodule:theoccurrenceof obstaclesis deter-
minedalongasequenceof linesparallelto theRDDF. (b) Theresultof theroadestimatoris shown
in blue,behindthevehicle.Noticethattheroadis boundedby two smallberms.

carriedoutusingindependenttestdatagatheredonthe2004racecourse,ledto inconclusiveresults.
Table 1 shows the classi�cation accuracy for both methods,for �at desertroadsand mountain
roads.Thegenerativemixtureof Gaussianmethodswas�nally chosenbecauseit doesnot require
trainingexamplesof non-drivableterrain,whichcanbedif�cult to obtainin �at openlake-beds.

7 RoadProperty Estimation

7.1 RoadBoundary

Oneway to avoid obstaclesis to detectthemanddrive aroundthem.This is theprimaryfunction
of the lasermapper. Another effective methodis to drive in sucha way that minimizesthe a
priori chancesof encounteringanobstacle.This is possiblebecauseobstaclesarerarelyuniformly
distributedin theworld. Ondesertroads,obstaclessuchasrocks,brush,andfencepostsexist most
oftenalongthesidesof theroad. By simply driving down themiddleof theroad,mostobstacles
ondesertroadscanbeavoidedwithouteverdetectingthem!

One of the most bene�cial componentsof Stanley's navigation routines,thus, is a methodfor
stayingnearthe centerof the road. To �nd the roadcenter, Stanley usesprobabilisticlow-pass
�lters to determinebothroadsidesbasedusingthelasermap.Theideais simple;in expectation,
the roadsidesareparallel to the RDDF. However, the exact lateraloffset of the roadboundary
to theRDDF centeris unknown andvariesover time. Stanley's low-pass�lters areimplemented
asone-dimensionalKalman�lters. Thestateof each�lter is thelateraldistancebetweentheroad
boundaryandthecenterof theRDDF. TheKFssearchfor possibleobstaclesalongadiscretesearch
patternorthogonalto theRDDF, asshown in Fig. 18a.Thelargestfreeoffset is the“observation”
to theKF, in thatit establishesthelocalmeasurementof theroadboundary. Soif multipleparallel
roadsexist in Stanley's �eld of view separatedby a small berm, the �lter will only tracethe
innermostdrivablearea.



Figure19: Therelationshipbetweenvelocity andimpartedaccelerationfrom driving over a �x ed
sizedobstacleat varying speeds.The plot shows two distinct reactionsto the obstacle,oneup
andonedown. While this relationis ultimatelynon-linear, it is well modeledby a linearfunction
within therangerelevantfor desertdriving.

By virtue of KF integration,the roadboundarieschangeslowly. As a result,small obstaclesor
momentarysituationswithout sideobstaclesaffect theroadboundaryestimationonly minimally;
however, persistentobstaclesthatoccuroverextendedperiodof timedohaveastrongeffect.

Basedontheoutputof these�lters, Stanley de�nestheroadto bethecenterof thetwo boundaries.
Theroadcenter's lateraloffsetis acomponentin scoringtrajectoriesduringpathplanning,aswill
be discussedfurther below. In the absenceof othercontingencies,Stanley slowly convergesto
theestimatedroadcenter. Empirically, we foundthatthis driving techniquestaysclearof thevast
majority of naturalobstacleson desertroads.While roadcenteringis clearlyonly a heuristic,we
foundit to behighly effective in extensivedeserttests.

Fig. 18bshowsanexampleresultof theroadestimator. Thebluecorridorshown thereis Stanley's
bestestimateof theroad.Noticethatthecorridoris con�ned by two smallberms,which areboth
detectedby thelasermapper. Thismoduleplaysanimportantrole in Stanley's ability to negotiate
desertroads.

7.2 Terrain Ruggedness

In additionto avoidingobstaclesandstayingcenteredalongtheroad,anotherimportantcomponent
of safedriving is choosinganappropriatevelocity (Iagnemmaet al., 2004). Intuitively speaking,
desertterrainvariesfrom �at andsmoothto steepandrugged. The type of the terrainplaysan
importantrole in determiningthemaximumsafevelocity of thevehicle.On steepterrain,driving
toofastmayleadto �shtailing or sliding. Onruggedterrain,excessivespeedsmayleadto extreme
shocksthatcandamageordestroy therobot.Thus,sensingtheterraintypeisessentialfor thesafety
of the vehicle. In order to addressthesetwo situations,Stanley's velocity controllerconstantly
estimatesterrainslopeandruggednessandusesthesevaluesto setintelligentmaximumspeeds.

Theterrainslopeis takendirectly from thevehicle'spitchestimate,ascomputedby theUKF. Bor-



(a) (b) (c)

Figure20: Smoothingof theRDDF: (a) addingadditionalpoints;(b) thetrajectoryaftersmooth-
ing (shown in red); (c) a smoothedtrajectorywith a moreaggressive smoothingparameter. The
smoothingprocesstakesonly 20secondsfor theentire2005course.

rowing from (BrooksandIagnemma,2005),theterrainruggednessis measuredusingthevehicle's
z accelerometer. Theverticalaccelerationis band-pass�ltered to remove theeffect of gravity and
vehiclevibration,while leaving the oscillationsin the rangeof the vehicle's resonantfrequency.
Theamplitudeof theresultingsignalis ameasurementof theverticalshockexperiencedby theve-
hicledueto excitationby theterrain.Empirically, this �ltered accelerationappearsto vary linearly
with velocity. (SeeFig. 19.) In otherwords,doublingthemaximumspeedof thevehicleover a
sectionof terrainwill approximatelydoublethemaximumdifferentialaccelerationimpartedonthe
vehicle. In Section9.1, this relationshipwill beusedto derive a simplerule for settingmaximum
velocity to approximatelyboundthemaximumshockimpartedon thevehicle.

8 Path Planning

As waspreviously noted,theRDDF �le providedby DARPA largely eliminatestheneedfor any
globalpathplanning.Thus,theroleof Stanley'spathplanneris primarily localobstacleavoidance.
Insteadof planningin the global coordinateframe,Stanley's pathplannerwas formulatedin a
uniquecoordinatesystem: perpendiculardistance,or “lateral offset” to a �x ed basetrajectory.
Varying lateraloffset movesStanley left andright with respectto the basetrajectory, muchlike
a car changeslaneson a highway. By changinglateral offset intelligently, Stanley can avoid
obstaclesathighspeedswhile makingfastprogressalongthecourse.

Thebasetrajectorythatde�nes lateraloffset is simply a smoothedversionof theskeletonof the
RDDF corridor. It is importantto note that this basetrajectoryis not meantto be an optimal
trajectoryin any sense;it servesasa baselinecoordinatesystemuponwhich obstacleavoidance
maneuversarecontinuouslylayered. The following two sectionswill describethe two partsto
Stanley's pathplanningsoftware: thepathsmootherthatgeneratesthebasetrajectorybeforethe
race,andtheonlinepathplannerwhich is constantlyadjustingStanley's trajectory.

8.1 Path Smoothing

Any pathcanbe usedasa basetrajectoryfor planningin lateraloffset space.However, certain
qualitiesof basetrajectorieswill improveoverall performance.



� Smoothness.The RDDF is a coarsedescriptionof the racecorridor andcontainsmany
sharpturns. Blindly trying to follow the RDDF waypointswould result in both signi�-
cantovershootandhigh lateralaccelerations,bothof which couldadverselyaffect vehicle
safety. Usinga basetrajectorythat is smootherthantheoriginal RDDF will allow Stanley
to travel fasterin turnsandfollow theintendedcoursewith higheraccuracy.

� Matched curvature. While theRDDF corridor is parallelto the roadin expectation,the
curvatureof theroadis poorly predictedby theRDDF �le in turns,again dueto the�nite
numberof waypoints. By default, Stanley will preferto drive parallelto the basetrajec-
tory, sopicking a trajectorythatexhibits curvaturethatbettermatchesthecurvatureof the
underlyingdesertroadswill resultin fewer changesin lateraloffset. This will alsoresult
in smoother, fasterdriving.

Stanley'sbasetrajectoryis computedbeforetheracein a four-stageprocedure.

1. First,pointsareaddedto theRDDF in proportionto thelocal curvature(seeFig. 20a).

2. The coordinatesof all points in the upsampledtrajectoryarethenadjustedthroughleast
squaresoptimization.Intuitively, thisoptimizationadjustseachwaypointsoasto minimize
thecurvatureof thepathwhile stayingascloseaspossibleto thewaypointsin theoriginal
RDDF. Theresultingtrajectoryis still piecewiselinear, but it is signi�cantly smootherthan
theoriginalRDDF.
Let x1; : : : ; xN bethewaypointsof thebasetrajectoryto beoptimized.For eachof these
points,wearegivenacorrespondingpointalongtheoriginalRDDF, whichshallbedenoted
yi . Thepointsx1; : : : ; xN areobtainedby minimizing thefollowing additive function:

argmin
x1 ;:::;xN

X

i

jyi � x i j2 � �
X

n

(xn+1 � xn ) � (xn � xn� 1)
jxn+1 � xn j jxn � xn� 1j

+
X

n
f RDDF (xn ) (6)

Herejyi � x i j2 is the quadraticdistancebetweenthe waypointx i andthe corresponding
RDDF anchorpoint yi ; the index variablei iteratesover thesetof pointsx i . Minimizing
this quadraticdistancefor all points i ensuresthat the basetrajectorystayscloseto the
originalRDDF. Thesecondexpressionin Eq.6 is a curvatureterm;It minimizestheangle
betweentwo consecutiveline segmentsin thebasetrajectoryby minimizingthedotproduct
of thesegmentvectors.Its function is to smooththe trajectory: thesmallertheangle,the
smootherthetrajectory. Thescalar� tradesoff thesetwo objectivesandis a parameterin
Stanley'ssoftware.Thefunctionf RDDF (xn ) is adifferentiablebarrierfunctionthatgoesto
in�nity asa point xn approachestheRDDF boundary, but is nearzeroinsidethecorridor
away from the boundary. As a result, the smoothedtrajectoryis always insidethe valid
RDDF corridor. The optimizationis performedwith a fastversionof conjugategradient
descent,whichmovesRDDFpointsfreely in 2-D space.

3. Thenext stepof thepathsmootherinvolvescubicsplineinterpolation.Thepurposeof this
stepis to obtainapaththatis differentiable.Thispathcanthenberesampledef�ciently .

4. The �nal stepof pathsmoothingpertainsto thecalculationof thespeedlimit attachedto
eachwaypointof thesmoothtrajectory. Speedlimits aretheminimumof threequantities:
(a) thespeedlimit from correspondingsegmentof theoriginalRDDF, (b) aspeedlimit that
arisesfrom aboundonlateralacceleration,and(c) aspeedlimit thatarisesfrom abounded
decelerationconstraint.Thelateralaccelerationconstraintforcesthevehicleto slow down



(a) (b)

Figure21: Path planningin a 2-D searchspace:(a) shows pathsthat changelateraloffsetswith
the minimum possiblelateralacceleration(for a �x ed plan horizon); (b) shows the samefor the
maximumlateralacceleration.Theformerarecalled“nudges,” andthelatterarecalled“swerves.”

appropriatelyin turns. Whencomputingtheselimits, we boundthelateralaccelerationof
the vehicleto 0.75m/sec2, in orderto give the vehicleenoughmaneuverability to safely
avoid obstaclesin curved segmentsof the course. The boundeddecelerationconstraint
forcesthe vehicle to slow down in anticipationof turns and changesin DARPA speed
limits.

Fig. 20 illustratesthe effect of smoothingon a short segmentof the RDDF. Panela shows the
RDDF andthe upsampledbasetrajectorybeforesmoothing.Panelsb andc show the trajectory
after smoothing(in red), for differentvaluesof the parameter� . The entiredatapre-processing
stepis fully automated,andrequiresonly approximately20secondsof computationaltimeona1.4
GHz laptop,for theentire2005racecourse.This basetrajectoryis transferredontoStanley, and
thesoftwareis readyto go. No further informationabouttheenvironmentor theraceis provided
to therobot.

It is importantto notethat Stanley doesnot modify the original RDDF �le. The basetrajectory
is only usedasthecoordinatesystemfor obstacleavoidance.Whenevaluatingwhetherparticular
trajectoriesstaywithin thedesignatedracecourse,Stanley checksagainsttheoriginal RDDF �le.
In this way, the preprocessingstepdoesnot affect the interpretationof the corridor constraint
imposedby therulesof therace.

8.2 Online Path Planning

Stanley's onlineplanningandcontrolsystemis similar to theonedescribedin (Kelly andStentz,
1998). The online componentof the pathplanneris responsiblefor determiningthe actualtra-
jectory of the vehicleduring the race. The goal of the planneris to completethe courseasfast
aspossiblewhile successfullyavoiding obstaclesandstayinginsidethe RDDF corridor. In the
absenceof obstacles,the plannerwill maintaina constantlateraloffset from the basetrajectory.
This resultsin driving a pathparallel to the basetrajectory, but possiblyshiftedleft or right. If
anobstacleis encountered,Stanley will plana smoothchangein lateraloffset thatavoidstheob-
stacleandcanbe safelyexecuted.Planningin lateraloffset spacealsohasthe advantagethat it
gracefullyhandlesGPSerror. GPSerrormaysystematicallyshift Stanley'spositionestimate.The
pathplannerwill simply adjustthe lateraloffset of the currenttrajectoryto recenterthe robot in



(a) (b)

Figure22: Snapshotsof thepathplannerasit processesthedrivability map.Both snapshotsshow
a map,the vehicle,andthe variousnudgesconsideredby the planner. The �rst snapshotstems
from a straightroad(Mile 39.2of the2005racecourse).Stanley is traveling 31.4mph,hencecan
only slowly changelateraloffsetsdueto thelateralaccelerationconstraint.Thesecondexampleis
takenfrom themostdif�cult partof the2005DARPA GrandChallenge,amountainousareacalled
BeerBottlePass.Both imagesshow only nudgesfor clarity.

theroad.

The pathplanneris implementedasa searchalgorithmthat minimizesa linear combinationof
continuouscostfunctions,subjectto a �x ed vehiclemodel. The vehiclemodel includesseveral
kinematicanddynamicconstraintsincludingmaximumlateralacceleration(to prevent�shtailing),
maximumsteeringangle(a joint limit), maximumsteeringrate(maximumspeedof the steering
motor),andmaximumdeceleration.The costfunctionspenalizerunningover obstacles,leaving
the RDDF corridor, andthe lateraloffset from the currenttrajectoryto the sensedcenterof the
roadsurface. The soft constraintsinducea rankingof admissibletrajectories.Stanley chooses
thebestsuchtrajectory. In calculatingthe total pathcosts,unknown territory is treatedthesame
asdrivablesurface,so that the vehicledoesnot swerve aroundunmappedspotson the road,or
specularsurfacessuchaspuddles.

At every time step,theplannerconsiderstrajectoriesdrawn from a two-dimensionalspaceof ma-
neuvers. The �rst dimensiondescribesthe amountof lateral offset to be addedto the current
trajectory. ThisparameterallowsStanley to move left andright, while still stayingessentiallypar-
allel to thebasetrajectory. Theseconddimensiondescribestherateat which Stanley will attempt
to changeto this lateraloffset. Thelookaheaddistanceis speed-dependentandrangesfrom 15 to
25meters.All candidatepathsarerunthroughthevehiclemodelto ensurethatobey thekinematic
anddynamicvehicleconstraints.Repeatedlylayeringthesesimplemaneuverson top of thebase
trajectorycanresultin quitesophisticatedtrajectories.

The secondparameterin the path searchallows the plannerto control the urgency of obstacle
avoidance. Discreteobstaclesin the road,suchasrocksor fencepostsoften requirethe fastest
possiblechangein lateraloffset.Pathsthatchangelateraloffsetasfastaspossiblewithoutviolating
the lateral accelerationconstraintare called “swerves.” Slow changesin the positionsof road
boundariesrequireslow, smoothadjustmentto the lateral offset. Trajectorieswith the slowest
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Figure23: Velocitypro�le of ahumandriverandof Stanley'svelocitycontrollerin ruggedterrain.
Stanley identi�es controller parametersthat matchhumandriving. This plot compareshuman
driving with Stanley's controloutput.

possiblechangein lateraloffset for a given planninghorizonarecalled“nudges.” Swervesand
nudgesspanaspectrumof maneuversappropriatefor highspeedobstacleavoidance:fastchanges
for avoiding headon obstacles,andslow changesfor smoothlytrackingtheroadcenter. Swerves
andnudgesareillustratedin Fig. 21. On a straightroad,the resultingtrajectoriesaresimilar to
thoseof Ko andSimmons's lanecurvaturemethod(Ko andSimmons,1998).

The pathplanneris executedat 10 Hz. The pathplanneris ignorantto actualdeviations from
thevehicleandthedesiredpath,sincethosearehandledby thelow-level steeringcontroller. The
resultingtrajectoryis thereforealwayscontinuous.Fastchangesin lateraloffset(swerves)will also
includebrakingin orderto increasetheamountof steeringthevehiclecandowithoutviolatingthe
maximumlateralaccelerationconstraint.

Fig. 22showsanexamplesituationfor thepathplanner. Shown hereis asituationtakenfrom Beer
BottlePass,themostdif�cult passageof the2005GrandChallenge.Thisimageonly illustratesone
of thetwo searchparameters:thelateraloffset. It illustratestheprocessthroughwhich trajectories
aregeneratedby graduallychangingthelateraloffset relative to thebasetrajectory. By usingthe
basetrajectoryasa reference,pathplanningcantake placein a low-dimensionalspace,which we
foundto benecessaryfor real-timeperformance.

9 Real-timeControl

Oncethe intendedpathof the vehiclehasbeendeterminedby the pathplanner, the appropriate
throttle, brake, andsteeringcommandsnecessaryto achieve that pathmustbe computed.This
controlproblemwill bedescribedin two parts:thevelocitycontrollerandsteeringcontroller.

9.1 Velocity Control

Multiple softwaremoduleshave input into Stanley's velocity, mostnotablythe pathplanner, the
healthmonitor, the velocity recommender, and the low-level velocity controller. The low-level
velocity controllertranslatesvelocity commandsfrom the �rst threemodulesinto actualthrottle



andbrakecommands.Theimplementedvelocityis alwaystheminimumof thethreerecommended
speeds.Thepathplannerwill seta vehiclevelocity basedon thebasetrajectoryspeedlimits and
any brakingdueto swerves. Thevehiclehealthmonitorwill lower themaximumvelocity dueto
certainpreprogrammedconditions,suchasGPSblackoutsor critical systemfailures.

Thevelocity recommendermodulesetsanappropriatemaximumvelocity basedon estimatedter-
rainslopeandroughness.Theterrainslopeaffectsthemaximumvelocity if thepitchof thevehicle
exceeds5 degrees.Beyond5 degreesof slope,themaximumvelocityof thevehicleis reducedlin-
earlyto valuesthat,in theextreme,restrictthevehicle'svelocity to 5 mph.Theterrainruggedness
is fed into a controllerwith hysteresisthat controlsthe velocity setpointto exploit the linear re-
lationshipbetween�ltered vertical accelerationamplitudeandvelocity; seeSect.7.2. If rough
terraincausesa vibration thatexceedsthemaximumallowablethreshold,themaximumvelocity
is reducedlinearlysuchthatcontinuingto encountersimilar terrainwouldyield vibrationsexactly
meetingtheshocklimit. Barringany furthershocks,thevelocity limit is slowly increasedlinearly
with distancetraveled.

This rule may appearodd, but it hasgreatpracticalimportance;it reducesthe Stanley's speed
whenthevehiclehits a rut. Obviously, thespeedreductionoccursafter the rut is hit, not before.
By slowly recoveringspeed,Stanley will approachnearbyrutsatamuchlowerspeed.As aresult,
Stanley tendsto driveslowly in areaswith many ruts,andonly returnsto thebasetrajectoryspeed
when no ruts have beenencounteredfor a while. While this approachdoesnot avoid isolated
ruts, we found it to be highly effective in avoiding many shocksthat would otherwiseharmthe
vehicle.Driving over wavy terraincanbejust ashardon thevehicleasdriving on ruts. In bumpy
terrain,slowing down alsochangesthefrequency at which thebumpspass,reducingtheeffect of
resonance.

The velocity recommenderis characterizedby two parameters:the maximumallowableshock,
andthe linear recovery rate. Both arelearnedfrom humandriving. More speci�cally, by record-
ing the velocity pro�le of a humanin ruggedterrain,Stanley identi�es the parametersthat most
closelymatchthehumandriving pro�le. Fig. 23 shows thevelocity pro�le of a humandriver in a
mountainousareaof the2004GrandChallengeCourse(the “DaggettRidge”). It alsoshows the
pro�le of Stanley's controllerfor thesamedataset. Both pro�les tendto slow down in thesame
areas.Stanley's pro�le, however, is differentin two ways:therobotdeceleeratesmuchfasterthan
aperson,andits recoveryis linearwhereastheperson'srecoveryis nonlinear. Thefastacceleration
is by design,to protectthevehiclefrom furtherimpact.

Oncethe planner, velocity recommender, and healthmonitor have all submittedvelocities,the
minimumof thesespeedsis implementedby thevelocity controller. Thevelocity controllertreats
thebrake cylinder pressureandthrottle level astwo opposing,single-actingactuatorsthatexert a
longitudinalforce on the car. This is a very closeapproximationfor the brake system,andwas
found to beanacceptablesimpli�cation of the throttlesystem.Thecontrollercomputesa single
errormetric,equalto aweightedsumof thevelocityerrorandtheintegralof thevelocityerror. The
relativeweightingdeterminesthetrade-off betweendisturbancerejectionandovershoot.Whenthe
errormetric is positive, thebrake systemcommandsa brake cylinder pressureproportionalto the
PI errormetric,andwhenit is negative, thethrottle level is setproportionalto thenegative of the
PI errormetric. By usingthesamePI errormetric for bothactuators,thesystemis ableto avoid
thechatteranddeadbandsassociatedwith opposing,single-actingactuators.To realizethecom-



Figure24: Illustrationof thesteeringcontroller. With zerocross-trackerror, thebasicimplemen-
tationof thesteeringcontrollersteersthefront wheelsparallelto thepath.Whencross-trackerror
is perturbedfrom zero,it is nulledby commandingthesteeringaccordingto anon-linearfeedback
function.

mandedbrake pressure,thehystereticbrake actuatoris controlledthroughsaturatedproportional
feedbackon thebrake pressure,asmeasuredby theTouareg, andreportedthroughtheCAN bus
interface.

9.2 SteeringControl

Thesteeringcontrolleracceptsasinput thetrajectorygeneratedby thepathplanner, theUKF pose
andvelocity estimate,andthe measuredsteeringwheelangle. It outputssteeringcommandsat
a rateof 20 Hz. The function of this controlleris to provide closedloop trackingof the desired
vehiclepath,asdeterminedby thepathplanner, onquickly varying,potentiallyroughterrain.

Thekey errormetricis thecross-trackerror, x(t), asshown in Fig. 24,which measuresthelateral
distanceof the centerof the vehicle's front wheelsfrom the nearestpoint on the trajectory. The
ideanow is to commandthesteeringby acontrollaw thatyieldsanx(t) thatconvergesto zero.

Stanley's steeringcontroller, at thecore,is basedon a non-linearfeedbackfunctionof thecross-
trackerror, for which exponentialconvergencecanbeshown. Denotethevehiclespeedat time t
by u(t). In theerror-freecase,usingthis term,Stanley's front wheelsmatchtheglobalorientation
of thetrajectory. This is illustratedin Fig.24. Theangle in thisdiagramdescribestheorientation
of thenearestpathsegment,measuredrelative to thevehicle's own orientation.In theabsenceof
any lateralerrors,thecontrollaw pointsthefront wheelsparallelto theplannertrajectory.

Thebasicsteeringanglecontrollaw is givenby

� (t) =  (t) + arctan
k x(t)
u(t)

(7)

wherek is a gain parameter. Thesecondtermadjuststhesteeringin (nonlinear)proportionto the
cross-trackerrorx(t): thelargerthiserror, thestrongerthesteeringresponsetowardthetrajectory.

Usingalinearbicyclemodelwith in�nite tire stiffnessandtight steeringlimitations(see(Gillespie,
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Figure25: Phaseportrait for k = 1 at 10 and40 meterper second,respectively, for the basic
controller, includingtheeffectof steeringinputsaturation.

1992))resultsin thefollowing effectof thecontrollaw:

_x(t) = � u(t) sinarctan
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kx(t )
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� 2
(8)

andhencefor smallcrosstrackerror,

x(t) � x(0) exp� kt (9)

Thus, the error convergesexponentiallyto x(t) = 0. The parameterk determinesthe rate of
convergence.As crosstrackerror increases,theeffect of thearctan function is to turn the front
wheelsto point straighttoward the trajectory, yielding convergencelimited only by the speedof
the vehicle. For any value of x(t), the differential equationconvergesmonotonicallyto zero.
Fig. 25 shows phaseportrait diagramsfor Stanley's �nal controller in simulation,asa function
of theerrorx(t) andtheorientation (t), including theeffect of steeringinput saturation.These
diagramsillustratethatthecontrollerconvergesnicely for thefull rangeattitudesandawiderange
of cross-trackerrors,in theexampleof two differentvelocities.

This basicapproachworkswell for lower speeds,anda variantof it canevenbeusedfor reverse
driving. However, it neglectsseveral importanteffects.Thereis a discrete,variabletime delayin
thecontrol loop, inertia in thesteeringcolumn,andmoreenergy to dissipateasspeedincreases.
Theseeffectsarehandledby simply dampingthe differencebetweensteeringcommandandthe
measuredsteeringwheelangle,andincludinga termfor yaw damping.Finally, to compensatefor
theslip of theactualpneumatictires, thevehicleis commandedto have a steadystateyaw offset
thatis anon-linearfunctionof thepathcurvatureandthevehiclespeed,basedonabicyclevehicle
model,with slip, thatwascalibratedandveri�ed in testing.Thesetermscombineto stabilizethe
vehicleanddrivethecross-trackerrorto zero,whenrunonthephysicalvehicle.Theresultingcon-
troller hasprovenstablein testingonterrainfrom pavementto deep,off-roadmudpuddles,andon
trajectorieswith tight enoughradii of curvatureto causesubstantialslip. It typically demonstrates
trackingerrorthatis on theorderof theestimationerrorof thissystem.



10 DevelopmentProcessand RaceResults

10.1 RacePreparation

Theracepreparationtook placeat threedifferentlocations:StanfordUniversity, the2004Grand
ChallengeCoursebetweenBarstow andPrimm,andtheSonoranDesertnearPhoenix,AZ. In the
weeksleadingup to therace,theteampermanentlymovedto Arizona,whereit enjoyedthehospi-
tality of Volkswagenof America'sArizonaProving Grounds.Fig. 26showsexamplesof hardware
testingin extremeoffroad terrain; thesepicturesweretakenwhile thevehiclewasoperatedby a
person.

In developingStanley, theStanfordRacingTeamadheredto atight developmentandtestingsched-
ule,with clearmilestonesalongtheway. Emphasiswasplacedonearlyintegration,sothatanend-
to-endprototypewasavailablenearlyayearbeforetherace.Thesystemwastestedperiodicallyin
desertenvironmentsrepresentative of theteam's expectationfor theGrandChallengerace.In the
monthsleadingupto therace,all softwareandhardwaremodulesweredebuggedandsubsequently
frozen.Thedevelopmentof thesystemterminatedwell aheadof therace.

Theprimarymeasureof systemcapabilitywas“MDBCF” – meandistancebetweencatastrophic
failures.A catastrophicfailurewasde�ned asa conditionunderwhich a humandriver hadto in-
tervene.Commonfailuresinvolvedsoftwareproblemssuchastheoneshown in Fig. 9; occasional
failureswerecausedby thehardware,e.g.,thevehiclepowersystem.In December2004,theMD-
BCFwasapproximately1 mile. It increasedto 20milesin July2005.Thelast418milesbeforethe
NationalQuali�cation eventwerefreeof failures;this includedasingle200-milerunoveracyclic
testingcourse.At that time the systemdevelopmentwassuspended,Stanley's lateralnavigation
accuracy wasapproximately30cm. Thevehiclehadloggedmorethan1,200autonomousmiles.

In preparingfor this race,the teamalsotestedsensorsthat werenot deployed in the �nal race.
Amongthemwasanindustrialstrengthstereovisionsensorwith a33cmbaseline.In earlyexper-
iments,we found that the stereosystemprovided excellentresultsin the shortrange,but lagged
behindthelasersystemin accuracy. Thedecisionnot to usestereowassimplybasedon theobser-
vation that it addedlittle to the lasersystem.A largerbaselinemight have madethestereomore
usefulat longerranges,but wasunfortunatelynotavailable.

Thesecondsensorthatwasnot usedin the racewasthe24 GHz RADAR system.TheRADAR
usesa linear frequency shift keying modulated(LFMSK) transmitwaveform; it is normallyused
for adaptive cruisecontrol (ACC). After carefully tuning gainsandacceptancethresholdsof the
sensor, theRADAR provedhighly effective in detectinglargefrontalobstaclessuchasabandoned
vehiclesin desertterrain.Similar to themono-visionsystemin Sect.6, theRADAR wastaskedto
screentheroadatarangebeyondthelasersensors.If apotentialobstaclewasdetected,thesystem
limits Stanley's speedto 25 mphso that the laserscoulddetecttheobstaclein time for collision
avoidance.

While the RADAR systemproved highly effective in testing,two reasonsthat preventedits use
in the race. The �rst reasonwastechnical:During the NationalQuali�cation Event (NQE), the
USB driver of thereceiving computerrepeatedlycausedtrouble,sometimesstallingthereceiving



Figure26: Vehicletestingat theVolkswagenArizonaProving Grounds,manualdriving.

computer. The secondreasonwas pragmatical. During the NQE, it becameapparentthat the
probability of encounteringlarge frontal obstacleswas small in high-speedzones;and even if
thoseexisted,the vision systemwould very likely detectthem. As a consequence,the teamfelt
that the technicalrisks associatedwith the RADAR systemoutweighits bene�ts, andmadethe
decisionnot to useRADAR in therace.

10.2 National Quali�cation Event

TheNationalQuali�cation Event (NQE) took placeSeptember27 to October5 on theCalifornia
Speedway in Fontana,CA. Like mostcompetitive robots,Stanley quali�ed after four test runs.
From the 43 semi�nalists, 11 completedthe coursein the �rst run, 13 in the secondrun, 18 in
the third run, and21 in the fourth run. Stanley's timeswerecompetitive but not the fastest(Run
1: 10:38; run 2: 9:12; run 3: 11:06; run 4: 11:06). However, Stanley wasthe only vehiclethat
clearedall 50 gatesin every run, andavoidedcollisionswith all of the obstacles.This �a wless
performanceearnedStanley the numbertwo startingposition,behindCMU's H1ghlanderrobot
andaheadof theslightly fasterSandstormrobot,alsoby CMU.

10.3 The Race

At approximately4:10amon October8, 2005,theStanfordRacingTeamreceived the racedata,
which consistedof 2,935GPS-referencedcoordinatesalongwith speedlimits of up to 50 mph.
Stanley startedtheraceat6:35amonOctober8, 2005.Therobotimmediatelypickedupspeedand
drove at or just below thespeedlimit. 3 hours,45 minutesand22 secondsinto therace,at Mile
73.5,DARPA pausedStanley for the �rst time, to give morespaceto CMU's H1ghlanderrobot,
which hadstarted� ve minutesaheadof Stanley. The�rst pauselasted2 minutesand45 seconds.
Stanley waspausedagain only 5 minutesand40 secondslater, at Mile 74.9(3 hours,53 minutes,
and47 secondsinto the race). This time the pauselasted6 minutesand35 seconds,for a total
pausetime of 9 minutesand20 seconds.Thelocationsof thepausesareshown in Fig. 27. From
thispointon,Stanley repeatedlyapproachedH1ghlanderwithin afew hundredyards.Eventhough
Stanley wasstill behindH1ghlander, it wasleadingtherace.

5 hours,24 minutesand45 secondsinto therace,DARPA �nally pausedH1ghlanderandallowed
Stanley to pass.Thepassinghappeneda Mile 101.5;the locationis markedby a greencircle in
Fig. 27. Fig. 28 shows processedcameraimagesof thepassingprocessacquiredby Stanley, and
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Figure 27: This map shows Stanley's path. The thicknessof the trajectoryindicatesStanley's
speed(thicker meansfaster).At the locationsmarkedby thered 'x' s, theraceorganizerspaused
Stanley becauseof thecloseproximity of CMU's H1ghlanderrobot. At Mile 101.5,H1ghlander
waspausedandStanley passed.This locationis markedby agreen'x'.



Figure28: PassingCMU's H1ghlanderrobot: The left columnshows a sequenceof cameraim-
ages,thecentercolumntheprocessedimageswith obstacleinformationoverlayed,andthe right
columnthe2D mapderivedfrom theprocessedimage.Thevision routinedetectsH1ghlanderas
anobstacleata40meterrange,approximatelytwice therangeof thelasers.



Figure29: Sensorimagefrom theBeerBottlePass,themostdif�cult passageof theDARPA Grand
Challenge.

(a) BeerBottle Pass (b) Map and GPScorridor

Figure30: Imageof theBeerBottlepass,andsnapshotof themapacquiredby therobot.Thetwo
blue contoursin the mapmark the GPScorridorprovided by DARPA, which alignspoorly with
themapdata.This analysissuggeststhata robot that followedtheGPSvia pointsblindly would
likely have failedto traversethisnarrow mountainpass.
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Figure31: Stanley's cumulativevelocity.



Figure32: Lasermodelof CMU'sH1ghlanderrobot,takenatMile 101.5.

Figure33: This diagramshows wheretheroadconditionsforcedStanley to slow down alongthe
course.Slow-down predominatelyoccurredin themountains.

Fig. 32 depictsa 3-D modelof H1ghlanderasit is beingpassed.SinceStanley startedin second
polepositionand�nished �rst, the top-seededH1ghlanderrobotwastheonly robotencountered
by Stanley duringtherace.

As notedin theintroductionof thisarticle,Stanley �nished �rst, atanunmatched�nishing timeof
6 hours53minutesand58seconds.Its overallaveragevelocitywas19.1mph.However, Stanley's
velocity variedwildly during the race. Initially, the terrainwas�at andthespeedlimits allowed
for muchhigherspeeds.Stanley reachedits topspeedof 38.0mphatMile 5.43,13minutesand47
secondsinto therace.Its maximumaveragevelocityduringtheracewas24.8mph,whichStanley
attainedafter16 minutesand56 seconds,at Mile 7.00. Speedlimits thenforcedStanley to slow
down. BetweenMile 84.9and88.1,DARPA restrictedthemaximumvelocity to 10 mph. Shortly
thereafter, at Mile 90.6and4 hours,57 minutes,and7 secondsinto therace,Stanley attainedits
minimumaveragevelocityof 18.3mph.Thetotalpro�le of velocitiesis shown in Fig. 31.

As explainedin thispaper, Stanley usesanumberof strategiesto determinetheactualtravel speed.
During 68.2%of the course,Stanley's velocity was limited aspre-calculated,by following the
DARPA speedlimits or themaximumlateralaccelerationconstraintsin turns. For theremaining
31.8%,Stanley choseto slow down dynamically, as the result of its sensormeasurements.In
18.1%,theslow-down wastheresultof ruggedor steepterrain.ThevisionmodulecausedStanley
toslow down to25mphfor 13.1%of thetotaldistance;however, withoutthevisionmoduleStanley
would have beenforcedto a 25 mph maximumspeed,which would have resultedin a �nishing
time of approximately7 hoursand5 minutes,possiblybehindCMU's Sandstormrobot. Finally,
0.6%of thecourseStanley droveslowerbecauseit wasdeniedGPSreadings.Fig.33illustratesthe



(a) Mile 22.37

---

(b) Mile 34.69

Figure34: Problemsduring the racecausedby a stallingof the laserdatastream.In bothcases,
Stanley swerved aroundphantomobstacles;at Mile 22.37Stanley drove on the berm. Noneof
theseincidentsled to acollisionor anunsafedriving situationduringtherace.

effect of terrainruggednesson theoverall velocity. Thecurve on thetop illustratesthemagnitude
at which Stanley slowed down to accommodateruggedterrain; the bottom diagramshows the
altitudepro�le, asprovided by DARPA. The terrainruggednesstriggersmostly in mountainous
terrain. We believe that the ability to adaptthe speedto the ruggednessof the terrain was an
essentialingredientin Stanley's success.

Stanley also encounteredsomeunexpecteddif�culties along the course. Early on in the race,
Stanley's laserdatastreamrepeatedlystalledfor durationsof 300 to 1,100milliseconds. There
were a total of 17 incidents,nearly all of which occurredbetweenMile 22 and Mile 35. The
resultinginaccuratetime stampingof the laserdataled to the insertionof phantomobstaclesinto
the map. In four of thosecases,thoseincidentsresultedin a signi�cant swerve. The two most
signi�cant of theseswervesareshown in Fig. 34. Both of thoseswerveswerequite noticeable.
In onecase,Stanley even drove brie�y on the bermasshown in Fig. 34a; in the other, Stanley
swerved on an openlake bedwithout any obstacles,asshown in Fig. 34b. At no point wasthe
vehicle in jeopardy, as the bermthat wastraversedwasdrivable. However, asa resultof these
errors,Stanley sloweddown a numberof timesbetweenMiles 22 and35. Thus,themaineffect
of theseincidentswasa lossof time early in therace.Thedatastreamstallingproblemvanished
entirely after Mile 37.85. It only reoccurredonceat Mile 120.66,without any visible changeof
thedriving behavior.

During4.7%of theGrandChallenge,theGPSreported60cmerroror more.Naturally, thisnumber
representstheunit'sown estimate,whichmaynotnecessarilybeaccurate.However, thisraisesthe
questionof how importantonlinemappingandpathplanningwasin this race.

Stanley frequentlymoved away from thecenteraxis of the RDDF. On average,the lateraloffset
was� 74cm. Themaximumlateraloffsetduringtheracewas10.7meters,whichwastheresultof
theswerveshown in Fig. 34c.However, suchincidentswererare,andin nearlyall casesnon-zero
lateraloffsetsweretheresultsof obstaclesin therobot's path.
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Figure35: Histogramof lateraloffsetsonthebeerbottlepass.Thehorizontalunitsarein centime-
ters.

An examplesituationis depictedin Fig. 29. This �gure shows raw laserdatafrom theBeerBottle
Pass,themostdif�cult sectionof thecourse.An imagesof this passis depictedin Fig. 30a. Of
interestis themapin Fig. 30b. HeretheDARPA-providedcorridoris markedby thetwo solidblue
lines. This imageillustratesthatthebermon Stanley's left reacheswell into thecorridor. Stanley
drivesasfar left asthecorridorconstraintallows. Fig. 35 shows a histogramof lateraloffsetsfor
theBeerBottle Pass.On average,Stanley drove 66 cm to theright of thecenterof theRDDF in
this part of the race. We suspectthat driving 66 cm further to the left would have beenfatal in
many places.Thisshedslight on theimportanceof Stanley's ability to reactto theenvironmentin
driving. Simply following theGPSpointswould likely have preventedStanley from �nishing this
race.

11 Discussion

Thisarticleprovidesacomprehensivesurvey of thewinningrobotof theDARPA GrandChallenge.
Stanley, developedby theStanfordRacingTeamin collaborationwith itsprimarysupporters,relied
onasoftwarepipelinefor processingsensordataanddeterminingsuitablesteering,throttle,brake,
andgearshiftingcommands.

Fromabroadperspective,Stanley'ssoftwaremirrorscommonmethodologyin autonomousvehicle
control. However, many of theindividual modulesreliedon state-of-the-artArti�cial Intelligence
techniques.Thepervasive useof machinelearning,bothaheadandduringtherace,madeStanley
robust andprecise. We believe that thosetechniques,alongwith the extensive testingthat took
place,contributedsigni�cantly to Stanley's successin this race.

While theDARPA GrandChallengewasamilestonein thequestfor self-driving cars,it left opena
numberof importantproblems.Mostimportantamongthosewasthefactthattheraceenvironment
wasstatic. Stanley is unableto navigatein traf�c. For autonomouscarsto succeed,robotslike
Stanley mustbeableto perceiveandinteractwith moving traf�c. While anumberof systemshave
shown impressive results(Dickmannset al., 1994; Hebertet al., 1997; PomerleauandJochem,
1996),further researchis neededto achieve the level of reliability necessaryfor this demanding
task.Evenwithin thedomainof driving in staticenvironments,Stanley'ssoftwarecanonly handle
limited typesof obstacles.For example,thepresentsoftwarewould beunableto distinguishtall
grassfromrocks,aresearchtopicthathasbecomehighlypopularin recentyears(DimaandHebert,



2005;Happoldetal., 2006;Wellingtonetal., 2005).
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