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Abstract

We considerthe problemof autonomousnavigationin
unstructured outdoor terrains using vision sensors. The
goal is for a robot to comeinto a new environment,map
it andmoveto a givengoalat modestspeeds(1 m/sec).The
biggestchallengesare in building goodmapsand keeping
therobotwell localizedasit advancestowardsthegoal. In
this paper, we concentrate on showinghow it is possible
to build a consistent,globally correctmapin real time, us-
ing ef�cient precisestereoalgorithmsfor mapmakingand
visualodometryfor localization. Whilewehavemadead-
vancesin both localization and mappingusing stereo vi-
sion,it is theintegrationof thetechniquesthat is thebiggest
contribution of the research. Thevalidity of our approach
is testedin blind experiments,where wesubmitour codeto
an independenttestinggroup that runs and validatesit on
anoutdoorrobot.

1 Intr oduction

Recentadvancesin computinghardware coupledwith
the availability of different typesof sensorshave brought
thedreamof autonomousrobotscloserto reality now. Not
surprisingly, goodmapmakingandlocalizationarecritical
to theautonomousoperationandnavigationof theserobots.
In this paper, we concentrateon showing how it is possible
to build a consistent,globally correctmapfor outdoorun-
structuredenvironmentsin real time usingstereovision as
theprimarysensor.

Thegoalis for asmalloutdoorrobotto comeinto anew
area,learnaboutandmapits environment,andmove to a
givengoalat modestspeeds(1 m/sec).This problemis es-
pecially dif�cult in outdoor, off-road environments,where
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tall grass,shadows, deadfall, andotherobstaclespredom-
inate. Although work in outdoornavigation haspreferen-
tially usedlaserrange�nders[11, 3, 5], we usestereovi-
sionasthemainsensor. Stereovision is a goodchoicefor
several reasons:it is low power, low cost,andcanregister
denserangeinformationfrom closeobjects. More impor-
tantly, vision sensorsallow us to usemoredistantobjects
aslandmarksfor navigation,andto learnandusecolor and
texturemodelsof theenvironment,in lookingfurtherahead
than is possiblewith rangesensorsalone. Our robot uses
a combinationof the following vision-basedtechniquesto
makeglobally consistentmapsin realtime.

� Ef�cient, precisestereoalgorithms. Over the past8
years,wehavere�ned asetof stereoalgorithmsto take
advantageof parallel-datainstructionson PC hard-
ware.We canperformstereoanalysison 512x384im-
agesin lessthan40 ms,enablinga fastersystemcycle
time for real-timeobstacledetectionandavoidance.

� Visual odometry(VO) for �ne registration of robot
motionandcorrespondingobstaclemaps.Wehavede-
velopedtechniquesthat run at 15 Hz on standardPC
hardware,andthatprovide 4% errorover runsof 100
m. Our methodcan be integratedwith information
from inertial (IMU) andGPSdevices, for robustness
in dif�cult lighting or motionsituations,andfor over-
all global consistency. Visual odometryis compared
to thecombinationof GPSandIMU, andshown to be
superiorin producinguseableobstaclemaps.

� A fastRANSAC methodfor �nding thegroundplane.
Thegroundplaneprovidesasolidbasefor obstaclede-
tectionalgorithmsin challengingoutdoorterrain,and
produceshigh-quality obstaclemapsfor a planning
system.

� Sight-lineanalysisfor longer-rangeinference.Stereo
informationon our robot is unreliablepast8m, but it



is possibleto infer freespaceby �nding “sight lines,”
directionsin which it is likely thereis freespace.

While we have madeadvancesin many of theareasabove,
it is theintegrationof thetechniquesthatis thebiggestcon-
tribution of the research.The validity of our approachis
testedin blind experiments,wherewe submitour codeto
an independenttestinggroupthat runsandvalidatesit on
anoutdoorrobot. In themostrecenttests,we have �nished
�rst out of a groupof eightteams,in somecasesby a large
margin.

1.1 System overview

Figure1(a)showsourrobotequippedwith two stereode-
vices,eachstereodevice encompassinga 120 degree�eld
of view, with a baselineof 12 cm. In the currentsetup,
the robot is near-sighted:depthinformationfor eachstero
device degradesrapidly after 6m. Thereis alsoan inertial
unit (IMU) with angulardrift of severaldegreesperminute,
andaGarminGPS.Thereare4 Pentium-M2 GHzcomput-
ers,onefor eachstereodevice, onefor planningandmap-
making,andonefor controlof therobotandintegrationof
GPSandIMU readings.In oursetup,eachstereocomputer
performslocalmapmakingandvisualodometry, andsends
registeredlocal mapsto the planner, wherethey are inte-
gratedinto a global map. The planneris responsiblefor
globalplanningandreactive control,sendingcommandsto
thecontroller.

1.2 Related work

Therehasbeenanexplosionof work in mappingandlo-
calization(SLAM), mostof it concentratingon indooren-
vironments[6, 9]. Thesensorof choicefor indoorenviron-
mentsis a laserrange�nder, augmentedwith monocularor
stereovision. In muchof this work, high-accuracy GPSis
usedto registersensorscans;exceptionsare[5, 11]. In con-
trast,weforegolaserrange�nders,andexplicitly useimage-
basedregistrationto build accuratemaps.Otherapproaches
to mappingwith vision are[15, 16], althoughthey arenot
orientedtowardsrealtimeimplementations.Obstaclede-
tectionusingstereohasalsoreceived someattention[15].
Therehave beena numberof recentapproachesto visual
odometry[13, 14]. Our systemis distinguishedby realtime
implementationandhighaccuracy usingasmallbaselinein
realisticterrain.Finally, [16] appliesvisualmatchingtech-
niquestoglobalconsistency for maps,in atechniquesimilar
to themaximumlikelihoodmethodproposedhere.

In thefollowing sections,we �rst discusslocal mapcre-
ationfrom visual input. Thenwe examinevisualodometry
andregistrationin detail, andshow how consistentglobal
mapsarecreated.Finally, we presentperformanceresults
for severaltestsin Spring2006.

2 Local map construction

The objectof the local mapalgorithmsis to determine,
from thevisual information,which areasarefreespaceand
which areobstaclesfor therobot: the local map. Fromthe
stereodisparityimage,wecomputeanominalgroundplane,
which yields free spacenearthe robot. We also analyze
height differencesfrom the groundto �nd obstacles.Fi-
nally, via thetechniqueof sightlineswecaninfer freespace
to moredistantpoints.

2.1 Stereo analysis and ground plane ex-
traction

We usea faststereoalgorithm[8] to computea dispar-
ity imageat 512x384resolution(Figure 1(b)). In typical
outdoorscenes,it is possibleto achieve very densestereo
results. The high resolutiongivesvery detailed3D infor-
mation for �nding the groundplaneand obstacles.Each
disparityimagepoint [u; v; d] correspondsto a 3D point in
the robot's frame. We computethe 3D pointsusinga 4x4
homography [2] [X ; Y; Z; w]T � H [u; v; d;1]T .

The most important geometricanalysisis �nding the
groundplane. Although it is possibleto detectobstacles
usinglocalvariationin height,usingagroundplanesimpli-
�es processingandyieldsmorestableresults.To extracta
groundplane,we usea RANSAC technique[4]. Any three
noncolinear3Dpointsde�ne aplanehypothesis.Wechoose
randomlyover thesetof points,biasingthechoicestowards
points the are distributed over the �rst 5 metersnear the
robot, and rejectinghypothesesthat are too slanted. Hy-
pothesizedplanesareranked by the numberof pointsthat
arecloseto theplane.

This methodis very robust,returningreasonableground
planeseven in dif�cult situations,with clumpsof grassor
otherdistractors.Figure1(d) shows anexampleof theex-
tractedgroundplane,with a greenoverlay indicating the
inliers. Pointsthat lie too high above thegroundplane,but
lower thantherobot's height,arelabeledasobstacles.This
methodis extremelysimple,but hasprovento work well in
practice,even whenthegroundhasmodestdips andrises;
onereasonis that it only looksout to 6m aroundtherobot.
As the robotapproachesa rise in theground,for example,
thegroundplanewill graduallyassumetheangleof therise.
A moresophisticatedanalysiswouldbreakthegroundplane
into severalsegmentsor modelmorecomplex shapes.

2.2 Sigh t lines

Becauseof the wide angle and short baselineof the
stereodevices,depthinformationbecomesvery uncertain
after 6 to 8m. Although we cannotpreciselylocateobsta-
clespastthis limit, we candetermineif thereis freespace,
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(a) OurRobot (b) DisparityImage (c) GroundPlane (d) Obstacles

Figure 1. (a): Stereosensorson our robot (b): Disparity imagefrom the left view of the robot; closerpixels are lighter (c):
Extractedgroundplane,in greenoverlay. Limit of groundplaneis shown by greenbar;sight line hasa redbar. (d): Groundplane
overlayedonoriginal image,in green.Obstaclesareindicatedin purple

using the following observation. Considerthe interpreted
imageof Figure1(c). Thereis a paththatgoesaroundthe
bushesandextendsout a gooddistance.Thegroundplane
extendsover mostof this area,and thenendsin a distant
line of trees. The treesare too far to placewith any pre-
cision, but we cansay that there is no obstaclealong the
line of sight to thetrees. Givena conservative estimatefor
the distanceof the trees,we canadd freespaceup to this
estimate.

Thecomputationof sightlinesis mostef�ciently accom-
plishedin thedisparityspace.Wedividethedisparityimage
into narrow columns,andfor eachcolumnattemptto �nd
a contiguousgroundplaneup to anobstacle.If theground
planeexists,andtheobstacleis distantenough,we canadd
a sight line hypothesisto the local map. In Figure 1(c),
the limits of the contiguousgroundplanein a columnare
markedby greenbars.Wherethegroundplaneabutsa dis-
tantobject,thereis averticalredline indicatingasightline.
Note in theexamplethat thesight line follows theobvious
pathoutof thebushes.

3 Constructing consistentglobal maps

In this sectionwe provide solutionsto two problems:
representingandfusingtheinformationprovidedby visual
analysis,andregisteringlocalmapsinto aconsistentglobal
mapusingvisualodometry.

3.1 Map represen tation

For indoorwork, a standardmaprepresentationis a 2D
occupancygrid [12], which gives the probability of each
cell in themapbeingoccupiedby anobstacle.Alternatives
for outdoorenvironmentsinclude2.5Delevationmapsand
full 3D voxel maps[7]. Theserepresentationscanbeused
to determineallowablekinematicanddynamicpathsfor an
outdoorrobot in roughterrain.We chooseto keepthesim-
pler2D occupancy grid, foregoingany complex calculation

of the robot's interactionwith the terrain. Instead,we ab-
stractthegeometricalcharacteristicsof terraininto a setof
categories,and fuse information from thesecategoriesto
createacostof movement.

We usea grid of 20cm x 20cm cells to representthe
global map. Eachcell hasa probability of the belonging
to the threecategoriesderived from visual analysis(Sec-
tion 2): obstacle,ground plane freespaceand sight line
freespace.Note that thesecategoriesarenot mutually ex-
clusive, since, for example, a cell underan overhanging
branchcould have both freespaceandobstacleproperties.
We are interestedin converting theseprobabilitiesinto a
cost of traversing the cell. If the probabilitieswere mu-
tually exclusive, we would simply form the cost function:
c =

P
i pi ci , whereci is thecostassociatedwith category

i . With non-exclusive categories,we chosea simplepriori-
tizationscheduleto determinethecost. Obstacleshave the
highestpriority, followedby groundplane,sight lines,and
paths.

3.2 Registration and visual odometry

Our robot is equippedwith a GPSthat is accurateto
within 3 to 10 metersin good situations. GPSinforma-
tion is �ltered by theIMU andwheelencodersto producea
morestablepositionestimate.However, becauseGPSdrifts
and jumps over time, it is impossibleusing thesedevices
to differentiateGPSerrorsfrom othererrorssuchaswheel
slippage,andtheresultis that local mapscannotberecon-
structedaccurately. Considerthesituationof Figure2. Here
therobotgoesthroughtwo loopsof 10mdiameter. Thereis
a long linear feature(a low wall) that is seenasan obsta-
cleat thebeginningandendof theloops.Usingthe�ltered
GPSpose,thepositionof thewall shiftsalmost2m during
therunasis evidentfrom 2(c). Oursolutionto theregistra-
tion problemis to usevisualodometry(VO) to ensurelocal
consistency in mapregistration.Over largerregions,�lter -
ing VO with GPSinformationprovidesthe necessarycor-
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(a) FirstStage (b) SecondStage (c) Third Stage (d) Third StageusingVO

Figure 2. (a),(b)& (c): ThreestagesduringarunusingGPS�ltered pose.Obstaclepointsareshown in white,freespacein black,
andtheyellow line is the robot's path. The linear featureis markedby handin red in all threemaps,in its initial pose.(d): Map
registrationusingVO in thesamesequence.GPS�ltered pathis shown in yellow, VO �ltered pathis in green.

rectionsto keeperrorsfrom growing without bounds.We
describethesetechniquesin thenext two sections.

3.3 Visual Odometry

Our robot presentsa challengingsituation for visual
odometry:wide FOV andshortbaselinemake distanceer-
rors large,anda smalloffset from thegroundplanemakes
it dif�cult to track pointsover longerdistances.We have
developeda robustvisualodometrysolutionthat functions
well undertheseconditions;we describeit in somedetail
here.For a moredetaileddescriptionof thevisualodome-
try systempleasereferto ourdetailedpaper[1].

Our visual odometrysystemusesfeaturetracksto esti-
matethe relative incrementalmotion betweentwo frames
thatareclosein time. Cornerfeaturepointsaredetectedin
theleft imageof eachstereopairandtrackedacrossconsec-
utive frames.Figure3(a) shows the tracked featurepoints
over two consecutive frames.Thesefeaturepointsarethen
triangulatedateachframebasedonstereocorrespondences.
Threeof thesepointsareusedto estimatethe motion us-
ing absoluteorientation. This motion is thenscoredusing
the pixel reprojectionerrorsin both the cameras.We use
the disparityspacehomography [2] to evaluatethe inliers
for the motion. In the end, the hypothesiswith the best
score(maximumnumberof inliers) is usedasthe starting
point for a nonlinearminimizationproblemthatminimizes
thepixel reprojectionerrorsin boththecamerassimultane-
ously, resultingin a relative motion estimatebetweenthe
two frames.

We have foundthat theapproachoutlinedabove is very
ef�cient (> 15Hz) and works remarkablywell, even for
stereorigswith asmallbaseline.Thefactthatwearetrian-
gulatingthefeaturepointsfor eachframe,builds a �re wall
for errorpropagation. However, this alsomeansthat there
will bea drift whenthe rig is stationary. In orderto avoid

thisdrift, weupdatethereferenceframe(theframewith ref-
erenceto which themotionof thenext frameis computed)
only when the robot hasmoved someminimum distance
(taken to be 5 cm in our implementation).Since,we are
re-triangulatingfor every frame,it is importantto calibrate
thestereocameraswell. A standardplanebasedcalibration
stepworks well for all our experiments.The fundamental
reasonthat our approachgives reliable motion estimates,
even in small-baselinesituationsis dueto the fact that we
stick to image-basedquantitiesand useboth the left and
right imagessymmetrically. The absoluteorientationstep
usedto generatethe hypothesisusesthe left andthe right
camerassymmetricallyto generatethe motion hypothesis.
The hypothesisis evaluatedandscoredbasedon reprojec-
tion errorsin both views, resultingin an accurateestimate
of the motion. This estimateis thenre�ned in the nonlin-
earminimizationstepwhichalsousesthetwo camerasuni-
formly.

TheIMU andthewheelencodersarealsousedto �ll in
therelativeposeswhenvisualodometryfails. Thishappens
due to suddenlighting changes,fast turnsof the robot or
lack of goodfeaturesin the scene(e.g. blank wall). Thus
it complementsthevisualposesystem.Therelativemotion
betweenconsecutive framesarechainedtogetherto obtain
theabsoluteposeateachframe.Obviously, this is boundto
resultin accumulationof errorsanddrifting. WeuseGPSto
correcttheposeof thevehiclethrougha very simple�lter
andis describednext.

3.4 Global Consistency

Relative motions between consecutive frames are
chainedtogetherto obtaintheabsoluteposeat eachframe.
Obviously, this is boundto resultin accumulationof errors
anddrifting. We useGPSto correcttheposeof thevehicle
throughasimplelinear�lter . Poseinformationis usedwhen
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the GPSreceiver hasat leasta 3D position �x, andhead-
ing informationis usedonly whenthevehicleis travelling
0.5 m/s or faster, to limit the effect of velocity noisefrom
GPSon the headingestimate. In addition,GPSmeasure-
mentsareusedonly if the robot hastravelled a minimum
distancefrom thelastGPSmeasurement.The�lter nudges
theVO posetowardsglobalconsistency, while maintaining
local consistency. Over largerloops,of course,the3 m de-
viationof theGPSunit meansthatthemapmaynotbecon-
sistent.In this case,othertechniquessuchaswide-baseline
imagematching[10] wouldhave to beemployed.

The quality of the registrationfrom �ltered VO, shown
in Figure2(d), canbecomparedto the�ltered GPSof Fig-
ure 2(c). The low wall, which moved almost2m over the
shortloopswhenusingGPS,is muchmoreconsistentwhen
VO is employed.And in caseswhereGPSis blockedor de-
graded,suchasunderheavy treecover in Figure3(b), VO
still producesmapsthatarelocally consistent.It alsoallows
us to determinewheelslipsandstallswith almostno false
positives– notetheendof therun in Figure3(b),wherethe
robotwashungupandthewheelswereslipping,andwheel
odometryproduceda largeerror.

3.5 Evaluation of Visual Odometry

Wehaveimplementedandtestedourintegratedposesys-
tem on several outdoorterrains. SinceGPSis accurateto
only about3-4 meters,in orderto validateour results,the
robotwasmovedin aclosedlooponatypicaloutdoorenvi-
ronmentover 50–100m, andusedtheerrorin startandend
poses.

Table1 comparesthiserrorfor vehicleodometry(IMU +
wheelodometry),visual odometryandthe GPSintegrated
visual odometryfor four loops. Exceptfor the �rst loop,
visual odometryoutperformsthe vehicle odometry, even
without GPS�ltering, andis comparableto thestdof GPS
(3m). VO substantiallyoutperformedodometryin 3 of the
4 loops,mainlybecauseof turnsandwheelslippageduring
thoseruns. This is especiallyevident in loop 4, wherethe
robotwasslippingin mudfor a substantialamountof time.

4 Results

The combinedvisual processingresultsin local maps
that representtraversabilitywith a high degreeof �delity .
Figure3(b)showstheresultsof anautonomousrunof about
130m, over a spanof 150 seconds. The �rst part of the
run wasalonga mulch pathunderheavy treecover, with
mixed sunlightanddeepshadows. For this run, we used
an of�ine learningof mulch pathson a testsite, thenused
thelearnedmodelson theautonomousrun to recognizethe
mulchcolor. Cellscategorizedaspathareshown in yellow;

RunNumber 1 2 3 4
Distance(meters) 82.4 141.6 55.3 51.0
Method PercentageError
VehicleOdometry 1.3 11.4 11.0 31.0
Raw VisualOdometry 2.2 4.8 5.0 3.9
VisualOdometry& GPS 2.0 0.3 1.7 0.9

Table1. Loopclosureerrorin percentage.

Test12 Test13
BL R BL R

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

Table 2. Run timesfor baseline(BL) and
our robots(R).

black is freespace.Obstaclesare indicatedby purple (for
absolutecertainty),and white-to-grayfor decreasingcer-
tainty. Wedid notusesightlinesfor this run.

Thepathdid not leaddirectly to thegoal,andtherewere
many opportunitiesfor the robot to head cross-country.
About two-thirdsof thewaythroughtherun,nomorepaths
wereavailable,andtherobotwentthroughheavy grassand
brushto the goal. The robot's pose,asestimatedfrom �l-
teredvisualodometryis in green;the�ltered GPSpathis in
yellow. Becauseof the treecover, GPSsufferedfrom high
varianceat times.

A bene�t of usingVO is that wheelslips andstallsare
easilydetected,with no falsepositives.For example,at the
endof therun, therobotwashungup on a treebranch,and
spunits wheelsfor a bit. The �ltered GPS,dependingon
wheelodometry, moved far off the global pose,while the
�ltered VO stayedput.

4.1 Performance

Oneof the uniqueaspectsof the projectis independent
experimentalevaluation.An independenttestinggroupran
monthlyblind demosof theperceptionandcontrolsoftware
developedby eight teamsandcomparedtheir performance
to a baselinesystem. Experimentswere conductedevery
month,with projectperformerssendingin their codeon a
�ash disk to the evaluationteam. The diskswereinserted
into a robot, which thenwas run over a test course. The
last threedemos(11, 12, and13) wereconsideredtestsof
performancefrom the�rst 18monthsof theprogram.

Our teamwas�rst in thelast two tests(Test12 and13),
after being last in Test 11. Most of the problemsin Test
11werecausedby usingthebaselineplannerandcontroller
(we wroteour own plannerandcontrollerfor Tests12 and
13). Table2 shows thetimesfor therunsin thesetests.We
achieved the short run timesin Tests12 and13 througha
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(a) TrackedFeatures (b) AutonomousRun

Figure 3. (a): Exampleof visualodometryshowing themotionof successfullytracked features(b): Reconstructionon a 130m
autonomousrun. Yellow is recognizedpath(learntof�ine), blackis freespace,andpurple,grayandwhite areobstacles.Thegreen
line shows therobot's trajectoryusingVO andtheyellow line shows thetrajectoryusingIMU andGPS.

combinationof precisemapbuilding andhigh-speedpath
planning. Our averagespeedwasover 1.1 m/s, while the
robottopspeedwaslimited to 1.3m/s.Mapbuilding relied
on VO to provide goodlocalization,ground-planeanalysis
to help detectobstacles,andsight lines to identify distant
regionsthatarelikely to benavigable.

5 Conclusion

We have demonstrateda completesystemfor off-road
navigation in unstructuredenvironments,using stereovi-
sion as the main sensor. The systemis very robust - we
cantypically give it a goalpositionseveralhundredmeters
away, andexpectit to get there.But therearehazardsthat
arenot dealtwith by the methodsdiscussedin this paper:
waterandditchesaretwo robot-killers. Finally, we would
like to use visual landmarksto augmentGPS for global
consistency, becauseit would give �ner adjustmentin the
robot's position,which is critical for following routesthat
have alreadybeenfound.
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