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1 Intr oduction
Weconsidertheproblemof autonomousnavigationin anunstructuredoutdoorenvi-
ronment.Thegoal is for a smalloutdoorrobotto comeinto a new area,learnabout
andmapits environment,andmove to a givengoalat modestspeeds(1 m/s).This
problemis especiallydif�cult in outdoor, off-road environments,wheretall grass,
shadows, deadfall, and other obstaclespredominate.Not surprisingly, the biggest
challengeis acquiringand using a reliable map of the new area.Although work
in outdoornavigation haspreferentiallyusedlaserrange�nders[13, 2, 6], we use
stereovision asthemainsensor. Vision sensorsallow usto usemoredistantobjects
as landmarksfor navigation, andto learnandusecolor andtexture modelsof the
environment,in looking furtheraheadthanis possiblewith rangesensorsalone.

In this paperwe show how to build a consistent,globally correctmap in real
time,usingacombinationof thefollowing vision-basedtechniques:

² Ef�cient, precisestereoalgorithms.We canperformstereoanalysison 512x384
imagesin lessthan40ms,enablingafastsystemcycletimefor real-timeobstacle
detectionandavoidance.

² Visualodometryfor �ne registrationof robotmotionandcorrespondingobstacle
maps.Wehavedevelopedtechniquesthatrunat15Hz onstandardPChardware,
and that provide 4% error over runs of 100 m. Our methodcan be integrated
with informationfrom inertial (IMU) andGPSdevicesfor robustnessin dif�cult
lighting or motionsituations,andfor overall globalconsistency.

² A fast RANSAC [3] methodfor �nding the groundplane.The groundplane
providesabasisfor obstacledetectionalgorithmsin challengingoutdoorterrain,
andproduceshigh-qualityobstaclemapsfor planning.

² Learningcolor modelsfor �nding pathsandextendedgroundplanes.We learn
modelsof thegroundplaneandpath-likeareasonandoff-line, usingacombina-
tion of geometricalanalysisandstandardlearningtechniques.

² Sight-lineanalysisfor longer-rangeinference.Stereoinformationonour robotis
unreliablepast8m, but it is possibleto infer freespaceby �nding “sight lines”
to distantobjects.
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Goodmap-building is not suf�cient for ef�cient robot motion.We have devel-
opedanef�cient globalplannerbasedon previousgradienttechniques[10], aswell
asa novel local controller that takes into accountrobot dynamics,andsearchesa
largespaceof robotmotions.

While we have madeadvancesin many of the areasabove, it is the integration
of thetechniquesthat is thebiggestcontribution of theresearch.Thevalidity of our
approachis testedin blind experiments,wherewesubmitourcodeto anindependent
testinggroupthatrunsandvalidatesit on anoutdoorrobot.In themostrecenttests,
we �nished �rst outof agroupof eightteams.

1.1 Systemoverview

This work was conductedas part of the DARPA Learning Applied to Ground
Robotics(LAGR) project.We wereprovided with two robots(seeFigure1, each
with two stereodevicesencompassinga 110 degree�eld of view, with a baseline
of 12 cm.Therobotsarenear-sighted:depthinformationdegradesrapidly after6m.
Thereis alsoaninertial unit (IMU) with angulardrift of severaldegreesperminute,
anda WAAS-enabledGPS.Thereare4 Pentium-M2 GHz computers,onefor each
stereodevice, onefor planningandmap-making,andonefor control of the robot
andintegrationof GPSandIMU readings.In our setup,eachstereocomputerper-
formslocalmapmakingandvisualodometry, andsendsregisteredlocalmapsto the
planner, wherethey areintegratedinto a globalmap.Theplanneris responsiblefor
globalplanningandreactive control,sendingcommandsto thecontroller.

In the following sections,we �rst discusslocal mapcreationfrom visual input,
with a separatesectionon learningcolor modelsfor pathsandtraversableregions.
Thenweexaminevisualodometryandregistrationin detail,andshow how consistent
global mapsare created.The next sectiondiscussesthe global plannerand local
controller. Finally, wepresentperformanceresultsfor severaltestsin Spring2006.

Fig. 1. Left: LAGRrobotwith two stereosensors.Right: Typical outdoorsceneasa montage
fromtheleft camerasof thetwostereodevices.

1.2 Relatedwork

Therehasbeenan explosionof work in mappingand localization(SLAM), most
of it concentratingon indoorenvironments[7, 11]. Much of the recentresearchon
outdoornavigationhasbeendrivenby DARPA projectson mobilevehicles[2]. The
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sensorof choiceis a laserrange�nder, augmentedwith monocularor stereovision.
In muchof thiswork, high-accuracy GPSis usedto registersensorscans;exceptions
are[6, 13]. In contrast,we forego laserrange�nders,andexplicitly useimage-based
registrationto build accuratemaps.Other approachesto mappingwith vision are
[18, 19], althoughthey arenot orientedtowardsrealtimeimplementations.Obstacle
detectionusingstereohasalsoreceivedsomeattention[18]. Therehavebeenanum-
berof recentapproachesto visualodometry[15, 16]. Oursystemis distinguishedby
realtimeimplementationandhighaccuracy usingasmallbaselinein realisticterrain.
Wediscussotherexamplesof relatedwork in thetext.

2 Local map construction
Theobjectof thelocal mapalgorithmsis to determine,from thevisual information,
whichareasarefreespaceandwhichareobstaclesfor therobot:thelocal map. Note
thatthis is not simply a matterof geometricanalysis– for example,a log anda row
of grassmayhave similar geometricshapes,but therobotcantraversethegrassbut
not thelog.

Figure2 is anoutlineof visualprocessing,from imageto local map.Thereare
four basic trajectories.From the stereodisparity, we computea nominal ground
plane,which yields free spacenearthe robot. We also analyzeheightdifferences
from the ground to �nd obstacles.Via the techniqueof sight lines we can infer
freespaceto moredistantpoints.Finally, from colorandpathanalysis,coupledwith
thegroundplane,wedeterminepathsandtraversabilityof theterrain.
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Fig. 2. Visualprocessingdiagram.Thepathsfromvisualinput to depicttheprocessing�ow in
constuctingthelocal map.

2.1 Stereoanalysisand ground planeextraction

Weuseafaststereoalgorithm[9]to computeadisparityimageat512x384resolution
(Figure3, left). In typical outdoorscenes,it is possibleto achieve very densestereo
results,Thehighresolutiongivesverydetailed3D informationfor �nding theground
planeandobstacles.Eachdisparityimagepoint [u; v; d] correspondsto a 3D point
in therobot's frame.

Themostimportantgeometricanalysisis �nding thegroundplane.Althoughit is
possibleto detectobstaclesusinglocalvariationin height[ref], usingagroundplane
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simpli�es processingandyields morestableresults.To extract a groundplane,we
usea RANSAC technique[3], choosingsetsof 3 noncollinearpoints.Hypothesized
planesarerankedby thenumberof pointsthatarecloseto theplane.Figure3 shows
anexample,with agreenoverlayindicatingtheinliers.Pointsthatlie toohighabove
the groundplane,but lower thanthe robot's height,are labeledasobstacles.This
methodis extremelysimple,but hasprovento work well in practice,evenwhenthe
groundhasmodestdipsandrises;onereasonis that it only looksout to 6m around
therobot.A moresophisticatedanalysiswould breakthegroundplaneinto several
segmentsor modelmorecomplex shapes.

Fig. 3. Left: disparity image from the left view of the robot in Figure 1. Closer pixels are
lighter. Middle: extractedgroundplane, in greenoverlay. Limit of groundplaneis shownby
greenbar; sightline hasa redbar. Right:Groundplaneoverlayedonoriginal image, in green.
Obstaclesare indicatedin purple.

2.2 Sight lines

Althoughwecannotpreciselylocateobstaclespast6-8m,wecandetermineif thereis
freespace,usingthefollowing observation.Considertheinterpretedimageof Figure
3,middle.Thereis apaththegoesaroundthebushesandextendsoutagooddistance.
Thegroundplaneextendsover mostof this area,andthenendsin a distantline of
trees.The treesaretoo far to placewith any precision,but we cansaythat there is
no obstaclealongtheline of sightto thetrees. Givena conservative estimatefor the
distanceof the trees,we canaddfreespaceup to this estimate.Thecomputationof
sightlinesis mostef�ciently accomplishedin disparityspace,by �nding columnsof
groundplanepixels that leadup to a distantobstacle(red line in Figure3 middle).
Notethattheexamplesightline follows theobviouspathoutof thebushes.

2.3 Learning color models

We can extend the local map to regions which are beyond the stereorange.Our
mainlearningalgorithmis AdaBoost[5]. Theinput to AdaBoostis a setof labelled
trainingdata;AdaBoostcallsusesa weaklearningmethodasan iterationstep,and
focuseson incorrectlyclassi�edexamples.In our case,theweaklearneris takenas
adecisionstump(decisiontreeswith two leaves)[21].

In of�ine learning,we focuson learningpaths, which arecharacterizedby color
andgeometricalproperties.Training samplescomefrom teleoperation,assistedby
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an automaticanalysisof the routeandprospective paths.We sampleimagesat ap-
proximatelyonemeterintervals;sinceourrobotiswell-localizedbyvisualodometry,
we canprojectthe routeof the robot on eachof the sampledimagesandcalculate
thedistanceof eachpixel from theroutecenterline.Figure4(b) shows theprojected
routeof therobotin red.Thegreenregion correspondsto pixelswhich are2 meters
or closerto therobot's trajectory. This routecorrespondsto therobot's traversalon
the mulch pathshown in Figure4(a). For eachimage,we form a gaussianmodel
of thenormalizedcolor in several regionscloseto the robot,andusethis modelto
classifyall pixelsin theimage.If theclassi�edregionconformsto apath-likeshape,
we useit asinput to thelearningalgorithm.Figure4(c) shows thegeometricalpath
in yellow.

(a) Original image (b) Robot's route (c) Geometricalpath

Fig. 4. Illustrationof of�ine learning.

Oncethepixelsbelongingto thepatharemarkedin eachimage,weusetwo-class
AdaBoostto learnthecolor modelsfor pathandnon-pathpixels.From themodel,
we constructan RGB lookup tablefor fastclassi�cation,usingAdaBooston each
color triplet in thetable.Duringonlineruns,classi�cationof apixel is asimpletable
lookup.

Wecanalsousethisalgorithmfor onlinelearningof moregeneralterrain.Weuse
the currentimageandthe correspondinggroundplane/obstaclesmarked by stereo
within closerangeto classifythepixelsbeyondstereorangein thesameimage.This
is a standardtwo classclassi�cationproblem- the two classesbeinggroundplane
andobstacles.We usetheAdaBoostalgorithm(describedbefore)to learnthesetwo
classesandthenclassifythepixelsbeyondthestereorange.

2.4 Results

The combinedvisual processingresultsin local mapsthat representtraversability
with a high degreeof �delity . Figure5 shows the resultsof an autonomousrun of
about130m,overaspanof 150seconds.Weusedof�ine learningof mulchpathson
a testsite,thenusedthelearnedmodelson theautonomousrun.The�rst partof the
run wasalonga mulch pathunderheavy treecover, with mixed sunlightanddeep
shadows.Cellscategorizedaspathareshown in yellow; blackis freespace.Obstacles
are indicatedby purple (for absolutecertainty),and white-to-grayfor decreasing
certainty. Wedid notusesightlinesfor this run.
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The pathdid not leaddirectly to the goal, and thereweremany opportunities
for the robot to headcross-country. About two-thirdsof the way throughthe run,
no morepathswereavailable,andtherobotwent throughheavy grassandbrushto
thegoal.Therobot's pose,asestimatedfrom �ltered visualodometry(seethenext
section),is in green;the �ltered GPSpath is in yellow. Becauseof the treecover,
GPSsufferedfrom highvarianceat times.

A bene�t of usingVO is thatwheelslipsandstallsareeasilydetected,with no
falsepositives.For example,at the endof the run, the robot wascaughton a tree
branch,spinningits wheels.The�ltered GPS,usingwheelodometry, movedfar off
theglobalpose,while the�ltered VO stayedput.

Fig. 5. Reconstructionon a 130m autonomousrun. Yellow is recognizedpath, black is
freespace, andpurple, grayandwhiteareobstacles.

3 Constructing consistentglobal maps
In this sectionwe provide solutionsto two problems:representingand fusing the
informationprovidedby visualanalysis,andregisteringlocalmapsinto aconsistent
globalmap.

3.1 Map representation

For indoorwork, a standardmaprepresentationis a 2D occupancygrid [14], which
givesthe probability of eachcell in the mapbeingoccupiedby an obstacle.Alter-
natives for outdoorenvironmentsinclude 2.5D elevation mapsand full 3D voxel
maps[8]. Theserepresentationscanbe usedto determineallowablekinematicand
dynamicpathsfor anoutdoorrobot in roughterrain.We chooseto keepthesimpler
2D occupancy grid, foregoingany complex calculationof therobot's interactionwith
theterrain.Instead,weabstractthegeometricalcharacteristicsof terraininto asetof
categories,andfuseinformationfrom thesecategoriesto createacostof movement.

We usea grid of 20cmx 20cmcellsto representtheglobalmap.Eachcell hasa
probabilityof thebelongingto thefour categoriesderivedfrom visualanalysis(Se-
cion 2): obstacle,groundplanefreespace,sight line freespace,andpathfreespace.
Note that thesecategoriesarenot mutuallyexclusive, since,for example,a cell un-
der an overhangingbranchcould have both path and obstacleproperties.We are
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interestedin converting theseprobabilitiesinto a costof traversingthe cell. If the
probabilitiesweremutually exclusive, we would simply form the cost function as
a weightedsum. With non-exclusive categories,we chosea simple prioritization
scheduleto determinethe cost. Obstacleshave the highestpriority, followed by
groundplane,sightlines,andpaths.Eachcategory hasits own thresholdfor signi�-
cance:for example,if theprobabilityof anobstacleis low enough,it will beignored
in favor of oneof theothercategories.Thecombinationof prioritiesandthresholds
yields a very �e xible methodfor determiningcosts.Figure5 shows a color-coded
versionof computedcosts.

3.2 Registration and visual odometry

TheLAGR robotis equippedwith a GPSthatis accurateto within 3 to 10 metersin
goodsituations.GPSinformationis �ltered by theIMU andwheelencodersto pro-
ducea morestablepositionestimate.However, becauseGPSdrifts andjumpsover
time,it is impossibleto differentiateGPSerrorsfrom othererrorssuchaswheelslip-
page,andtheresultis that local mapscannotbereconstructedaccurately. Consider
the situationof Figure6. Herethe robot goesthroughtwo loopsof 10m diameter.
Thereis a long linear feature(a low wall) that is seenasan obstacleat the begin-
ningandendof theloops.Usingthe�ltered GPSpose,thepositionof thewall shifts
almost2mduringtherun,andobstaclescover therobot's previoustracks.

Fig. 6. Threestagesduringa run usingGPS�lter edpose. Obstaclepointsareshownin white,
freespacein black, and the yellow line is the robot's path. The linear feature is marked by
handin redin all threemaps,in its initial pose.

Oursolutionto theregistrationproblemis to usevisualodometry(VO) to ensure
local consistency in map registration.Over larger regions, �ltering VO with GPS
informationprovidesthenecessarycorrectionsto keeperrorsfrom growing without
bounds.Wedescribethesetechniquesin thenext two sections.

TheLAGRrobotpresentsachallengingsituationfor visualodometry:wideFOV
andshortbaselinemake distanceerrorslarge, anda small offset from the ground
planemakes it dif�cult to track points over longer distances.We have developed
a robust visual odometrysolution that functionswell undertheseconditions.We
brie�y describeit here;for moredetailsconsult[1].
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Our visual odometrysystemusesfeaturetracksto estimatethe relative incre-
mentalmotionbetweentwo framesthatareclosein time. Cornerfeaturepointsare
detectedin theleft imageof eachstereopair andtrackedacrossconsecutive frames.
Figure7 illustratesthe detectionandtrackingof featurepoints in two images.We
usea RANSAC methodto �nd thebestsetof matchingfeatures.As in theground
planeanalysis,any threematchedfeaturesdeterminea motionhypothesis;we score
thehypothesisusingthepixel reprojectionerrorsin boththecameras.In a �nal step,
thebestmotionhypothesisis re�ned in anonlinearminimizationstep.

Fig. 7. Exampleof visual odometry. Left: denseset of detectedfeatures.Right: motion of
successfullytrackedfeatures.

TheIMU andthewheelencodersarealsousedto �ll in therelative poseswhen
visualodometryfails.Thishappensdueto suddenlighting changes,fastturnsof the
robotor lackof goodfeaturesin thescene(e.g.blankwall).

3.3 Global consistency

Relative motionsbetweenconsecutive framesarechainedtogetherto obtaintheab-
soluteposeateachframe.Obviously, this is boundto resultin accumulationof errors
anddrifting. We useGPSto correcttheposeof thevehiclethrougha simplelinear
�lter . Poseinformationis usedwhentheGPSreceiver hasat leasta 3D position�x,
andheadinginformationis usedonly whenthevehicleis travelling 0.5m/sor faster,
to limit theeffect of velocity noisefrom GPSon theheadingestimate.In addition,
GPSmeasurementsareusedonly if therobothastravelledaminimumdistancefrom
thelastGPSmeasurement.The�lter nudgestheVO posetowardsglobalconsistency,
while maintaininglocal consistency. Over larger loops,of course,the3 m deviation
of theGPSunit meansthat themapmaynot beconsistent.In this case,othertech-
niquessuchaswide-baselineimagematching[12] wouldhave to beemployed.

Thequality of theregistrationfrom �ltered VO, shown in Figure8, canbecom-
paredto the �ltered GPSof Figure6. The low wall, which moved almost2m over
the short loopswhenusingGPS,is muchmoreconsistentwhenVO is employed.
And in caseswhereGPSis blockedor degraded,suchasunderheavy treecover in
Figure5, VO still producesmapsthatarelocally consistent.It alsoallows usto de-
terminewheelslipsandstallswith almostnofalsepositives– notetheendof therun
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RunNumber 1 2 3 4
Distance(meters) 82.4141.655.351.0
Method PercentageError

VehicleOdometry 1.3 11.4 11.031.0
Raw VisualOdometry 2.2 4.8 5.0 3.9
VisualOdometry& GPS 2.0 0.3 1.7 0.9

Table2. Loopclosureerror.

Test12 Test13
BL SRI BL SRI

Run1 5:25 1:46 5:21 2:28
Run2 5:34 1:50 5:04 2:12
Run3 5:18 1:52 4:45 2:12

Table3. Runtimesfor base-
line (BL) andSRI.

in Figure5, wherethe robotwashungup andthewheelswereslipping,andwheel
odometryproduceda largeerror.

Fig. 8. VO in thesamesequenceasFigure 6. GPS�lter edpath in yellow, VO �lter edpath is
in green.

3.4 Resultsof visual odometry

We have implementedandtestedour integratedposesystemon severaloutdoorter-
rains.SinceGPSis accurateto only about3-4meters,in orderto validateourresults,
therobotwasmovedin aclosedloopona typicaloutdoorenvironmentover50–100
m, andusedtheerrorin startandendposes.

Table2 comparesthis error for vehicleodometry(IMU + wheelodometry),vi-
sualodometryand the GPSintegratedvisual odometryfor four loops.Exceptfor
the�rst loop,visualodometryoutperformsthevehicleodometry, evenwithout GPS
�ltering, andis comparableto thestdof GPS(3m). VO substantiallyoutperformed
odometryin 3 of the 4 loops,mainly becauseof turnsandwheelslippageduring
thoseruns.This is especiallyevidentin loop4, wheretherobotwasslippingin mud
for asubstantialamountof time.

4 Planning and Control
TheLAGR robotwasprovidedwith a “baseline”systemthatusedimplementations
of D¤ [20] for global planningandDWA [4] for local control.Using this system,
we (aswell asotherteams)hadfrequentcrashesandundesirablemotion.Themain
causesweretheslownessof theplannerandthefailureof thecontrollertosuf�ciently
accountfor therobot's dynamics.
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We replacedthe baselinesystemwith a global gradientplannerand a local
trajectory-rolloutcontroller, both describedbelow. This systemsafelycontrolsthe
LAGR robotat its maximumspeedof 1.3m/s,with therobot�a wlesslynegotiating
maze-likeobstaclecoursesatanaveragespeedof 1.1m/s.

4.1 Global planning

For global planning,we re-implementeda gradientplanner[10, 17] that computes
optimal pathsfrom the goal to the robot, given the cost map.The algorithm has
severaluniquemodi�cations:

² Unlikeotherimplementations,it usesatrueEuclideanmetric,ratherthanaMan-
hattanor diagonalmetric.

² Thecalculationis extremelyef�cient, usingthreshold-basedqueues,ratherthan
abest-�rst update,whichhashighoverhead.

² It computesthecon�gurationspacefor a circularrobot,andincludessafetydis-
tancesto obstacles.

² Rapidswitchingof globalpathsis avoidedby includinghysteresis- loweringthe
costalongthepath.

Typically we run the global plannerwithin a subregion of the whole map, since
therobot is continuouslymoving towardsthegoalandencounteringnew areas.On
longerruns,upto 200m,weusean80mx 80marea;theglobalplannerrunsin about
30 ms in this region. The global planneris conservative in assumingthe robot to
be circular, with a diameterequalto the lengthof the robot.Also, it doesnot take
into accountthenonholomicnatureof therobot'smotion.Instead,werely ona local
controllerto producefeasibledriving motions.

4.2 Local control

Given the global cost informationproducedby the planner, we mustdecidewhat
local controlsto apply to the robot to drive it toward the goal.Algorithms suchas
DWA computethesecontrolsby �rst determininga target trajectoryin positionor
velocityspace(usuallyacirculararcor othersimplecurve),theninvertingtherobot's
dynamicsto �nd thedesiredvelocitycommandsthatwill producethattrajectory.

We take theoppositeapproach:insteadof searchingthespaceof feasibletrajec-
tories, wesearchthespaceof feasiblecontrols. As is thecasewith mostdifferentially-
drivenplatforms,theLAGRrobotis commandedby apair ( _x; _µ) of translationaland
rotationalvelocities.The2-D velocityspaceis boundedin eachdimensionby limits
that re�ect thevehicle's capabilities.Becausewe areseekinggood, ratherthanop-
timal, control,we sample,ratherthanexhaustively search,this rectangularvelocity
region. We take a regular sampling(» 25 in eachdimension,» 625 total), and for
eachsamplesimulatetheeffect of applyingthosecontrolsto therobotover a short
timehorizon(» 2s).

Thesimulationpredictstherobot's trajectoryasa sequenceof 5-D (x; y; µ; _x; _µ)
stateswith a discreteintegral approximationof thevehicle's dynamics,notablythe
accelerationlimits. The resulting trajectories,projectedinto the (x; y) plane,are
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smooth,continuous,2-D curvesthat,dependingon theaccelerationlimits, maynot
beeasilyparameterizable(e.g.,for theLAGR robot,thetrajectoriesarenot circular
arcs).Eachsimulatedtrajectoryt is evaluatedby thefollowing weightedcost:

C(t) = ®Obs+ ¯ Gdist + ° Pdist + ±
1
_x2

whereObsis thesumof grid cell coststhroughwhich thetrajectorytakestherobot;
Gdist andPdist arethe estimatedshortestdistancesfrom the endpointof the tra-
jectoryto thegoalandtheoptimalpath,respectively; and _x is thetranslationalcom-
ponentof thevelocitycommandthatproducesthetrajectory. Thiscostcalculationis
very fastbecausethecomputationof cell costsanddistanceswasdoneby theplan-
ner, allowing thecontrollerto accessthemvia tablelookup.Wechoosethetrajectory
t for which C(t) is minimized,which leadsour controllerto prefertrajectoriesthat:
(a) remainfar from obstacles,(b) go toward the goal, (c) remainnearthe optimal
path,and(d) drive fast.Trajectoriesthat bring any part of the robot into collision
with a lethalobstaclearediscardedasillegal.

5 Performance
For theLAGR program,the independenttestinggroupranmonthlyblind demosof
the perceptionandcontrol softwaredevelopedby eight teamsandcomparedtheir
performanceto a baselinesystem.The last threedemos(11, 12, and13) werecon-
sideredtestsof performancefrom the�rst 18monthsof theprogram.TheSRITeam
was�rst in thelasttwo tests(Test12and13),afterbegin lastin Test11.Mostof the
problemsin Test11 werecausedby usingthe baselineplannerandcontroller, and
weswitchedto theonedescribedin thepaperfor Tests12and13.Figure3 showsthe
timesfor therunsin thesetests.We achievedtheshortrun timesin Tests12 and13
througha combinationof precisemapbuilding, high-speedpathplanning,andcare-
ful selectionof robotcontrolparameters.Ouraveragespeedwasover1.1m/s,while
the robot top speedwaslimited to 1.3 m/s.Map building relied on VO to provide
goodlocalization,ground-planeanalysisto helpdetectobstacles,andsight lines to
identify distantregionsthatarelikely to benavigable.

6 Conclusion
We have demonstrateda completeautonomoussystemfor off-road navigation in
unstructuredenvironments,using stereovision as the main sensor. The systemis
very robust - we cantypically give it a goal positionseveral hundredmetersaway,
andexpectit to getthere.But therearehazardsthatarenotdealtwith by themethods
discussedin thispaper:waterandditchesaretwo robot-killers.Finally, wewouldlike
to usevisual landmarksto augmentGPSfor global consistency, becauseit would
give �ner adjustmentin the robot's position,which is critical for following routes
thathave alreadybeenfound.
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