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Abstract

This article describeghe robot Stanlg, which won the 2005DARPA GrandChal-
lenge. Stanlgy wasdevelopedfor high-speediesertdriving without manualinter-
vention. Therobot's softwaresystenreliedpredominatelyn state-of-the-ararti -
cialintelligencetechnologiessuchasmachindearningandprobabilisticreasoning.
This article describeshe major component®f this architectureanddiscusseshe
resultsof the GrandChallengerace.
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Figurel: (a) At approximatelyl:40pmon Oct 8, 2005, Stanlg is the rst robotto completethe
DARPA GrandChallenge(b) Therobotis beinghonoredoy DARPA DirectorDr. Tony Tether

1 Intr oduction

TheGrandChallengevaslaunchedy theDefenseAdvancedResearchProjectsAgeng/ (DARPA)
in 2003to spurinnovationin unmannedjroundvehiclenavigation. Thegoalof the Challengevas
the developmentof anautonomousobot capableof traversingunrehearsedyff-roadterrain. The
rst competition,which carrieda prize of $1M, took placeon March 13, 2004. It requiredrobots
to navigatea 142-milelong coursethroughthe Mojave deserin nomorethan10hours.107teams
registeredand15 raced,yet noneof the participatingrobotsnavigatedmorethan5% of the entire
course. The challengewas repeatedn October8, 2005, with anincreasedorize of $2M. This
time, 195teamsregisteredand23 raced.Of those, veteamsnished. Stanfords robot“Stanley”
nished the courseaheadof all othervehiclesin 6 hours53 minutesand 58 secondsand was
declaredhewinnerof the DARPA GrandChallengeseeFig. 1.

This article describeghe robot Stanlg, andits softwaresystemin particular Stanlgy wasdevel-
opedby a teamof researcherso advancethe state-of-the-artn autonomousgiriving. Stanlg's
successs the resultof an intensedevelopmenteffort led by StanfordUniversity, andinvolving
expertsfrom Volkswagenof America,Mohr Davidow Ventures)ntel Researchanda numberof
otherentities.Stanlg is basedna2004VolkswagenTouarg R5 TDI, out tted with a6 processor
computingplatformprovidedby Intel, anda suiteof sensorandactuatorgor autonomouslriving.
Fig. 2 shavs imagesof Stanlg duringtherace.

The main technologicalchallengein the developmentof Stanleg wasto build a highly reliable
systencapableof driving atrelatively high speedshroughdiverseandunstructureaff-roadenvi-
ronmentsandto doall thiswith high precision.Theserequirementsedto anumberof advancesn
the eld of autonomousavigation,assureyedin this article. New methodsveredeveloped,and
existing methodsextendedjn theareasof long-rangeerrainperceptionreal-timecollision avoid-
ance,andstablevehiclecontrolon slipperyandruggedterrain. Many of thesedevelopmentsvere
drivenby the speedequirementywhich renderednary classicatechniquesn the off-roaddriving
eld unsuitable. In pursuingthesedevelopmentsthe researchteambroughtto bearalgorithms
from diverseareasncludingdistributedsystemsmachindearning,andprobabilisticrobotics.



Figure2: Imagesfrom therace.

1.1 RaceRules

Therules(DARPA, 2004)of theDARPA GrandChallengenveresimple.Contestantsvererequired
to build autonomougroundvehiclescapableof traversinga desertcourseup to 175 mileslong
in lessthan 10 hours. The rst robotto completethe coursein under10 hourswould win the
challengeandthe $2M prize. Absolutelyno manualinterventionwasallowed. The robotswere
startedoy DARPA personnebndfrom thatpointon hadto drive themseles. Teamsonly saw their
robotsat the startingline and,with luck, atthe 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 smallfraction of eachcoursetraveledalongpaved roads. The 2004 coursestarted
in Barstav, CA, approximatelyl00 miles northeasof Los Angeles,and nished in Primm, NV,
approximately30 miles southwesbf Las Vegas. The 2005 courseboth startedand nished in



10468 meters

Figure3: A sectionof theRDDF le fromthe2005DARPA GrandChallenge.Thecorridorvaries
in width andmaximumspeed Waypointsaremorefrequentn turns.

Primm,NV.

The speci ¢ racecoursewaskept secretfrom all teamsuntil two hoursbeforethe race. At this
time, eachteamwas given a descriptionof the courseon CD-ROM in a DARPA-de ned Route
De nition DataFormat(RDDF). The RDDF is alist of longitudes atitudes,andcorridor widths
thatde ne thecourseboundaryandalist of associatedpeedimits; anexamplesegmentis shavn
in Fig. 3. Robotsthattravel substantiallypeyondthe courseboundaryrisk disquali cation. In the
2005race,the RDDF contained?,935waypoints.

Thewidth of theracecorridor generallytracked the width of theroad,varying between3 and 30
meterin the 2005race. Speedimits were usedto protectimportantinfrastructureand ecology
alongthe courseandto maintainthe safetyof DARPA chasedriverswho followed behindeach
robot. The speedimits variedbetweerb and50 mph. The RDDF de ned the approximateoute
thatrobotswouldtake, sono globalpathplanningwasrequired.As aresult,theracewasprimarily
atestof high-speedoad nding andobstacladetectionandavoidancein deserterrain.

Therobotsall competednthesamecourse startingoneafteranothert5 minuteintervals. When
a fasterrobotovertooka slower one,the slower robotwaspausedoy DARPA of cials, allowing
thesecondobotto passthe rst asif it werea staticobstacle.This eliminatedthe needfor robots
to handlethe caseof dynamicpassing.



1.2 TeamComposition

The StanfordRacingTeamteamwasorganizedinto four major groups. The \ehicle Group over-

sav all modi cations andcomponentevelopmentgelatedto the corevehicle. This includedthe
drive-by-wire systemsthe sensorand computermounts,and the computersystems. The group
wasled by researcherfom Volkswagenof America’s ElectronicsResearchLab. The Softwae
Group developedall software,including the navigation software andthe varioushealthmonitor
andsafetysystemsThesoftwaregroupwasled by researcheraf liated with StanfordUniversity.

The TestingGroupwasresponsibldor testingall systemcomponentandthe systemasa whole,
accordingto a speci ed testingschedule.The memberof this groupwere separatdrom ary of

theothergroups.Thetestinggroupwasled by researcheraf liated with StanfordUniversity The
Communication$sroup managedall mediarelationsand fund raising actwities of the Stanford
RacingTeam.Thecommunicationgroupwasled by emplo/eesof Mohr Davidow Ventureswith

participationfrom all othersponsors.The operationoversightwasprovided by a steeringboard
thatincludedall majorsupporters.

2 Vehicle

Stanlg is basedon a diesel-paveredVolkswagenTouarg R5. The Touarg hasfour wheeldrive,

variable-heightir suspensiomrandautomatic glectronidocking differentials.To protectthevehi-
cle from ervironmentalimpact, Stanlgy hasbeenout tted with skid platesanda reinforcedfront

bumper A custominterfaceenablesdirect, electronicactuationof both throttle and brakes. A

DC motor attachedo the steeringcolumnprovideselectronicsteeringcontrol. A linear actuator
attachedo the gearshifter shifts the vehicle betweendrive, reverse,andparkinggears(Fig. 4c).

Vehicle data, suchasindividual wheel speedsand steeringangle, are sensecautomaticallyand
communicatedo the computersystemthrougha CAN businterface.

Thevehicle's custom-madeoof rackis shavn in Fig. 4a. It holdsnearlyall of Stanlg/'s sensors.
Theroof providesthe highestvantagepoint from the vehicle; from this point the visibility of the
terrainis best,andthe accesso GPSsignalsis leastobstructed.For ervironmentperceptionthe
roof rack houses ve SICK laserrange nders. Thelasersarepointedforward alongthe driving
directionof thevehicle,but with slightly differenttilt angles.Thelasersmeasureross-sectionef
the approachinderrainat differentrangesout to 25 metersin front of the vehicle. Theroof rack
alsoholdsa color camerafor long-rangeroad perceptionwhich is pointedforward and angled
slightly downwards.For long-rangedetectiorof large obstaclesStanlg’ sroof rackalsoholdstwo
24 GHz RADAR sensorssuppliedby SmartMicrowave SensorsBoth RADAR sensorgover the
frontal areaup to 200 meter with a coverageanglein azimuthof about20 degrees.Two antennae
of this systemare mountedon both sidesof the lasersensorarray Thelasers,cameraandradar
systemcomprisethe environmentsensorgroup of the system.Thatis, they inform Stanle of the
terrainaheadsothatStanley candecidewhereto drive, andatwhatspeed.

Furtherback, the roof rack holdsa numberof additionalantennaeonefor Stanlg's GPSposi-
tioning systemandtwo for the GPScompass.The GPSpositioningunit is a L1/L2/OmnistarHP
recever. Togetherwith a trunk-mountednertial measuremenanit (IMU), the GPSsystemsare
the positioningsensorgroup, whoseprimary functionis to estimatethe locationand velocity of
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Figure4: (a) View of thevehicle's roof rackwith sensors(b) The computingsystemin thetrunk
of thevehicle.(c) Thegearshifter, controlscreenandmanualoverridebuttons.

thevehiclerelative to anexternalcoordinatesystem.

Finally, a radio antennaandthreeadditional GPSantennadrom the DARPA E-Stopsystemare
alsolocatedontheroof. The E-Stopsystems awirelesslink thatallows a chasevehiclefollowing
Stanlg to safelystopthevehiclein caseof emegeng. Theroof rackalsoholdsa signalinghorn,
awarninglight, andtwo manualE-stopbuttons.

Stanlg's computingsystemis locatedin thevehicle'strunk,asshavn in Fig. 4b. Specialair ducts
directair ow from the vehicle's air conditioningsysteminto the trunk for cooling. The trunk

featuresashock-mountedackthatcarriesanarrayof six PentiumM computersa GigabitEthernet
switch,andvariousdevicesthatinterfaceto thephysicalsensorandthe Touareg's actuatorslit also
featuresacustom-madeower systemwith backupbatteriesanda switchboxthatenablesStanle

to power-cycle individual systemcomponentshroughsoftware. The DARPA-provided E-Stopis

locatedon this rack on additionalshockcompensationThe trunk assemblyalsoholdsthe custom
interfaceto the VolkswagenTouarg's actuators:the brake, throttle, gear shifter, and steering
controller A six degree-of-freedomMU is rigidly attachedo the vehicleframeunderneathhe
computingrackin thetrunk.

Thetotal power requiremenbf the addedinstrumentations approximately600 W, which is pro-
vided throughthe Touare's stockalternator Stanlg's backupbatterysystemsuppliesan addi-
tional buffer to accommodatéong idling periodsin desertheat.

The operatingsystemrun on all computerds Linux. Linux waschosendueto its excellentnet-
working and time sharingcapabilities. During the race, Stanlgy executedthe race software on
threeof the six computersa fourth wasusedto log the racedata(andtwo computersvereidle).
Oneof thethreeracecomputersvasentirelydedicatedo video processingwhereaghe othertwo
executedall othersoftware. The computersvereableto poll the sensorsat up to 100 Hz, andto
controlthe steeringthrottleandbralke atfrequenciesip to 20 Hz.

An importantaspecin Stanlg's designwasto retainstreetlegality, sothata humandriver could
safelyoperateherobotasa corventionalpassengetar. Stanlg's customuserinterfaceenablesa
driver to engageanddisenggethe computersystemat will, evenwhile the vehicleis in motion.
As a result, the driver candisablecomputercontrol at any time of the development,andregain
manualcontrol of the vehicle. To this end,Stanleg is equippedwith severalmanualoverridebut-
tonslocatednearthedriver seat.Eachof theseswitchescontrolsoneof the threemajoractuators
(brakes,throttle, steering).An additionalcentralemegeng switch disen@gesall computercon-
trol andtransformshe robotinto a corventionalvehicle. While this featurewasof no relevance



to the actualrace(in which no personsatin the car), it proved greatlybene cial during software
development.Theinterfacemadeit possibleto operateStanley autonomouslyvith peopleinside,
asa dedicatedsafetydriver could alwayscatchcomputerglitchesandassumédull manualcontrol
atary time.

During theactualrace therewasof courseno driverin thevehicle,andall driving decisionsvere
madeby Stanlg's computers Stanlg/ possessednoperationatontrolinterfacerealizedthrough
atouch-sensitie screenon the driver's console.This interfaceallowed Governmentpersonneto
shutdown andrestartthe vehicle,if it becamenecessary

3 Software Ar chitecture

3.1 DesignPrinciples

Beforeboththe2004and2005GrandChallengesDARPA revealedto thecompetitorghata stock

4WD pickuptruck would be physically capableof traversingthe entirecourse.Theseannounce-
mentssuggestedhat the innovationsnecessaryo successfullycompletethe challengewould be

in designingntelligentdriving software,notin designingexotic vehicles.Thisannouncemerdnd

the performancef thetop nishersin the2004raceguidedthedesignphilosoply of the Stanford

RacingTeam:treatautonomousavigationasa softwae problem.

In relationto previouswork on roboticsarchitecturesStanle’'s softwarearchitecturas relatedto
thewell-known threelayer architecture (Gat,1998),albeitwithout along-termsymbolicplanning
method.A numberof guidingprinciplesprovedessentiain thedesignof thesoftwarearchitecture:

Control and data pipeline. Thereis no centralizednastesprocessn Stanlg's softwaresystem.
All modulesare executedat their own pace,without inter-processsynchronizatiormechanisms.
Instead all datais globally time-stampedandtime stampsareusedwhenintegratingmultiple data
sources.The approachreducegherisk of deadlocksandundesiredprocessinglelays. To max-
imize the con gurability of the system,nearly all inter-processcommunications implemented
throughpublish-subscribenechanismsThe informationfrom sensorgo actuatorso wsin asin-
gle direction; no informationis receved more than onceby the samemodule. At ary pointin
time, all modulesn the pipelineareworking simultaneouslytherebymaximizingtheinformation
throughpuiandminimizing thelateny of the softwaresystem.

State management.Eventhoughthe softwareis distributed,the stateof the systemis maintained
by local authorities.Therearea numberof statevariablesn thesystem.Thehealthstateis locally

managedh thehealthmonitor;theparametestatein theparametesener;theglobaldriving mode
is maintainedn a nite stateautomatonandthe vehiclestateis estimatedn the stateestimator
module.Theernvironmentstateis brokendown into multiple maps(laser vision, andradar).Each
of thesemapsare maintainedin dedicatednodules. As a result, all othermoduleswill receve

valuesthat are mutually consistent. The exact statevariablesare discussedn later sectionsof

thisarticle. All statevariablesarebroadcasto relevantmodulesof the softwaresystemthrougha

publish-subscribenechanism.

Reliability. The software placesstrongemphasin the overall reliability of the robotic system.



Specialmodulesmonitor the healthof individual software and hardware componentsand auto-
matically restartor power-cycle suchcomponentsvhen a failure is obsered. In this way, the
softwareis robustto certainoccurrencessuchas crashingor hangingof a software modulesor
stalledsensors.

Developmentsupport. Finally, thesoftwareis structuredsoasto aid developmentanddelugging
of thesystem.Thedevelopercaneasilyrun just a sub-systenof the software,andeffortlesslymi-
gratemodulesacrosdifferentprocessorsTo facilitatedeluggingduringthedevelopmenprocess,
all datais logged.By usinga specialreplaymodule,the softwarecanberun on recordeddata. A
numberof visualizationtools were developedthat make it possibleto inspectdataandinternal
variableswhile the vehicleis in motion, or while replayingpreviously loggeddata. The develop-
mentprocesaiseda versioncontrolprocesswith a strict setof rulesfor thereleaseof race-quality
software. Overall, we foundthatthe e xibility of the softwareduringdevelopmentwasessential
in achieving the high level of reliability necessaryor long-termautonomougperation.

3.2 ProcessingPipeline

Theracesoftwareconsistef approximately\830 modulesexecutedn parallel(Fig. 5). Thesystem
is broken down into six layerswhich correspondo the following functions: sensorinterface,
perceptiongcontrol,vehicleinterface,userinterface,andglobalservices.

1. The sensorinterface layer comprisesa numberof software modulesconcernedvith re-
ceving andtime-stampingall sensodata. Thelayerrecevesdatafrom eachlasersensomt
75Hz, from the cameraat approximatelyl2 Hz, the GPSandGPScompasst 10 Hz, and
theIMU andthe Touargy CAN busat 100Hz. This layeralsocontainsa databaseener
with the coursecoordinategRDDF le).

2. The perception layer mapssensoratainto internalmodels. The primary modulein this
layeris the UKF vehiclestateestimatoywhich determineshevehicle's coordinatesorien-
tation,andvelocities.Threedifferentmappingmodulesouild 2-D ervironmentmapsbased
on lasersthe cameraandthe radarsystem.A road nding moduleusesthe laserderived
mapsto nd theboundaryof aroad,sothatthe vehiclecancenteritself laterally Finally,
a surfaceassessmennodule extracts parameterof the currentroad for the purposeof
determiningsafevehiclespeeds.

3. Thecontrol layer is responsibldor regulatingthe steeringthrottle,andbrake responsef
the vehicle. A key moduleis the path planner which setsthe trajectoryof the vehiclein
steering-andvelocity-spaceThis trajectoryis passedo two closedloop trajectorytrack-
ing controllers,onefor the steeringcontrol and onefor brake andthrottle control. Both
controllerssendlow-level commanddo the actuatorghatfaithfully executethe trajectory
emittedby the planner The controllayer alsofeaturesa top level controlmodule,imple-
mentedasa simple nite stateautomatonThis level determineshe generalvehiclemode
in responséo usercommandsecevedthroughthein-vehicletouchscreeror thewireless
E-stop,andmaintainsgearstatein casebackwardsmotionis required.

4. Thevehicleinterface layer senesastheinterfaceto therobot's drive-by-wiresystem.lt
containsall interfacesto the vehicle's brakes,throttle, andsteeringwheel. It alsofeatures
the interfaceto the vehicle's sener, a circuit thatregulatesthe physical power to mary of
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Figure5: Flowchartof Stanlg Software System. The softwareis roughly divided into six main
functionalgroups:sensointerface perceptiongcontrol,vehicleinterface anduserinterface.There
area numberof cross-cuttingservicessuchasthe processontrollerandtheloggingmodules.

the systemcomponents.

. Theuserinterface layer comprisegheremoteE-stopandatouch-screemodulefor start-
ing up the software.

. The global sewiceslayer providesa numberof basicservicesfor all software modules.
Namingandcommunicatiorservicesare providesthroughCMU's Inter-ProcessCommu-
nication (IPC) toolkit (Simmonsand Apfelbaum,1998). A centralizedparameteisener
maintainsa databasef all vehicle parameterandupdateshemin a consistenimanner
Thephysicalpower of individual systemcomponentss regulatedby the power sener. An-

othermodulemonitorsthe healthof all systemsomponentandrestartandividual system
componentsvhennecessaryClock synchronizations achiezedthroughatime sener. Fi-

nally, a datalogging sener dumpssensoy control, and diagnosticdatato disk for replay
andanalysis.

Thefollowing sectionswill describeStanlg’'s coresoftwareprocesses greaterdetail. The paper
will thenconcludewith adescriptionof Stanlg's performancen the GrandChallenge.
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Figure6: UKF stateestimatiorwhenGPSbecomesinavailable. The areacoveredby therobotis
approximatelyl00by 100 meter Thelarge ellipsesilllustrate the positionuncertaintyafterlosing
GPS.(a) Withoutintegratingthewheelmotiontheresultis highly erroneous(b) Thewheelmotion
clearlyimprovestheresult.

4 Vehicle State Estimation

Estimatingvehiclestateis akey prerequisitdor precisiondriving. Inaccuratgposeestimationcan
causethe vehicleto drive outsidethe corridor, or build terrainmapsthatdo notre ect the stateof
therobot's environment,leadingto poordriving decisions.In Stanlg, the vehiclestatecomprises
atotal of 15 variables.The designof this parametespacefollows standardnethodology(Farrell
andBarth,1999;vanderMerweandWan,2004):

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

An unscentedKalman Iter (UKF) (JulierandUhlmann,1997)estimateshesequantitiesatanup-
daterateof 100Hz. The UKF incorporate®bsenationsfrom the GPS the GPScompasstheIMU,
andthe wheelencoders.The GPSsystemprovidesboth absolutepositionandvelocity measure-
ments,which arebothincorporatednto the UKF. From a mathematicapoint of view, the sigma
pointlinearizationin the UKF oftenyieldsalower estimatiorerrorthanthelinearizationbasedn
Taylor expansionin the EKF (van der Merwe, 2004). To mary, the UKF is alsopreferablefrom
animplementatiorstandpoinbecausé doesnotrequiretheexplicit calculationof any Jacobians;
althoughthosecanbe usefulfor furtheranalysis.

While GPSis available,the UKF usesonly a “weak” model. This modelcorrespond$o a moving
massthat canmove in ary direction. Hence,in normaloperatingmodethe UKF placesno con-
strainton the directionof the velocity vectorrelative to the vehicle's orientation.Sucha modelis
clearlyinaccurateput the vehicle-groundnteractionsan slipperydeserterrainaregenerallydif -

cult to model. The moving massmodelallows for ary slippingor skiddingthatmay occurduring



—
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Figure7: (a) lllustration of a lasersensor:The sensotis angleddownward to scanthe terrainin
front of the vehicleasit moves. Stanlg/ possessesve suchsensorsmountedat ve different
angles. (b) Eachlaseracquiresa 3-D point cloud over time. The point cloud is analyzedfor
drivableterrainandpotentialobstacles.

off-roaddriving.

However, this modelperformspoorly during GPSoutageshowever, asthe positionof the vehicle
reliesstronglyontheaccurag of theIMU' s accelerometerdis aconsequencey morerestrictve
UKF motion modelis usedduring GPSoutages.This modelconstrainghe vehicleto only move
in the directionit is pointed. Integrationof the IMU' s gyroscopedgor orientation,coupledwith
wheelvelocitiesfor computingthe position,is ableto maintainaccurateoseof thevehicleduring
GPSoutagesof up to 2 minuteslong; the accruederror is usuallyin the order of centimeters.
Stanlg's healthmonitor will decreas¢he maximumvehicle velocity during GPSoutageso 10
mphin orderto maximizethe accurag of the restrictedvehiclemodel. Fig. 6a shavs the result
of positionestimationduringa GPSoutagewith the weakvehiclemodel; Fig. 6b the resultwith
the strongvehiclemodel. This experimentillustratesthe performanceof this Iter duringa GPS
outage. Clearly accuratevehicle modelingduring GPSoutagess essential. In an experiment
on a paved road, we found that even after 1.3 km of travel without GPSon a cyclic course,the
accumulatedrehicleerrorwasonly 1.7 meters.

5 Laser Terrain Mapping

5.1 Terrain Labeling

To safelyavoid obstaclesStanlgy mustbe capableof accuratelydetectingnon-drivableterrainat

asufcient rangeto stopor take the appropriateevasive action. The fasterthe vehicleis moving,

the fartheraway obstaclesnustbe detected.Lasersare usedasthe basisfor Stanlg's shortand
mediumrangeobstacleavoidance. Stanlg is equippedwith ve single-scarlaserrange nders

mountedon the roof, tilted downward to scanthe road ahead. Fig. 7aillustratesthe scanning
process Eachlaserscangenerates vectorof 181 rangemeasurementspaced.5 degreesapart.
Projectingthesescansinto the global coordinateframe accordingto the estimatedposeof the
vehicleresultsin a 3-D point cloud for eachlaser Fig. 7b shavs an exampleof the point clouds
acquiredby the differentsensors The coordinatesf such3-D pointsaredenoted X | Y, Z});

herek is thetime index atwhich the pointwasacquiredandi is theindex of thelaserbeam.
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Figure8: Examplesf occupang maps:(a) anunderpassand(b) aroad.
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Figure9: Smallerrorsin poseestimation(smallerthan0.5 degrees)inducemassve terrainclas-
si cation errors,which if ignoredcould force the robot off the road. Theseimagesshav two
consecutie snapshotef amapthatforcesStanleg off theroad. Hereobstaclesreplottedin red,
free spacen white,andunknawn territory in gray. Thebluelinesmarkthe corridorasde ned by
theRDDF.

Obstacledetectionon laserpoint cloudscanbe formulatedasa classi cation problem,assigning
to each2-D locationin a surfacegrid oneof threepossiblevalues:occupied free,andunknaovn.

A locationis occupiedby an obstacleif we can nd two nearbypoints whosevertical distance
jzi  Zlj exceedsacritical verticaldistance . It is consideredirivable (free of obstacles)f no

suchpointscanbefound,but atleastoneof thereadingdallsinto thecorrespondingrid cell. If no

readingfalls into thecell, thedrivability of this cell is consideredinknovn. The searchor nearby
pointsis convenientlyorganizedin a 2-D grid, the samegrid usedasthe nal drivability mapthat
is providedto thevehicle's navigationengine.Fig. 8 shavs theexamplegrid map.As indicatedin

this gure, themapassigngerrainto oneof threeclassesdrivable,occupiedor unknavn.

Unfortunately applyingthis classi cationschemaedlirectly to the laserdatayields resultsinappro-
priatefor reliablerobot navigation. Fig. 9 shawvs suchaninstancejn which a smallerrorin the
vehiclesroll/pitch estimationleadsto a massve terrainclassi cationerror, forcing the vehicleoff
theroad.Smallposeerrorsaremagni ed into largeerrorsin the projectedpositionsof laserpoints



jk  mj, thetime differencebetweertwo nearbymeasurements

Figure10: Correlationof time andverticalmeasuremergrrorin thelaserdataanalysis.

becausehe lasersareaimedat the roadup to 30 metersin front of the vehicle. In our reference
datasedf labeledterrain,we foundthat12.6%of known drivableareais classi ed asobstaclefor
a heightthresholdparameter = 15cm Suchsituationsoccureven for roll/pitch errorssmaller
than0:5 degrees. Poseerrorsof this magnitudecanbe avoided by poseestimationsystemshat
costhundredf thousand®f dollars,but sucha choicewastoo costlyfor this project.

The key insightto solving this problemis illustratedin Fig. 10. This graphplots the perceved
obstacleheightjz!  Zl j alongthe vertical axis for a collection of grid cells taken from at
terrain. Clearly, for somegrid cells the perceved heightis enormous—despitthe fact that in
reality, the surfaceis at. However, this functionis not random. The horizontalaxis depictsthe
timedifference tjk mjbetweertheacquisitionof thosescansObviously, theerroris strongly
correlatedwith the elapsedime betweernthetwo scans.

To modelthis error, Stanlg usesa rst orderMarkov model,which modelsthe drift of the pose
estimatiorerrorovertime. Thetestfor the presencef anobstaclds thereforea probabilistictest.
Giventwo points(X ) Y, zZ\)T and(X . Yl Zi)T, theheightdifferences distrioutedaccording
to a normaldistribution whosevariancescaledlinearly with the time differencejk  mj. Thus,
Stanlg/ usesa probabilistictestfor the presencef anobstaclepf thetype

Pz zhi> ) > 1)
Here isacon dencethresholde.g., = 0:05.

Whenappliedovera2-D grid, theprobabilisticmethodcanbeimplementecef ciently sothatonly
two measurementisave to be storedpergrid cell. Thisis dueto the factthateachmeasurement
de nesaboundonfutureZ -valuesfor obstacledetection.For example supposeve obsere anew
measuremerfor a cell which waspreviously obsered. Thenoneor moreof threecaseswill be
true:

1. Thenew measurememhightbeawitnessof anobstacleaccordingo the probabilistictest.
In this caseStanley simply marksthe cell asobstacleandno furthertestingtakesplace.

2. The new measurementioesnot trigger asa witnessof an obstacle but in future testsit
establishes tighterlower boundon the minimumZ -valuethanthe previously storedmea-
surement.n this case our algorithmsimply replacegshe previous measuremenwith this
new one. The rationalebehindthis is simple: If the new measuremernis morerestrictve
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Figure 11: Terrainlabelingfor parametettuning: The areatraversedby the vehicleis labeled
as “drivable” (blue) and two stripesat a x ed distanceto the left and the right are labeledas
“obstacles’(red). While theselabelsareonly approximatethey areextremelyeasyto obtainand
signi cantly improve theaccurag of theresultingmapwhenusedfor parametetuning.

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

3. Thethird cases equialentto the secondput with are nementof theuppervalue.A new
measuremernhay simultaneouslye ne thelowerandtheupperbounds.

Thefactthatonly two measurementger grid cell have to be storedrenderghis algorithmhighly
efcient in spaceandtime.

5.2 Data-DrivenParameter Tuning

A nal stepin developingthis mappingalgorithmaddresseparametetuning. Our approachand
the underlyingprobabilisticMarkov model, possessea numberof unknavn parametersThese
parametersncludethe heightthreshold , the statisticalacceptanc@robability threshold , and
variousMarkov chainerror parametergthe noisecovariancesof the processoiseandthe mea-
suremennoise).

Stanlg usesa discriminatie learningalgorithm for locally optimizing theseparameters.This
algorithmtunestheparameters awaythatmaximizeghediscriminatve accurag of theresulting
terrainanalysison labeledtrainingdata.

Thedataarelabeledthroughhumandriving, similar in spirit to (Pomerleau1993). Fig. 11 illus-
tratesthe idea: A humandriver is instructedto only drive over obstacle-fregerrain. Grid cells
traversedby the vehiclearethenlabeledas“drivable’ This areacorrespondso the blue stripein
Fig. 11. A stripeto theleft andright of this corridoris assumedo beall obstaclesasindicatedby



theredstripesin Fig. 11. Thedistancebetweerthe“drivable” and“obstacle”is setby hand,based
ontheaverageroadwidth for a segmentof data.Clearly, notall of thosecellslabeledasobstacles
areactuallyoccupiedby actualobstacleshowever, eventraining againstanapproximatdabeling
is enoughto improve overall performancef the mapper

Thelearningalgorithmis now implementedhroughcoordinateascentln the outerloop, thealgo-
rithm performscoordinateascentelative to a data-drvenscoringfunction. Givenaninitial guess,
the coordinateascentalgorithmmodi es eachparametepne-afteranotherby a x edamount. It
thendeterminesf the new valueconstitutesanimprovementover the previous valuewhenevalu-
atedover aloggeddataset,andretainsit accordingly If for agiveninterval sizeno improvement
canbefound,thesearchinterval is cutin half andthe searchis continueduntil the searchinterval
becomesmallerthana presetminimumsearchnterval (at which pointthetuningis terminated).

The probabilisticanalysispaired with the discriminatve algorithm for parametertuning hasa
signi cant effect on the accurag of the terrain labels. Using an independentestingdataset,
we nd thatthe falsepositive rate (the arealabeledasdrivablein Fig. 11) dropsfrom 12.6%to
0.002%. At the sametime, the rate at which the areaoff the roadis labeledasobstacleremains
approximatelyconstan{from 22.6%to 22.0%).This rateis not 100%simply becausenostof the
terrainthereis still at anddrivable.Our approacHor dataacquisitionmislabelsthe at terrainas
non-drivable. Suchmislabelinghowever, doesnot interferewith the parametetuningalgorithm,
andhences preferabldo thetediousprocesf labelingpixelsmanually

Fig. 12 shavs an exampleof the mapperin action. A snapshobf the vehiclefrom the sideil-

lustratesthat part of the surfaceis scannednultiple timesdueto a changeof pitch. As aresult,
the non-probabilistiomethodhallucinatesa large occupiedareain the centerof the road,shavn
in Panelc of Fig. 12. Our probabilisticapproactovercomeshis errorandgeneratea mapthatis
goodenoughfor driving. A secondexampleis shovn in Fig. 13.

6 Computer Vision Terrain Analysis

The effective maximumrangeat which obstaclesanbe detectedvith thelasermappelis approx-
imately 22 meters.This rangeis sufcient for Stanle to reliably avoid obstaclesat speedsip to
25mph. Basedonthe 2004racecoursethe developmenteamestimatedhat Stanlg would need
to reachspeedsf 35 mphin orderto successfullicompletethe challenge.To extendthe sensor
rangeenougho allow safedriving at 35 mph, Stanley usesacolorcamerao nd drivablesurfaces
atrangesexceedingthatof thelaseranalysis.Fig. 14 comparedaserandvision mappingside-by-
side. Theleft diagramshaws a lasermapacquiredduringtherace;hereobstaclesredetectecht
approximately22 meterrange. The vision mapfor the samesituationis shavn on theright side.
This mapextendsbeyond 70 meters(eachyellow circle correspond$o 10 metersrange).

Our work builds on a long history of researchon road nding(Pomerleau,1991; Crismanand
Thorpe,1993);seealso(Dickmanns2002). To nd theroad,thevision moduleclassi esimages
into drivable and non-drivableregions. This classi cationtaskis generallydif cult, astheroad
appearances affectedby a numberof factorsthatarenot easilymeasure@ndchangeover time,
suchasthe surfacematerialof theroad,lighting conditions,duston thelensof thecameraandso
on. Thissuggestshatanadaptve approachs necessaryn whichtheimageinterpretatiorchanges



(a) Sideview

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

Figurel2: Exampleof pitchingcombinedwith smallposeestimatiorerrors:(a) shavsthereading
of the centerbeamof oneof thelasersjntegratedover time. Someof theterrainis scannedwice.

Panel(b) shavsthe3-D pointcloud;panel(c) theresultingmapwithout probabilisticanalysisand

(d) themapwith probabilisticanalysis.Themapshavn in Panel(c) possessegsphantomobstacle,
large enoughto forcethe vehicleoff theroad.

(a) Sideview

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

error -

Figurel3: A secondexample.



(a) Laser map (b) Vision map

Figure 14: Comparisorof the laserbased(left) andthe image-basedright) mapper For scale,
circlesarespacedaroundthe vehicleat 10 meterdistance.This diagramillustratesthatthe reach
of laserdsis approximately22 meterswhereaghe vision moduleoftenlooks 70 metersahead.

@ (b) (© (d)

Figure 15: This gure illustratesthe processingstagesof the computervision system:(a) a raw
image;(b) the processednagewith the laserquadrilaterabnda pixel classi cation;(c) the pixel
classi cationbeforethresholding{d) horizondetectionfor sky removal.

asthevehiclemovesandconditionschange.

The cameraimagesare not the only sourceof information aboutupcomingterrain available to
thevision mapper Althoughwe areinterestedn usingvision to classifythe drivability 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 the general-purposemageinterpretatiornproblem,in which no suchdatawould
beavailable.

Stanlg nds drivablesurfacesby projectingdrivableareafrom the laseranalysisinto the camera
image. More speci cally, Stanlg extractsa quadrilaterabheadof the robotin the lasermap,so
thatall grid cellswithin this quadrilaterabredrivable. Therangeof this quadrilaterals typically
betweenl0 and 20 metersaheadof the robot. An exampleof sucha quadrilateralis shavn in
Fig. 14a. Using straightforvard geometricprojection,this quadrilaterals then mappedinto the
cameramage,asillustratedin Fig. 15aandb. An adaptve computervision algorithmthenuses
theimagepixelsinsidethis quadrilaterabstrainingexamplesfor the conceptof drivablesurface.

Thelearningalgorithmmaintainsa mixture of Gaussianshatmodelthe color of drivableterrain.



Eachsuchmixture is a Gaussiarde ned in the RGB color spaceof individual pixels; the total
numberof Gaussianss denotedn. The learningalgorithm maintainsfor eachmixture a mean
RGB-color ;, acovariance i, andacountm; thetotal numberof imagepixelsthatwereusedto
trainthis Gaussian.

Whena new imageis obsered, the pixelsin the drivablequadrilaterabre mappednto a smaller
numberof k “local” Gaussiansisingthe EM algorithm(DudaandHart, 1973),with k < n (the
covarianceof thesdocal Gaussianarein ated by asmallvaluesoasto avoid over tting). Thesek
local Gaussianarethenmergedinto thememoryof thelearningalgorithm,in away thatallows for
slow andfastadaptation.Thelearningadaptgo theimagein two possibleways;by adjustingthe
previously foundinternal Gaussiario the actualimagepixels, andby introducingnew Gaussians
anddiscardingolderones.Both adaptatiorstepsareessentialThe rst enablesStanle to adaptto
slowly changindighting conditionsithesecondnakesit possibleto adaptrapidly to anew surface
color (e.g.,whenStanlg movesfrom a pavedto anunpavedroad).

In detail, to updatethe memory considerthe j -th local Gaussian. The learningalgorithm de-
terminesthe closestGaussiann the global memory whereclosenesss determinedhroughthe
Mahalanobigistance.

di;j) = (i DTCi+ D0 ) (2)
Leti betheindex of theminimizing Gaussiann thememory Thelearningalgorithmthenchooses
oneof two possibleoutcomes:

1. Thedistanced(i; j) , Where is anacceptancéireshold.Thelearningalgorithmthen
assumeshattheglobalGaussian is representate of thelocal Gaussian, andadaptation
proceedslowly. The parametersf this global Gaussiararesetto the weightedmean:

mi i mj

i + 3
m; + m; m; + m;
. m i . M j 4)
I m; + m; m; + m;
m; m; + m; (5)

Herem; is thenumberof pixelsin theimagethatcorrespondo thej -th Gaussian.

2. Thedistanced(i; j) > for ary Gaussian in the memory This is the casewhennone
of the Gaussianin memoryare nearthe local Gaussiarextractedform the image,where
nearnesss measuredy the Mahalanobidistance. The algorithmthengenerates new
Gaussiarn the globalmemory with parameters;, j, andm;. If all n slotsarealready
taken in the memory the algorithm “forgets” the Gaussiarwith the smallesttotal pixel
countm;, andreplacest by thenew local Gaussian.

After this step,eachcounterm; in the memoryis discountedby afactorof < 1. Thisexponen-
tial decayterm makessurethatthe Gaussiansn memorycanbe movedin new directionsasthe
appearancef thedrivablesurfacechange®vertime.

For nding drivable surface,the learnedGaussiansre usedto analyzethe image. The image
analysisusesaninitial sky removal stepde ned in (Ettingeretal., 2003). A subsequenbod- Il
stepthenremovesadditionalsky pixels not found by the algorithmin (Ettingeretal., 2003). The



Figure 16: Theseimagesillustrate the rapid adaptationof Stanlg's computervision routines.
Whenthe laserpredominatelyscreenghe paved surface,the grassis not classi ed asdrivable.
As Stanlgy movesinto the grassarea,the classi cation changes.This sequencef imagesalso
illustrateswhy the vision resultshouldnot be usedfor steeringdecisionsjn thatthe grassareais
clearlydrivable,yet Stanlg is unableto detectthis from a distance.

remainingpixels arethanclassi ed usingthe learnedmixture of Gaussianin the straightforvard
way. Pixels whoseRGB-value is nearone or more of the learnedGaussiansare classi ed as
drivable;all otherpixelsare agged asnon-drivable. Finally, only regionsconnectedo the laser
guadrilaterabrelabeledasdrivable.

Fig. 15illustratesthe key processingteps.Panelain this gure shovs araw cameramage,and
Panelb shavs the imageafter processing.Pixels classi ed asdrivable are coloredred, whereas
non-drivable pixels are coloredblue. The remainingtwo panelson Fig. 15 shav intermediate
processingteps:theclassi cationresponsdeforethresholdingPanelc) andtheresultof the sky

nder (Paneld).

Due to the ability to createnewv Gaussian®n-the- y, Stanlg's vision routine canadaptto new

terrainwithin seconds.Fig. 16 shovs dataacquiredat the National Quali cation Eventof the

DARPA GrandChallenge.Herethe vehiclemovesfrom a pavzementto grass,both of which are
drivable. The sequencén Fig. 16 illustratesthe adaptatiorat work: the boxed areagowardsthe

bottom of the image are 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 correctlylabelingthe hay balesand
otherobstacles.

Underslowly changinglighting conditions,the systemadaptsmore slowly to the road surface,
making extensve useof pastimagesin classi cation. This is illustratedin the bottomrow of
Fig. 17, which shaws resultsfor a sequencef imagesacquiredat the BeerBottle passthe most



Figurel7: Processedameramagesn at andmountainougerrain(BeerBottle Pass).

Flat DesertRoads MountainRoads
Discriminatve | Generatre | Discriminatve | Generatre

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

Table 1. Roaddetectionrate for the two primary machinelearningmethods broken down into
differentranges.The comparisoryieldsno conclusve winner.

dif cult passagen the 2005race. Here mostof the terrain hassimilar visual appearanceThe
visionmodule however, still competentlysegmentgheroad. Sucharesultis only possiblebecause
the systembalanceshe useof pastimageswith its ability to adaptto new cameramages.

Oncea cameramagehasbeenclassi ed, it is mappednto an overheadmap, similar to the 2-D
mapgeneratedy the laser We alreadyencountereducha mapin Fig. 14b, which depictedthe
mapof astraightroad. Sincecertaincolorchangesrenaturalevenon at terrain,thevisionmapis
not usedfor steeringcontrol. Insteadjt is usedexclusively for velocity control. Whenno drivable
corridoris detectedvithin arangeof 40 meterstherobotsimply slows down to 25 mph,atwhich
pointthelaserrangeis sufcient for safenavigation. In otherwords,thevision analysissenesas
anearlywarningsystemfor obstacleveyondthe rangeof thelasersensors.

In developingthe vision routines,the researchteaminvestigateda numberof differentlearning
algorithms. One of the primary alternatvesto the generatre mixture of Gaussiarmethodwas
a discriminatve method,which usesboostinganddecisionstumpsfor classi cation (Davies and
Lienhart,2006). This methodrelies on examplesof non-drivable terrain, which were extracted
usinganalgorithmsimilarto theonefor nding adrivablequadrilateral A performancevaluation,
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Figure18: (a) Searclregionsfor the roaddetectionmodule:the occurrenceof obstacless deter
minedalongasequencef linesparallelto theRDDF. (b) Theresultof theroadestimatoiis shovn
in blue,behindthevehicle.Noticethattheroadis boundedyy two smallberms.

carriedoutusingindependentestdatagatheredbnthe2004racecourse)edto inconclusveresults.
Table 1 shaws the classi cation accurag for both methods,for at desertroadsand mountain
roads.Thegeneratre mixture of Gaussiaimethodswvas nally choserbecausét doesnotrequire
trainingexamplesof non-drivableterrain,which canbedif cult to obtainin at openlake-beds.

7 RoadProperty Estimation

7.1 RoadBoundary

Oneway to avoid obstacless to detectthemanddrive aroundthem. This is the primary function
of the lasermapper Another effective methodis to drive in sucha way that minimizesthe a
priori chance®f encountering@nobstacle Thisis possiblebecaus@bstaclesrerarelyuniformly
distributedin theworld. Ondesertroadsobstaclesuchasrocks,brush,andfencepostsexist most
oftenalongthe sidesof theroad. By simply driving down the middle of the road, mostobstacles
ondesertroadscanbe avoidedwithout ever detectinghem!

One of the most bene cial componentof Stanlg's navigation routines,thus, is a methodfor

stayingnearthe centerof theroad. To nd theroadcenter Stanlg/ usesprobabilisticlow-pass
Iters to determinebothroadsidesbasedusingthelasermap. Theideais simple;in expectation,
the road sidesare parallelto the RDDF. However, the exact lateral offset of the road boundary
to the RDDF centeris unknovn andvariesover time. Stanlg's low-passIters areimplemented
asone-dimensionakalman lters. Thestateof each lter is thelateraldistancebetweerntheroad
boundaryandthecenterof theRDDF TheKFssearctor possibleobstacleslongadiscretesearch
patternorthogonako the RDDF, asshavn in Fig. 18a. The largestfree offsetis the “obsenation”

to theKF, in thatit establisheshelocal measuremendf theroadboundary Soif multiple parallel
roadsexist in Stanlg's eld of view separatedy a small berm, the Iter will only tracethe

innermostrivablearea.



Figure19: Therelationshipbetweenvelocity andimpartedacceleratiorirom driving overa x ed
sizedobstacleat varying speeds. The plot shavs two distinct reactionsto the obstacle,one up
andonedown. While this relationis ultimately non-linear it is well modeledby a linearfunction
within therangerelevantfor deserdriving.

By virtue of KF integration, the road boundarieschangeslowly. As a result,small obstaclesor
momentarysituationswithout sideobstaclesffect the roadboundaryestimationonly minimally;
however, persistenbbstacleshatoccurover extendedperiodof time do have a strongeffect.

Basedontheoutputof theselters, Stanlgy de nestheroadto bethecenterof thetwo boundaries.
Theroadcenters lateraloffsetis acomponentn scoringtrajectorieduring pathplanning,aswill
be discussedurther belav. In the absenceof othercontingenciesStanle slowly corvergesto
the estimatedoadcenter Empirically, we foundthatthis driving techniquestaysclearof the vast
majority of naturalobstaclen desertroads.While roadcenteringis clearly only a heuristic,we
foundit to behighly effective in extensve desertests.

Fig. 18bshovs anexampleresultof theroadestimator The blue corridorshavn thereis Stanlg's
bestestimateof theroad. Noticethatthe corridoris con ned by two smallbermswhich areboth
detectedy thelasermapper This moduleplaysanimportantrole in Stanlg's ability to negotiate
desertroads.

7.2 Terrain Ruggedness

In additionto avoiding obstaclesindstayingcenteredilongtheroad,anotheimportantcomponent
of safedriving is choosingan appropriatevelocity (lagnemmeet al., 2004). Intuitively speaking,
desertterrainvariesfrom at andsmoothto steepandrugged. The type of the terrainplaysan
importantrole in determiningthe maximumsafevelocity of the vehicle. On steepterrain,driving
toofastmayleadto shtailing or sliding. Onruggedterrain,excessve speedsnayleadto extreme
shockghatcandamageor destrg therobot. Thus,sensingheterraintypeis essentiator thesafety
of the vehicle. In orderto addresghesetwo situations,Stanlg’'s velocity controller constantly
estimategerrainslopeandruggednesandusesthesevaluesto setintelligentmaximumspeeds.

Theterrainslopeis takendirectly from thevehicle's pitch estimateascomputedoy the UKF. Bor-
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Figure20: Smoothingof the RDDF: (a) addingadditionalpoints;(b) the trajectoryafter smooth-
ing (shavn in red); (c) a smoothedrajectorywith a moreaggressie smoothingparameter The
smoothingprocesgakesonly 20 seconddor the entire2005course.

rowing from (Brooksandlagnemma2005),theterrainruggedness measuredisingthevehicle'’s
z accelerometeiTheverticalaccelerations band-pasdtered to remove the effect of gravity and
vehiclevibration, while leaving the oscillationsin the rangeof the vehicle's resonanfrequeng.
Theamplitudeof theresultingsignalis ameasuremerdf theverticalshockexperiencedy theve-
hicle dueto excitationby theterrain. Empirically, this Itered acceleratiorappearso vary linearly
with velocity. (SeeFig. 19.) In otherwords,doublingthe maximumspeedof the vehicleover a
sectionof terrainwill approximatelydoublethemaximumdifferentialacceleratiommpartedonthe
vehicle.In Section9.1, this relationshipwill be usedto derive a simplerule for settingmaximum
velocity to approximatelypoundthe maximumshockimpartedon the vehicle.

8 Path Planning

As waspreviously noted,the RDDF le providedby DARPA largely eliminatesthe needfor arny
globalpathplanning.Thus,therole of Stanlg's pathplanners primarily local obstacleavoidance.
Insteadof planningin the global coordinateframe, Stanlg's path plannerwas formulatedin a
unique coordinatesystem: perpendiculadistance,or “lateral offset” to a x ed basetrajectory
Varying lateral offset moves Stanley left andright with respecto the basetrajectory muchlike
a car changedaneson a highway. By changinglateral offset intelligently, Stanlgy can avoid
obstaclest high speedsvhile makingfastprogressalongthe course.

The basetrajectorythatde nes lateraloffsetis simply a smoothedversionof the skeletonof the
RDDF corridor. It is importantto note that this basetrajectoryis not meantto be an optimal

trajectoryin ary sensejt senesasa baselinecoordinatesystemuponwhich obstacleavoidance
maneuers are continuouslylayered. The following two sectionswill describethe two partsto

Stanlg/'s pathplanningsoftware: the pathsmootherthat generateshe basetrajectorybeforethe
race,andthe online pathplannerwhichis constantlyadjustingStanleg/'s trajectory

8.1 Path Smoothing

Any pathcanbe usedasa basetrajectoryfor planningin lateral offset space.However, certain
qualitiesof basetrajectorieswill improve overall performance.



Smoothness.The RDDF is a coarsedescriptionof the racecorridor and containsmary
sharpturns. Blindly trying to follow the RDDF waypointswould resultin both signi -
cantovershootandhigh lateralaccelerationdyoth of which could adverselyaffect vehicle
safety Usinga basetrajectorythatis smoothethanthe original RDDF will allow Stanley
to travel fastenn turnsandfollow theintendedcoursewith higheraccurag.

Matched curvature. While the RDDF corridoris parallelto theroadin expectationthe
cunatureof theroadis poorly predictedby the RDDF le in turns,again dueto the nite
numberof waypoints. By default, Stanley will preferto drive parallelto the basetrajec-
tory, sopicking atrajectorythatexhibits cunaturethatbettermatcheghe curvatureof the
underlyingdesertroadswill resultin fewer changesn lateraloffset. This will alsoresult
in smootherfasterdriving.

Stanleg/'s basetrajectoryis computedbeforetheracein afour-stageprocedure.

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

2. The coordinateof all pointsin the upsampledrajectoryarethenadjustedthroughleast
square®ptimization.Intuitively, this optimizationadjustseachwaypointsoasto minimize
the curvatureof the pathwhile stayingascloseaspossibleto thewaypointsin the original
RDDF Theresultingtrajectoryis still piecaviselinear, butit is signi cantly smoothethan
theoriginal RDDF

X . X (Xn+1 Xn) (Xn Xn 1) X
argmin X2 : — : f X 6
x1g::xN i Iy ! n Xner Xn) JXn Xn o1l N roDF (Xn) (6)

Herejy; x;j? is the quadraticdistancebetweenthe waypointx; andthe corresponding
RDDF anchorpointy;; theindex variablei iteratesover the setof pointsx;. Minimizing
this quadraticdistancefor all pointsi ensureghat the basetrajectorystayscloseto the
original RDDF. The second=xpressionn Eq. 6 is acunatureterm; It minimizestheangle
betweertwo consecutie line sgmentsn thebaserajectoryby minimizingthedotproduct
of the sggmentvectors. Its functionis to smooththe trajectory: the smallerthe angle,the
smoothetthetrajectory Thescalar tradesoff thesetwo objectvesandis a parametein
Stanlg's software. Thefunctionf gppr (X,) is adifferentiablebarrierfunctionthatgoesto
in nity asa pointx, approachethe RDDF boundarybut is nearzeroinsidethe corridor
away from the boundary As a result,the smoothedrajectoryis alwaysinsidethe valid
RDDF corridor. The optimizationis performedwith a fastversionof conjugate gradient
descentwhich movesRDDF pointsfreelyin 2-D space.

3. Thenext stepof the pathsmoothelinvolvescubicsplineinterpolation.The purposeof this
stepis to obtaina paththatis differentiable.This pathcanthenberesamplecef ciently .

4. The nal stepof pathsmoothingpertainsto the calculationof the speedimit attachedo
eachwaypointof the smoothtrajectory Speedimits arethe minimum of threequantities:
(a)thespeedimit from correspondingegmentof theoriginal RDDF, (b) aspeedimit that
arisedrom aboundon lateralaccelerationand(c) aspeedimit thatarisedrom abounded
deceleratiortonstraint.Thelateralacceleratiortonstrainforcesthe vehicleto slow down
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Figure21: Path planningin a 2-D searchspace:(a) shavs pathsthat changeateral offsetswith
the minimum possiblelateralacceleratior(for a x ed plan horizon); (b) shavs the samefor the
maximumlateralaccelerationTheformerarecalled“nudges, andthelatterarecalled“swerves’

appropriatelyin turns. Whencomputingtheselimits, we boundthe lateralacceleratiorof

the vehicleto 0.75m/seé, in orderto give the vehicle enoughmaneuerability to safely
avoid obstaclesn curved segmentsof the course. The boundeddeceleratiorconstraint
forcesthe vehicle to slow down in anticipationof turns and changesn DARPA speed
limits.

Fig. 20 illustratesthe effect of smoothingon a shortsgmentof the RDDF. Panela shaws the
RDDF andthe upsampledasetrajectorybeforesmoothing. Panelsb andc shav the trajectory
after smoothing(in red), for differentvaluesof the parameter . The entiredatapre-processing
stepis fully automatedandrequiresonly approximately20 second®f computationatimeonal.4
GHz laptop, for the entire2005racecourse. This basetrajectoryis transferreconto Stanlg, and
the softwareis readyto go. No furtherinformationaboutthe ervironmentor the raceis provided
to therobot.

It is importantto notethat Stanley doesnot modify the original RDDF le. The basetrajectory
is only usedasthe coordinatesystemfor obstacleavoidance.Whenevaluatingwhetherparticular
trajectoriesstaywithin the designatedacecourse Stanlg checksagainstthe original RDDF le.
In this way, the preprocessingtepdoesnot affect the interpretationof the corridor constraint
imposedby therulesof therace.

8.2 Online Path Planning

Stanlg's online planningandcontrol systemis similar to the onedescribedn (Kelly andStentz,
1998). The online componenbf the path planneris responsibldor determiningthe actualtra-
jectory of the vehicleduring the race. The goal of the planneris to completethe courseasfast
as possiblewhile successfullyavoiding obstaclesand stayinginside the RDDF corridor. In the
absencef obstaclesthe plannerwill maintaina constantateral offset from the basetrajectory
This resultsin driving a path parallelto the basetrajectory but possiblyshiftedleft or right. If

anobstacldas encounteredStanle will plana smoothchangen lateraloffsetthatavoidsthe ob-
stacleand can be safely executed. Planningin lateral offset spacealso hasthe advantagethat it

gracefullyhandlesGPSerror. GPSerrormay systematicallyshift Stanlg's positionestimate .The
pathplannerwill simply adjustthe lateraloffset of the currenttrajectoryto recenterthe robotin
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Figure22: Snapshotsf the pathplannerasit processethedrivability map. Both snapshotshav

a map, the vehicle,andthe variousnudgesconsiderecy the planner The rst snapshostems
from a straightroad(Mile 39.20f the2005racecourse).Stanlg is traveling 31.4mph,hencecan
only slowly changdateraloffsetsdueto the lateralacceleratiortonstraint.The secondexampleis

takenfrom themostdif cult partof the2005DARPA GrandChallengea mountainousreacalled
BeerBottle Pass.Bothimagesshav only nudgedor clarity.

theroad.

The path planneris implementedas a searchalgorithm that minimizesa linear combinationof
continuouscostfunctions,subjectto a x ed vehiclemodel. The vehicle modelincludessereral
kinematicanddynamicconstraintsncludingmaximumlateralacceleratiorfto prevent shtailing),
maximumsteeringangle(a joint limit), maximumsteeringrate (maximumspeedof the steering
motor), and maximumdeceleration.The costfunctionspenalizerunning over obstacles|eaving
the RDDF corridor, andthe lateral offset from the currenttrajectoryto the senseccenterof the
road surface. The soft constraintanducea ranking of admissibletrajectories. Stanlgy chooses
the bestsuchtrajectory In calculatingthe total pathcosts,unknowvn territory is treatedthe same
asdrivable surface,so that the vehicle doesnot swene aroundunmappedspotson the road, or
speculasurfacessuchaspuddles.

At every time step,the plannerconsiderdrajectoriedravn from a two-dimensionatpaceof ma-
neuwers. The rst dimensiondescribeghe amountof lateral offset to be addedto the current
trajectory This parameteanllows Stanlg to move left andright, while still stayingessentiallypar
allel to the basetrajectory The seconddimensiondescribesherateat which Stanle will attempt
to changeo this lateraloffset. The lookaheadlistances speed-dependeandrangedrom 15to
25meters All candidatgpathsarerunthroughthevehiclemodelto ensureghatobey thekinematic
anddynamicvehicleconstraints.Repeatedlyayeringthesesimple maneuerson top of the base
trajectorycanresultin quite sophisticatedrajectories.

The secondparametelin the path searchallows the plannerto control the urgeng of obstacle
avoidance. Discreteobstaclesn the road, suchasrocksor fencepostsoften requirethe fastest
possiblechangen lateraloffset. Pathsthatchangdateraloffsetasfastaspossiblewithoutviolating
the lateral acceleratiorconstraintare called “swerves” Slow changesn the positionsof road
boundariegequire slow, smoothadjustmento the lateral offset. Trajectorieswith the slowest
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Figure23: Velocity pro le of ahumandriverandof Stanlg's velocity controllerin ruggedterrain.
Stanle identi es controller parameterghat matchhumandriving. This plot compareshuman
driving with Stanlg's controloutput.

possiblechangein lateral offset for a given planninghorizonare called“nudges. Swenesand
nudgesspana spectrunof maneuersappropriatdor high speedbstacleavoidance:fastchanges
for avoiding headon obstaclesandslow changegor smoothlytrackingtheroadcenter Swenes
andnudgesareillustratedin Fig. 21. On a straightroad, the resultingtrajectoriesare similar to
thoseof Ko andSimmonss lanecurvaturemethod(Ko andSimmons,1998).

The path planneris executedat 10 Hz. The path planneris ignorantto actualdeviationsfrom
thevehicleandthe desiredpath,sincethosearehandledby the low-level steeringcontroller The
resultingtrajectoryis thereforealwayscontinuous Fastchangeén lateraloffset(swenes)will also
includebrakingin orderto increaseheamountof steeringhevehiclecandowithoutviolating the
maximumlateralacceleratiorconstraint.

Fig. 22 shavs anexamplesituationfor the pathplanner Shavn hereis a situationtakenfrom Beer
Bottle Passthemostdif cult passagefthe2005GrandChallenge Thisimageonlyillustratesone
of thetwo searctparametersthelateraloffset. It illustratesthe processhroughwhich trajectories
aregeneratedy graduallychangingthe lateraloffsetrelative to the basetrajectory By usingthe

basetrajectoryasareferencepathplanningcantake placein alow-dimensionakpacewhich we

foundto benecessaryor real-timeperformance.

9 Real-timeControl

Oncethe intendedpath of the vehicle hasbeendeterminedoy the pathplanney the appropriate
throttle, brake, and steeringcommandsecessaryo achiese that path mustbe computed. This
controlproblemwill bedescribedn two parts:the velocity controllerandsteeringcontroller

9.1 Velocity Control

Multiple software moduleshave inputinto Stanlg's velocity, mostnotablythe pathplanner the
healthmonitor, the velocity recommenderand the low-level velocity controller The low-level
velocity controllertranslates/elocity commanddrom the rst threemodulesinto actualthrottle



andbrake commandsTheimplementedrelocityis alwaystheminimumof thethreerecommended
speeds.The pathplannerwill seta vehiclevelocity basedon the basetrajectoryspeedimits and
ary brakingdueto swenes. The vehiclehealthmonitorwill lower the maximumvelocity dueto
certainpreprogrammedonditions,suchasGPSblackoutsor critical systemfailures.

Thevelocity recommendemodulesetsan appropriatenaximumvelocity basedon estimateder-
rainslopeandroughnessTheterrainslopeaffectsthemaximumvelocityif thepitch of thevehicle
exceeds deggrees Beyond5 degreesof slope the maximumvelocity of thevehicleis reducedin-
earlyto valuesthat,in theextreme restrictthe vehicle's velocity to 5 mph. Theterrainruggedness
is fed into a controllerwith hysteresighat controlsthe velocity setpointto exploit the linear re-
lationshipbetween ltered vertical acceleratioramplitudeand velocity; seeSect.7.2. If rough
terraincausesa vibration that exceedshe maximumallowablethreshold the maximumvelocity
is reducedinearly suchthatcontinuingto encountesimilar terrainwould yield vibrationsexactly
meetingthe shocklimit. Barringary furthershocksthevelocity limit is slowly increasedinearly
with distanceraveled.

This rule may appearodd, but it hasgreatpracticalimportance;it reduceshe Stanlg's speed
whenthe vehiclehits a rut. Obviously, the speedreductionoccursaftertherut is hit, not before.
By slowly recoveringspeedStanleg will approachearbyrutsata muchlower speed As aresult,
Stanlgy tendsto drive slowly in areaswith mary ruts,andonly returnsto the basetrajectoryspeed
when no ruts have beenencounteredor a while. While this approachdoesnot avoid isolated
ruts, we found it to be highly effective in avoiding mary shocksthat would otherwiseharmthe

vehicle. Driving over wavy terraincanbejustashardon thevehicleasdriving on ruts. In bumpy

terrain,slowing down alsochangeshe frequeng at which the bumpspassreducingthe effect of

resonance.

The velocity recommenders characterizedy two parametersthe maximumallowable shock,

andthelinearrecovery rate. Both arelearnedfrom humandriving. More speci cally, by record-

ing the velocity pro le of a humanin ruggedterrain, Stanlg/ identi es the parametershat most

closelymatchthe humandriving pro le. Fig. 23 shawvsthevelocity pro le of ahumandriverin a

mountainousareaof the 2004 GrandChallengeCourse(the “DaggettRidge”). It alsoshaws the

pro le of Stanlg's controllerfor the samedataset. Both pro les tendto slow down in the same
areas.Stanlg's pro le, however, is differentin two ways:therobotdeceleeratesiuchfasterthan

apersonandits recoveryis linearwhereashepersonsrecoveryis nonlinear Thefastacceleration
is by design to protectthe vehiclefrom furtherimpact.

Oncethe planner velocity recommenderand healthmonitor have all submittedvelocities, the
minimum of thesespeedss implementeddy the velocity controller Thevelocity controllertreats
the brake cylinder pressurendthrottle level astwo opposing single-actingactuatordhatexerta
longitudinalforce on the car. This is a very closeapproximationfor the brake system,andwas
foundto be an acceptablesimpli cation of the throttle system.The controllercomputesa single
errormetric,equalto aweightedsumof thevelocity errorandtheintegral of thevelocity error The
relative weightingdetermineshetrade-of betweerdisturbanceejectionandovershootWhenthe
errormetricis positve, the brake systemcommands brake cylinder pressureroportionatto the
Pl errormetric,andwhenit is negative, thethrottle level is setproportionalto the negative of the
PI errormetric. By usingthe samePI error metricfor both actuatorsthe systemis ableto avoid

the chatteranddeadbandsassociatedvith opposing single-actingactuators.To realizethe com-



Figure24: lllustration of the steeringcontroller With zerocross-traclerror, the basicimplemen-
tationof the steeringcontrollersteerghe front wheelsparallelto the path. Whencross-traclerror

is perturbedrom zero,it is nulledby commandinghe steeringaccordingo a non-linearfeedback
function.

mandedbrake pressurethe hystereticbrake actuatoris controlledthroughsaturategroportional
feedbackon the brake pressureasmeasuredy the Touareq, andreportedthroughthe CAN bus
interface.

9.2 SteeringControl

Thesteeringcontrolleracceptsasinputthetrajectorygeneratedy the pathplanneythe UKF pose
and velocity estimate andthe measuredteeringwheelangle. It outputssteeringcommandsat
arateof 20 Hz. The function of this controlleris to provide closedloop trackingof the desired
vehiclepath,asdeterminedy the pathplanney on quickly varying, potentiallyroughterrain.

Thekey errormetricis the cross-traclerror, x(t), asshavn in Fig. 24, which measureshe lateral
distanceof the centerof the vehicle's front wheelsfrom the nearespoint on the trajectory The
ideanow is to commandhe steeringoy a controllaw thatyieldsanx(t) thatcornvergesto zero.

Stanlg's steeringcontroller at the core,is basedon a non-linearfeedbackiunction of the cross-
track error, for which exponentialcorvergencecanbe shavn. Denotethe vehiclespeedattime't

by u(t). In theerrorfree case usingthis term, Stanlg's front wheelsmatchthe global orientation
of thetrajectory Thisisillustratedin Fig. 24. Theangle in thisdiagramdescribesheorientation
of the nearespathseggment,measuredelative to the vehicle's own orientation.In the absencef

ary lateralerrors,the controllaw pointsthe front wheelsparallelto the plannertrajectory

Thebasicsteeringanglecontrollaw is givenby

() = (1) + arctan ku)zt(;)

wherek is a gain parameterThe secondermadjuststhe steeringn (nonlinear)proportionto the
cross-traclerrorx(t): thelargerthis error, thestrongerthe steeringresponseéowardthetrajectory

(7)

Usingalinearbicycle modelwith in nite tire stiffnessandtight steerindimitations(see(Gillespie,



X" = u sin(max(min( - atan(k x/u) - y,24 p/180), 24 p/180)+y) u=10 L=285 X" = usin(max(min( atan(k x/u) y,24 p/180), 24 p/180) +y) u=40 L=285
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Figure 25: Phaseportraitfor k = 1 at 10 and40 meterper second respectrely, for the basic
controller includingthe effect of steeringnput saturation.

1992))resultsin thefollowing effect of the controllaw:

!
x(t) = u(t)sinarctan kx(®)  _ r& (8)
U(t) 1+ kx(t) 2
u(t)
andhencefor smallcrosstrackerror,
X(t) x(0) exp kt ©)

Thus, the error corvergesexponentiallyto x(t) = 0. The parameteik determineghe rate of
convergence.As crosstrack errorincreasesthe effect of the arctan functionis to turn the front
wheelsto point straighttoward the trajectory yielding corvergencelimited only by the speedof
the vehicle. For ary value of x(t), the differential equationcorverges monotonicallyto zero.
Fig. 25 shavs phaseportrait diagramsfor Stanlg's nal controllerin simulation,asa function
of theerrorx(t) andthe orientation (t), includingthe effect of steeringinput saturation.These
diagramgllustratethatthe controllercorvergesnicely for thefull rangeattitudesandawide range
of cross-traclerrors,in the exampleof two differentvelocities.

This basicapproachworkswell for lower speedsanda variantof it caneven be usedfor reverse
driving. However, it neglectsseveralimportanteffects. Thereis a discrete variabletime delayin
the controlloop, inertiain the steeringcolumn,andmoreenegy to dissipateasspeedncreases.
Theseeffectsare handledby simply dampingthe differencebetweensteeringcommandandthe
measuredteeringwvheelangle,andincludingatermfor yaw damping.Finally, to compensatéor
the slip of the actualpneumatidires, the vehicleis commandedo have a steadystateyaw offset
thatis anon-linearfunctionof the pathcurvatureandthevehiclespeedbasedn abicycle vehicle
model,with slip, thatwascalibratedandveri ed in testing. Thesetermscombineto stabilizethe
vehicleanddrivethecross-traclerrorto zero,whenrun onthephysicalvehicle. Theresultingcon-
troller hasprovenstablein testingon terrainfrom pavzementto deep off-roadmudpuddlesandon
trajectorieswith tight enoughradii of curvatureto causesubstantiastlip. It typically demonstrates
trackingerrorthatis onthe orderof the estimatiorerrorof this system.



10 DevelopmentProcessand RaceResults

10.1 RacePreparation

Theracepreparatiortook placeat threedifferentlocations: StanfordUniversity, the 2004 Grand
ChallengeCoursebetweerBarstav andPrimm,andthe SonorarDesertnearPhoenix,AZ. In the
weeksleadingup to therace theteampermanentlymovedto Arizona,whereit enjoyedthe hospi-
tality of Volkswagenof America's ArizonaProving Grounds Fig. 26 shavs examplesof hardware
testingin extremeoffroad terrain; thesepicturesweretaken while the vehiclewasoperatedy a
person.

In developingStanleg, the StanfordRacingTeamadheredo atight developmentandtestingsched-
ule,with clearmilestonesalongtheway. Emphasisvasplacedon earlyintegration,sothatanend-
to-endprototypewasavailablenearlyayearbeforetherace.The systemwastestedoeriodicallyin
desertervironmentsrepresentatie of the teams expectationfor the GrandChallengerace.In the
monthdeadingupto therace all softwareandhardwaremodulesveredeluggedandsubsequently
frozen.The developmenbof the systemterminatedvell aheadf therace.

The primary measureof systemcapabilitywas“MDBCF” — meandistancebetweencatastrophic
failures. A catastrophidailure wasde ned asa conditionunderwhich a humandriver hadto in-
tervene.Commonfailuresinvolvedsoftwareproblemssuchastheoneshavnin Fig. 9; occasional
failureswerecausedy thehardware,e.g.,thevehiclepower system.In Decembef004,the MD-
BCFwasapproximatelyl mile. It increasedo 20 milesin July2005.Thelast418milesbeforethe
NationalQuali cation eventwerefree of failures;this includeda single200-milerun overacyclic
testingcourse. At thattime the systemdevelopmentwas suspended$tanleg’'s lateralnavigation
accuray wasapproximately\30 cm. Thevehiclehadloggedmorethanl,200autonomousniles.

In preparingfor this race,the teamalsotestedsensorghat were not deplgyed in the nal race.
Amongthemwasanindustrialstrengthstereovision sensomwith a 33 cm baselineln earlyexper
iments,we found that the stereosystemprovided excellentresultsin the shortrange,but lagged
behindthelasersystemn accurag. Thedecisionnotto usestereowassimply basecdntheobser
vationthatit addedlittle to thelasersystem.A larger baselinemight have madethe stereomore
usefulatlongerrangesput wasunfortunatelynot available.

The secondsensorthatwasnot usedin the racewasthe 24 GHz RADAR system.The RADAR
usesa linearfrequeng shift keying modulatedLFMSK) transmitwaveform; it is normally used
for adaptve cruisecontrol (ACC). After carefully tuning gainsandacceptancéhresholdsof the
sensorthe RADAR provedhighly effective in detectingarge frontal obstaclesuchasabandoned
vehiclesin deserterrain. Similar to the mono-visionsystemin Sect.6, the RADAR wastasledto
screertheroadatarangebeyondthelasersensorsif apotentialobstaclevasdetectedthesystem
limits Stanlg's speedo 25 mphsothatthe laserscould detectthe obstaclein time for collision
avoidance.

While the RADAR systemproved highly effective in testing,two reasonghat preventedits use
in therace. The rst reasonwastechnical: During the NationalQuali cation Event (NQE), the
USB driver of thereceving computerepeatedlycausedrouble,sometimestallingthereceving



Figure26: Vehicletestingat the VolkswagenArizonaProving Groundsmanualdriving.

computer The secondreasonwas pragmatical. During the NQE, it becameapparenthat the
probability of encounteringarge frontal obstaclesvas small in high-speedzones;and even if
thoseexisted, the vision systemwould very likely detectthem. As a consequencehe teamfelt
that the technicalrisks associatedvith the RADAR systemoutweighits bene ts, and madethe
decisionnotto useRADAR in therace.

10.2 National Quali cation Event

The NationalQuali cation Event(NQE) took placeSeptembeR7 to October5 on the California
Speedwy in Fontana,CA. Like mostcompetitve robots, Stanleg quali ed after four testruns.
From the 43 semi nalists, 11 completedthe coursein the rst run, 13 in the secondrun, 18 in
thethird run, and21 in the fourth run. Stanlg's timeswerecompetitve but not the fastestRun
1: 10:38;run 2: 9:12;run 3: 11:06;run 4: 11:06). However, Stanlg wasthe only vehiclethat
clearedall 50 gatesin every run, and avoided collisionswith all of the obstacles.This awless
performancesarnedStanle the numbertwo startingposition, behindCMU's H1ghlandemrobot
andaheadf theslightly fasterSandstornrobot,alsoby CMU.

10.3 The Race

At approximatelyd:10amon October8, 2005,the StanfordRacingTeamreceved the racedata,
which consistedof 2,935GPS-referencedoordinatesalongwith speedimits of up to 50 mph.
Stanlegy startedheraceat6:35amon October8, 2005. Therobotimmediatelypickedup speedand
drove at or just belav the speedimit. 3 hours,45 minutesand22 secondsnto therace,at Mile
73.5,DARPA pausedStanle for the rst time, to give morespaceto CMU's Hlghlanderobot,
which hadstarted ve minutesaheadof Stanlg. The rst pausdasted2 minutesand45 seconds.
Stanlg waspausedagain only 5 minutesand40 seconddater, at Mile 74.9(3 hours,53 minutes,
and47 secondsnto the race). This time the pauselastedé minutesand 35 secondsfor a total
pausdime of 9 minutesand20 seconds.The locationsof the pausesreshavn in Fig. 27. From
thispointon, Stanle repeatedhapproachetilghlandemwithin afew hundredyards.Eventhough
Stanley wasstill behindH1ghlanderit wasleadingtherace.

5 hours,24 minutesand45 secondsnto therace, DARPA nally pausedHlghlandeandallowed
Stanlgy to pass. The passinghappenea Mile 101.5;the locationis marked by a greencircle in
Fig. 27. Fig. 28 shavs processedameramagesof the passingorocessacquiredby Stanlg, and
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Figure 27: This map shavs Stanlg's path. The thicknessof the trajectoryindicatesStanlg's
speedthicker meandaster). At the locationsmarked by thered'x' s, the raceorganizerspaused
Stanlg becausef the closeproximity of CMU's Hlghlanderobot. At Mile 101.5,H1ghlander
waspausedndStanlg passedThislocationis markedby agreen'x'.



Figure28: PassingCMU's Hlghlanderobot: The left columnshowvs a sequenc®f cameram-
ages the centercolumnthe processedmageswith obstacleinformationoverlayed,andthe right
columnthe 2D mapderived from the processedmage. The vision routinedetectsH1lghlanderas
anobstacleata40 meterrange approximatelhtwice therangeof thelasers.



Figure29: Sensormagefrom the BeerBottle Passthemostdif cult passageftheDARPA Grand
Challenge.

(a) BeerBottle Pass (b) Map and GPScorridor

Figure30: Imageof the BeerBottle pass andsnapshoof the mapacquiredoy therobot. Thetwo
blue contoursin the map markthe GPScorridor provided by DARPA, which alignspoorly with
the mapdata. This analysissuggestshata robotthatfollowed the GPSvia pointsblindly would
likely have failedto traversethis narrov mountainpass.
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Figure31: Stanlg's cumulatve velocity.



Figure32: Lasermodelof CMU's H1ghlanderobot,takenat Mile 101.5.

Figure33: This diagramshaws wherethe roadconditionsforced Stanle to slow down alongthe
course.Slow-down predominatelyoccurredn the mountains.

Fig. 32 depictsa 3-D modelof Hlghlanderasit is beingpassedSinceStanlg startedin second
pole positionand nished rst, thetop-seededH1ghlanderobotwasthe only robotencountered
by Stanley duringtherace.

As notedin theintroductionof this article, Stanlgy nished rst, atanunmatchednishing time of
6 hours53 minutesand58 secondsilts overall averagevelocitywas19.1mph. However, Stanlg's
velocity variedwildly duringtherace. Initially, the terrainwas at andthe speedimits allowed
for muchhigherspeedsStanleg reachedts top speedf 38.0mphatMile 5.43,13 minutesand47
secondsnto therace.lts maximumaveiage velocity duringtheracewas24.8mph,which Stanley
attainedafter 16 minutesand56 secondsat Mile 7.00. Speedimits thenforced Stanleg to slow
down. BetweenMile 84.9and88.1,DARPA restrictedthe maximumvelocity to 10 mph. Shortly
thereafterat Mile 90.6and4 hours,57 minutes,and7 secondsnto therace,Stanle attainedits
minimumaveragevelocity of 18.3mph. Thetotal pro le of velocitiesis shavn in Fig. 31.

As explainedin this paper Stanlg usesanumberof stratgiesto determingheactualtravel speed.
During 68.2% of the course,Stanlg's velocity was limited as pre-calculatedpy following the
DARPA speedimits or the maximumlateralacceleratiorconstraintsn turns. For the remaining
31.8%, Stanlgy choseto slow dowvn dynamically asthe resultof its sensormeasurementsin
18.1%,the slow-down wastheresultof ruggedor steepterrain. Thevision modulecausedstanley
to slow downto 25 mphfor 13.1%o0f thetotal distancehowever, withoutthevisionmoduleStanley
would have beenforcedto a 25 mph maximumspeedwhich would have resultedin a nishing
time of approximately7 hoursand5 minutes,possiblybehindCMU's Sandstornrobot. Finally,
0.6%o0f thecourseStanley drove slowverbecausé wasdeniedGPSreadingsFig. 33illustratesthe



(a) Mile 22.37 (b) Mile 34.69

Figure34: Problemsduring the racecausedy a stalling of the laserdatastream.In both cases,
Stanlgy swened aroundphantomobstaclesat Mile 22.37 Stanlgs drove on the berm. None of
theseincidentsled to a collision or anunsafedriving situationduringtherace.

effect of terrainruggednessn the overall velocity. The curve onthetop illustratesthe magnitude
at which Stanlg sloved down to accommodateuggedterrain; the bottom diagramshaows the
altitudepro le, asprovided by DARPA. The terrainruggednessriggersmostly in mountainous
terrain. We believe that the ability to adaptthe speedto the ruggednes®f the terrainwas an
essentiaingredientin Stanlg's success.

Stanlg also encounteredsomeunexpecteddif culties alongthe course. Early on in the race,
Stanlg/'s laserdatastreamrepeatedlystalledfor durationsof 300to 1,100milliseconds. There
were a total of 17 incidents,nearly all of which occurredbetweenMile 22 and Mile 35. The
resultinginaccuratdime stampingof the laserdataled to the insertionof phantomobstaclesnto

the map. In four of thosecasesthoseincidentsresultedin a signi cant swere. The two most
signi cant of theseswenesareshowvn in Fig. 34. Both of thosesweneswere quite noticeable.
In one case,Stanleg/ evendrove brie y onthe bermasshavn in Fig. 34a;in the other Stanlg

swened on an openlake bedwithout ary obstaclesasshavn in Fig. 34h At no point wasthe
vehiclein jeopardy asthe bermthat wastraversedwasdrivable. However, asa resultof these
errors,Stanlg sloved down a numberof timesbetweenMiles 22 and35. Thus,the main effect
of theseincidentswasa lossof time earlyin therace. The datastreamstalling problemvanished
entirely after Mile 37.85. It only reoccurredonceat Mile 120.66,without ary visible changeof

thedriving behavior.

During4.7%o0f theGrandChallengethe GPSreporteds0cmerroror more.Naturally thisnumber
representtheunit's own estimatewhich maynotnecessarilypeaccurate However, thisraiseshe
guestionof how importantonline mappingandpathplanningwasin thisrace.

Stanlg frequentlymoved away from the centeraxis of the RDDF. On average the lateral offset
was 74cm. Themaximumlateraloffsetduringtheracewas10.7meterswhichwastheresultof

theswene shavn in Fig. 34c. However, suchincidentswererare,andin nearlyall casesion-zero
lateraloffsetsweretheresultsof obstaclesn therobot's path.
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Figure35: Histogramof lateraloffsetsonthebeerbottle pass.Thehorizontalunitsarein centime-
ters.

An examplesituationis depictedn Fig. 29. This gure shavsraw laserdatafrom the BeerBottle
Pass,the mostdif cult sectionof the course.An imagesof this passis depictedin Fig. 30a. Of
interestis themapin Fig. 30h Herethe DARPA-providedcorridoris markedby thetwo solid blue
lines. This imageillustratesthatthe bermon Stanlg's left reachesvell into the corridor Stanley
drivesasfar left asthe corridor constraintallows. Fig. 35 shawvs a histogramof lateraloffsetsfor
the BeerBottle Pass.On average, Stanlg drove 66 cm to theright of the centerof the RDDF in
this part of the race. We suspecthat driving 66 cm further to the left would have beenfatalin
mary places.This sheddight ontheimportanceof Stanlg's ability to reactto theernvironmentin
driving. Simply following the GPSpointswould likely have preventedStanle/ from nishing this
race.

11 Discussion

Thisarticleprovidesacomprehensiee suney of thewinningrobotof the DARPA GrandChallenge.
Stanlg, developedby the StanfordRacingTeamin collaboratiorwith its primarysupportersielied

onasoftwarepipelinefor processingensodataanddeterminingsuitablesteeringthrottle, brake,

andgearshiftingcommands.

Fromabroadperspectie, Stanlg's softwaremirrorscommonmethodologyn autonomousehicle
control. However, mary of theindividual modulesrelied on state-of-the-arArti cial Intelligence
techniquesThe penasve useof machindearning,bothaheadandduringtherace,madeStanle
robust and precise. We believe that thosetechniquesalongwith the extensve testingthat took
place,contributedsigni cantly to Stanlg's successn thisrace.

While the DARPA GrandChallengevasa milestonan thequestfor self-driving carsiit left opena
numberof importantproblems Mostimportantamongthosewasthefactthattheraceenvironment
wasstatic. Stanle is unableto navigatein trafc. For autonomougarsto succeedrobotslike
Stanlgy mustbeableto perceve andinteractwith moving traf c. While anumberof systemdave
shavn impressve results(Dickmannset al., 1994; Hebertet al., 1997; Pomerleawand Jochem,
1996),further researchs neededo achiese the level of reliability necessaryor this demanding
task.Evenwithin thedomainof driving in staticervironments Stanlg's softwarecanonly handle
limited typesof obstacles.For example,the presentsoftwarewould be unableto distinguishtall
grasdromrocks,aresearctiopicthathasbecoméhighly popularin recentyearg DimaandHebert,



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