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Abstract

We considerthe problem of autonomousiavigationin
unstructued outdoor terrains using vision sensos. The
goal is for a robot to comeinto a new ervironment,map
it andmoveto a givengoal at modesspeedg1 m/sec).The
biggestchallengesare in building good mapsand keeping
therobotwell localizedasit advancedsowardsthegoal. In
this paper we concentate on showinghow it is possible
to build a consistentglobally correctmapin real time, us-
ing efcient precisestereo algorithmsfor mapmakingand
visual odometryfor localization. While we havemadead-
vancesin both localization and mappingusing steleo vi-
sion, it is theintegration of thetechniqueghatis thebiggest
contribution of the reseach. Thevalidity of our appmoach
is testedin blind experimentswhele we submitour codeto
an independentestinggroup that runs and validatesit on
anoutdoorrobot.

1 Intr oduction

Recentadvancesin computinghardware coupledwith
the availability of differenttypesof sensorshave brought
the dreamof autonomousobotscloserto reality nowv. Not
surprisingly goodmapmakingandlocalizationarecritical
to theautonomousperatiorandnavigationof theserobots.
In this paper we concentraten shaving how it is possible
to build a consistentglobally correctmapfor outdoorun-
structuredervironmentsin real time using stereovision as
theprimarysensar

Thegoalis for asmalloutdoorrobotto comeinto a new
area,learnaboutand mapits ervironment,andmove to a
givengoalatmodestspeedg1 m/sec).This problemis es-
pecially dif cult in outdoor off-road ervironments,where
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tall grass,shadwvs, dead&ll, and other obstaclegoredom-
inate. Although work in outdoornavigation haspreferen-
tially usedlaserrange nders[11, 3, 5], we usestereovi-

sion asthe main sensor Stereovision is a goodchoicefor

severalreasonsit is low power, low cost,andcanregister
denserangeinformationfrom closeobjects. More impor-

tantly, vision sensorsallow usto usemore distantobjects
aslandmarkdor navigation,andto learnandusecolor and
texturemodelsof theervironment,in looking furtherahead
thanis possiblewith rangesensorslone. Our robot uses
a combinationof the following vision-basedechniquego

male globally consistentmapsin realtime.

Ef cient, precisestereoalgorithms. Over the past8
yearswehavere ned asetof sterealgorithmsto take
adwantageof parallel-datainstructionson PC hard-
ware. We canperformsterecanalysison 512x384im-
agesin lessthan40 ms,enablinga fastersystemcycle
time for real-timeobstacledetectionandavoidance.

Visual odometry (VO) for ne registration of robot
motionandcorrespondingbstaclemaps.We have de-

velopedtechniqueghat run at 15 Hz on standardPC

hardware,andthat provide 4% error over runsof 100

m. Our methodcan be integratedwith information
from inertial (IMU) and GPSdevices, for robustness
in dif cult lighting or motion situations,andfor over-

all global consisteng. Visual odometryis compared
to the combinationof GPSandIMU, andshavn to be

superiofin producinguseableobstaclemaps.

A fastRANSAC methodfor nding thegroundplane.
Thegroundplaneprovidesasolid basefor obstaclale-
tectionalgorithmsin challengingoutdoorterrain,and
produceshigh-quality obstaclemapsfor a planning
system.

Sight-lineanalysisfor longerrangeinference. Stereo
informationon our robotis unreliablepast8m, but it



is possibleto infer free spaceby nding “sight lines;
directionsin whichit is likely thereis freespace.

While we have madeadvancesn mary of theareasabove,
it is theintegrationof thetechniqueshatis the biggestcon-
tribution of the research.The validity of our approachs
testedin blind experimentswherewe submitour codeto
an independentestinggroupthat runs and validatesit on
anoutdoorrobot. In themostrecenttests we have nished
rst outof agroupof eightteams,jn somecasedy alarge
mauigin.

1.1 System overview

Figurel(a)shavsourrobotequippedvith two stereade-
vices, eachstereodevice encompassing 120 degree eld
of view, with a baselineof 12 cm. In the currentsetup,
therobotis nearsighted: depthinformationfor eachstero
device degradesrapidly after 6m. Thereis alsoaninertial
unit (IMU) with angulardrift of severaldegreesperminute,
andaGarminGPS.Thereare4 Pentium-M2 GHz comput-
ers,onefor eachstereodevice, onefor planningandmap-
making,andonefor control of the robotandintegrationof
GPSandIMU readingsln our setup,eachstereacomputer
performslocal mapmakingandvisualodometryandsends
registeredlocal mapsto the planner wherethey areinte-
gratedinto a global map. The planneris responsiblefor
globalplanningandreactie control, sendingcommandgo
thecontroller

1.2 Related work

Therehasbeenanexplosionof work in mappingandlo-
calization(SLAM), mostof it concentratingon indoor en-
vironmentg6, 9]. Thesensorof choicefor indoorerviron-
mentsis a laserrange nder augmentedvith monocularor
stereovision. In muchof this work, high-accurag GPSis
usedto registersensoiscansgxceptionsare[5, 11]. In con-
trast,weforegolaserrange ndersandexplicitly useimage-
basedegistrationto build accuratenaps.Otherapproaches
to mappingwith vision are[15, 16], althoughthey arenot
orientedtowards realtime implementations. Obstaclede-
tectionusing sterechasalsoreceved someattention[15].
Therehave beena numberof recentapproacheso visual
odometry[13, 14]. Our systemis distinguishedy realtime
implementatiorandhigh accurag usingasmallbaselingn
realisticterrain. Finally, [16] appliesvisual matchingtech-
niguesto globalconsisteng for maps,n atechniquesimilar
to themaximumlik elihoodmethodproposecdere.

In thefollowing sectionswe rst discusdocal mapcre-
ationfrom visualinput. Thenwe examinevisualodometry
andregistrationin detail, and shov how consistenglobal
mapsare created. Finally, we presentperformanceesults
for severaltestsin Spring2006.

2 Local map construction

The objectof the local mapalgorithmsis to determine,
from the visualinformation,which areasarefreespacend
which are obstaclegor therobot: thelocal map Fromthe
stereddisparityimage we computeanominalgroundplane,
which yields free spacenearthe robot. We also analyze
height differencesfrom the groundto nd obstacles. Fi-
nally, via thetechniqueof sightlineswe caninfer 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
outdoorscenesit is possibleto achiese very densestereo
results. The high resolutiongives very detailed3D infor-
mationfor nding the groundplaneand obstacles. Each
disparityimagepoint [u; v; d] correspondso a 3D pointin
the robot's frame. We computethe 3D pointsusinga 4x4
homograpk [2] [X;Y;Z;w]"  H[u;v;d;1]".

The most important geometricanalysisis nding the
groundplane. Although it is possibleto detectobstacles
usinglocalvariationin height,usinga groundplanesimpli-
es processingndyields morestableresults. To extracta
groundplane ,we usea RANSAC techniqud4]. Any three
noncolineaBD pointsde ne aplanehypothesisWe choose
randomlyover the setof points,biasingthe choicesowards
points the are distributed over the rst 5 metersnearthe
robot, and rejecting hypotheseghat are too slanted. Hy-
pothesizedplanesareranked by the numberof pointsthat
arecloseto theplane.

This methodis very robust, returningreasonablground
planesevenin dif cult situations,with clumpsof grassor
otherdistractors.Figure 1(d) shavs an exampleof the ex-
tractedground plane,with a greenoverlay indicating the
inliers. Pointsthatlie too high above the groundplane,but
lower thantherobot's height,arelabeledasobstaclesThis
methodis extremelysimple,but hasprovento work well in
practice,even whenthe groundhasmodestdips andrises;
onereasons thatit only looksoutto 6m aroundtherobot.
As therobotapproaches risein the ground,for example,
thegroundplanewill graduallyassumeheangleof therise.
A moresophisticate@nalysisvould breakthegroundplane
into several segmentsor modelmorecomplex shapes.

2.2 Sight lines

Becauseof the wide angle and short baselineof the
stereodevices, depthinformation becomesvery uncertain
after 6 to 8m. Although we cannotpreciselylocateobsta-
clespastthis limit, we candetermineif thereis freespace,



(a) Our Robot (b) Disparitylmage

(c) GroundPlane

(d) Obstacles

Figure 1. (a): Stereosensorson our robot (b): Disparityimagefrom the left view of the robot; closerpixels are lighter (c):
Extractedgroundplane,in greenoverlay Limit of groundplaneis shavn by greenbar; sightline hasaredbar (d): Groundplane
overlayedon originalimage,in green.Obstaclesreindicatedin purple

using the following obseration. Considerthe interpreted
imageof Figure1(c). Thereis a paththatgoesaroundthe
bushesandextendsout a gooddistance.The groundplane
extendsover mostof this area,andthenendsin a distant
line of trees. The treesaretoo far to placewith ary pre-
cision, but we cansaythatthere is no obstaclealong the
line of sightto thetrees Givena conserative estimatefor

the distanceof the trees,we canadd freespaceup to this

estimate.

Thecomputatiorof sightlinesis mostef ciently accom-
plishedin thedisparityspace We divide thedisparityimage
into narrav columns,andfor eachcolumnattemptto nd
a contiguousgroundplaneup to anobstacle.If the ground
planeexists,andthe obstacles distantenoughwe canadd
a sight line hypothesisto the local map. In Figure 1(c),
the limits of the contiguousgroundplanein a columnare
markedby greenbars.Wherethe groundplanealuts a dis-
tantobject,thereis averticalredline indicatinga sightline.
Notein the examplethatthe sightline follows the obvious
pathout of thebushes.

3 Constructing consistentglobal maps

In this sectionwe provide solutionsto two problems:
representin@ndfusingthe informationprovided by visual
analysisandregisteringlocal mapsinto a consistenglobal
mapusingvisualodometry

3.1 Map represen tation

For indoorwork, a standardnaprepresentatioiis a 2D
occupancygrid [12], which gives the probability of each
cellin themapbeingoccupiedoy anobstacle Alternatives
for outdoorervironmentsinclude2.5D elevationmapsand
full 3D voxel maps[7]. Theserepresentationsanbe used
to determineallowablekinematicanddynamicpathsfor an
outdoorrobotin roughterrain. We chooseto keepthe sim-
pler 2D occupang grid, foregoingany comple calculation

of the robot's interactionwith the terrain. Instead,we ab-
stractthe geometricatharacteristicef terraininto a setof
catgories, and fuse information from thesecateyoriesto
createa costof movement.

We usea grid of 20cm x 20cm cells to representhe
global map. Eachcell hasa probability of the belonging
to the three catgyoriesderived from visual analysis(Sec-
tion 2): obstacle,ground plane freespaceand sight line
freespace.Note that thesecatayoriesare not mutually ex-
clusive, since, for example, a cell underan overhanging
branchcould have both freespaceand obstacleproperties.
We are interestedin corverting theseprobabilitiesinto a
costof traversingthe cell. If the probabilitieswere mu-
tuall)sexclusive, we would simply form the costfunction:
C= piC,whereg isthecostassociateavith category
i. With non-exclusive catgories,we chosea simplepriori-
tizationscheduldo determinethe cost. Obstacle$ave the
highestpriority, followed by groundplane,sightlines,and
paths.

3.2 Registration and visual odometry

Our robot is equippedwith a GPSthat is accurateto
within 3 to 10 metersin good situations. GPSinforma-
tionis ltered by theIMU andwheelencoderso producea
morestablepositionestimate However, becaus&P Sdrifts
and jumps over time, it is impossibleusing thesedevices
to differentiateGPSerrorsfrom othererrorssuchaswheel
slippage andtheresultis thatlocal mapscannotberecon-
structedaccuratelyConsidetthesituationof Figure2. Here
therobotgoesthroughtwo loopsof 10mdiameter Thereis
along linear feature(a low wall) thatis seenasan obsta-
cle atthe beginningandendof theloops. Usingthe Itered
GPSpose the positionof thewall shiftsalmost2m during
therun asis evidentfrom 2(c). Our solutionto theregistra-
tion problemis to usevisualodometry(VO) to ensurdocal
consisteng in mapregistration. Over largerregions, lter -
ing VO with GPSinformation providesthe necessargor



(a) First Stage

(b) SecondStage

(c) Third Stage (d) Third StageusingvVO

Figure 2. (a),(b)& (c): Threestagesiuringarun usingGPS ltered pose.Obstaclepointsareshavn in white, freespacén black,
andtheyellow line is therobot's path. The linearfeatureis marked by handin redin all threemaps,in its initial pose.(d): Map
registrationusingVO in the samesequenceGPS Itered pathis shavn in yellow, VO ltered pathisin green.

rectionsto keeperrorsfrom growing without bounds. We
describehesetechniquesdn the next two sections.

3.3 Visual Odometry

Our robot presentsa challengingsituation for visual
odometry:wide FOV andshortbaselinemake distanceer
rorslarge,anda small offsetfrom the groundplanemakes
it dif cult to track points over longerdistances.We have
developeda robustvisual odometrysolutionthat functions
well undertheseconditions;we describeit in somedetail
here. For a moredetaileddescriptionof the visual odome-
try systenpleasereferto our detailedpaper{1].

Our visual odometrysystemusesfeaturetracksto esti-
matethe relative incrementalmotion betweentwo frames
thatareclosein time. Cornerfeaturepointsaredetectedn
theleft imageof eachstereqairandtrackedacrossonsec-
utive frames. Figure 3(a) shaws the tracked featurepoints
over two consecutie frames.Thesefeaturepointsarethen
triangulatecateachframebasedn stereccorrespondences.
Threeof thesepoints are usedto estimatethe motion us-
ing absoluteorientation. This motionis thenscoredusing
the pixel reprojectionerrorsin both the cameras.We use
the disparity spacehomograpii [2] to evaluatethe inliers
for the motion. In the end, the hypothesiswith the best
score(maximumnumberof inliers) is usedasthe starting
pointfor a nonlinearminimizationproblemthatminimizes
the pixel reprojectiorerrorsin boththe camerasimultane-
ously, resultingin a relatve motion estimatebetweenthe
two frames.

We have foundthatthe approactoutlinedabove is very
efcient (> 15Hz) and works remarkablywell, even for
sterearigs with a smallbaseline Thefactthatwe aretrian-
gulatingthe featurepointsfor eachframe,builds a re wall
for error propagtion. However, this alsomeanghatthere
will be a drift whentherig is stationary In orderto avoid

thisdrift, we updatethereferencdrame(theframewith ref-

erenceto which the motion of the next frameis computed)
only when the robot has moved someminimum distance
(takento be 5 cm in our implementation). Since,we are
re-triangulatingor every frame, it is importantto calibrate
the stereccamerasvell. A standarglanebasedcalibration
stepworks well for all our experiments. The fundamental
reasonthat our approachgives reliable motion estimates,
evenin small-baselinesituationsis dueto the factthatwe

stick to image-basedjuantitiesand use both the left and

right imagessymmetrically The absoluteorientationstep
usedto generatehe hypothesisusesthe left andthe right

camerassymmetricallyto generatehe motion hypothesis.
The hypothesisis evaluatedand scoredbasedon reprojec-
tion errorsin both views, resultingin an accurateestimate
of the motion. This estimateis thenre ned in the nonlin-

earminimizationstepwhich alsousesthetwo camerasini-

formly.

ThelMU andthe wheelencodersarealsousedto Il in
therelative posesvhenvisualodometryfails. Thishappens
dueto suddenlighting changesfastturns of the robot or
lack of goodfeaturesin the scene(e.g. blankwall). Thus
it complementshevisualposesystem.Therelative motion
betweenconsecutie framesare chainedtogetherto obtain
theabsoluteposeat eachframe. Obviously, thisis boundto
resultin accumulatiorof errorsanddrifting. We useGPSto
correctthe poseof the vehiclethrougha very simple Iter
andis describechext.

3.4 Global Consistency

Relatve motions between consecutie frames are
chainedtogetherto obtainthe absoluteposeat eachframe.
Obviously, thisis boundto resultin accumulatiorof errors
anddrifting. We useGPSto correctthe poseof the vehicle
throughasimplelinear Iter . Posanformationis usedwvhen



the GPSrecever hasat leasta 3D position x, andhead-
ing informationis usedonly whenthe vehicleis travelling
0.5m/s or faster to limit the effect of velocity noisefrom
GPSon the headingestimate. In addition, GPSmeasure-
mentsare usedonly if the robot hastravelled a minimum
distancerom thelastGPSmeasuremeniThe Iter nudges
the VO posetowardsglobal consisteng, while maintaining
local consisteng. Over largerloops,of coursethe3 m de-
viation of the GPSunit meanghatthe mapmaynotbecon-
sistent.In this case pthertechniquesuchaswide-baseline
imagematching[10] would have to beemployed.

The quality of the registrationfrom ltered VO, shavn
in Figure2(d), canbe comparedo the Itered GPSof Fig-
ure 2(c). The low wall, which moved almost2m over the
shortloopswhenusingGPS,is muchmoreconsistentvhen
VO is employed. And in caseswwhereGPSis blockedor de-
graded,suchasunderheary treecover in Figure3(b), VO
still producesnapsthatarelocally consistentlt alsoallows
usto determinewheelslips andstallswith almostno false
positives— notetheendof therunin Figure3(b), wherethe
robotwashungup andthewheelswereslipping,andwheel
odometryproduceda largeerror

3.5 Evaluation of Visual Odometry

We haveimplementedndtestedourintegratedposesys-
tem on several outdoorterrains. Since GPSis accurateto
only about3-4 meters,in orderto validateour results,the
robotwasmavedin aclosedoop onatypical outdoorenvi-
ronmentover 50-100m, andusedthe errorin startandend
poses.

Tablel compareshiserrorfor vehicleodometry(IMU +
wheelodometry),visual odometryandthe GPSintegrated
visual odometryfor four loops. Exceptfor the rst loop,
visual odometry outperformsthe vehicle odometry even
without GPS Itering, andis comparabldo the std of GPS
(3m). VO substantiallyoutperformeddometryin 3 of the
4 loops,mainly becausef turnsandwheelslippageduring
thoseruns. This is especiallyevidentin loop 4, wherethe
robotwasslippingin mudfor a substantiahmountof time.

4 Results

The combinedvisual processingresultsin local maps
that representraversability with a high degreeof delity .
Figure3(b) shavstheresultsof anautonomousun of about
130m, over a spanof 150 seconds. The rst part of the
run was along a mulch pathunderheavy tree cover, with
mixed sunlightand deepshadavs. For this run, we used
anofine learningof mulch pathson atestsite, thenused
thelearnedmodelson the autonomousun to recognizethe
mulchcolor. Cellscateyorizedaspathareshown in yellow;

RunNumber 1 2 3 4

Distance(meters) 82.4| 141.6| 55.3| 51.0
Method Percentag&rror
VehicleOdometry 1.3 | 114 | 11.0| 31.0

Raw VisualOdometry 22| 48 50 | 3.9
VisualOdometry& GPS| 2.0 | 0.3 1.7 | 09

Table 1. Loop closureerrorin percentage.

Test12 Test13

BL R BL R
Runl | 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. Runtimesfor baseling(BL) and
ourrobots(R).

black is freespace.Obstaclesareindicatedby purple (for
absolutecertainty), and white-to-grayfor decreasinger
tainty. We did not usesightlinesfor this run.

The pathdid notleaddirectly to thegoal,andtherewere
mary opportunitiesfor the robot to head cross-country
Abouttwo-thirdsof theway throughtherun, no morepaths
wereavailable,andtherobotwentthroughheary grassand
brushto the goal. Therobot's pose,asestimatedrom |-
teredvisualodometryis in greenthe Itered GPSpathisin
yellow. Becausef the treecover, GPSsufferedfrom high
varianceattimes.

A bene t of usingVO is thatwheelslips andstallsare
easilydetectedwith nofalsepositives. For example,atthe
endof therun, therobotwashungup onatreebranch,and
spunits wheelsfor a bit. The Itered GPS,dependingon
wheelodometry moved far off the global pose,while the
Itered VO stayedput.

41 Performance

Oneof the uniqueaspectof the projectis independent
experimentalevaluation. An independentestinggroupran
monthlyblind demosof the perceptiorandcontrolsoftware
developedby eightteamsandcomparedheir performance
to a baselinesystem. Experimentswere conductedevery
month, with projectperformerssendingin their codeon a
ash disk to the evaluationteam. The diskswereinserted
into a robot, which thenwasrun over a testcourse. The
lastthreedemos(11, 12, and 13) were consideredestsof
performancdrom the rst 18 monthsof theprogram.

Ourteamwas rst in thelasttwo tests(Test12 and13),
after beinglastin Test11l. Most of the problemsin Test
11werecausedy usingthebaselingplannerandcontroller
(we wrote our own plannerandcontrollerfor Tests12 and
13). Table2 shavs thetimesfor therunsin thesetests.We
achieved the shortrun timesin Tests12 and 13 througha



(a) Tracked Features

(b) AutonomousRkun

Figure 3. (a): Exampleof visual odometryshaving the motion of successfullitracked features(b): Reconstructioron a 130m
autonomousun. Yellow is recognizedpath(learntof ine), blackis freespaceandpurple,gray andwhite areobstaclesThegreen
line shavs therobot's trajectoryusingVVO andtheyellow line shavs thetrajectoryusingiIMU andGPS.

combinationof precisemap building and high-speedath
planning. Our averagespeedwasover 1.1 m/s, while the
robottop speedwvaslimited to 1.3m/s. Map building relied
on VO to provide goodlocalization,ground-planeanalysis
to help detectobstaclesand sight lines to identify distant
regionsthatarelik ely to be navigable.

5 Conclusion

We have demonstratec completesystemfor off-road
navigation in unstructuredervironments,using stereovi-
sion asthe main sensor The systemis very robust - we
cantypically give it a goal positionseveralhundredmeters
away, andexpectit to getthere. But therearehazardghat
are not dealtwith by the methodsdiscussedn this paper:
waterandditchesaretwo robot-killers. Finally, we would
like to usevisual landmarksto augmentGPS for global
consisteng, becauset would give ner adjustmenin the
robot's position, which is critical for following routesthat
have alreadybeenfound.
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