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1 Intr oduction

We considetthe problemof autonomougavigationin anunstructureadutdoorervi-
ronment.Thegoalis for a smalloutdoorrobotto comeinto a new area,Jearnabout
andmapits ervironment,andmove to a given goal at modestspeedg1 m/s). This
problemis especiallydif cult in outdoor off-road ervironments,wheretall grass,
shadavs, deadéll, and other obstaclegpredominateNot 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 asthe mainsensarVision sensorallow usto usemoredistantobjects
aslandmarksfor navigation, andto learnand usecolor andtexture modelsof the
ernvironment,in looking furtheraheadhanis possiblewith rangesensorslone.

In this paperwe shav how to build a consistentglobally correctmapin real
time, usinga combinationof thefollowing vision-basedechniques:

2 Efcient, precisesterecalgorithms We canperformsterecanalysison 512x384
imagedn lessthan40ms,enablingafastsystencycletimefor real-timeobstacle
detectiomandavoidance.

2 Visualodometryfor ne registrationof robotmotionandcorrespondingbstacle
mapsWe have developedtechniqueshatrunat 15Hz on standardPChardware,
and that provide 4% error over runs of 100 m. Our methodcan be integrated
with informationfrom inertial (IMU) andGPSdevicesfor robustnessn dif cult
lighting or motionsituationsandfor overall globalconsisteng.

2 A fast RANSAC [3] methodfor nding the groundplane.The groundplane
providesa basisfor obstacledetectionalgorithmsin challengingoutdoorterrain,
andproducesigh-qualityobstaclemapsfor planning.

2 Learningcolor modelsfor nding pathsandextendedgroundplanesWe learn
modelsof thegroundplaneandpath-like areason andoff-line, usinga combina-
tion of geometricahnalysisandstandardearningtechniques.

2 Sight-lineanalysisfor longerrangeinference Stereanformationon our robotis
unreliablepast8m, but it is possibleto infer free spaceby nding “sight lines”
to distantobjects.
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Good map-huilding is not sufcient for ef cient robot motion. We have devel-
opedanefcient globalplannerbasedon previous gradienttechnique$10], aswell
asa novel local controllerthat takesinto accountrobot dynamics,and searches
large spaceof robotmotions.

While we have madeadwancesin mary of the areasabove, it is the integration
of thetechniqueghatis the biggestcontritution of the researchThe validity of our
approachs testedn blind experimentswherewe submitour codeto anindependent
testinggroupthatrunsandvalidatesit on anoutdoorrobot.In the mostrecenttests,
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 were provided with two robots (seeFigure 1, each
with two stereodevicesencompassing 110 degree eld of view, with a baseline
of 12 cm. Therobotsarenearsighted:depthinformationdegradesrapidly after6m.
Thereis alsoaninertial unit (IMU) with angulardrift of severaldegreesperminute,
anda WAAS-enabledGPS.Thereare4 Pentium-M2 GHz computerspnefor each
stereodevice, one for planningand map-makingand one for control of the robot
andintegrationof GPSandIMU readingsln our setup,eachstereocomputermper
formslocal mapmakingandvisualodometry andsendsegisteredocal mapsto the
planner wherethey areintegratedinto a global map.The planneris responsibldor
globalplanningandreactize control,sendingcommanddo the controller

In thefollowing sectionswe rst discusdocal mapcreationfrom visualinput,
with a separatesectionon learningcolor modelsfor pathsandtraversableregions.
Thenwe examinevisualodometryandregistrationin detail,andshov how consistent
global mapsare created.The next sectiondiscusseghe global plannerand local
controller Finally, we presenperformanceesultsfor severaltestsin Spring2006.

Fig. 1. Left: LAGRrobotwith two steeo sensos. Right: Typical outdoorsceneasa montae
fromtheleft camens of thetwo stereodevices.

1.2 Relatedwork

Therehasbeenan explosion of work in mappingand localization(SLAM), most
of it concentratingon indoor ervironments[7, 11]. Much of the recentresearcton
outdoornavigationhasbeendrivenby DARPA projectson mobilevehicles[2]. The



OutdoorMappingandNavigation 3

sensorof choiceis a laserrange nder augmentedvith monocularor stereovision.
In muchof thiswork, high-accurag GPSis usedto registersensoiscansgxceptions
are[6, 13]. In contrastwe forego laserrange ndersandexplicitly useimage-based
registrationto build accuratemaps.Other approacheso mappingwith vision are
[18, 19|, althoughthey arenot orientedtowardsrealtimeimplementationsObstacle
detectiorusingsteredhasalsorecevedsomeattention18]. Therehave beenanum-
berof recentapproacheto visualodometry[15, 16]. Our systemis distinguishedy
realtimeimplementatiorandhighaccurag usingasmallbaselindn realisticterrain.
We discussotherexamplesof relatedwork in thetext.

2 Local map construction

Theobjectof thelocal mapalgorithmsis to determinefrom the visualinformation,
which areasarefreespacandwhich areobstaclegor therobot:thelocal map Note
thatthis is not simply a matterof geometricanalysis- for example,alog andarow
of grassmay have similar geometricshapesbut the robot cantraversethe grassbut
notthelog.

Figure2 is an outline of visual processingfrom imageto local map.Thereare
four basictrajectories.From the stereodisparity we computea nominal ground
plane,which yields free spacenearthe robot. We also analyzeheight differences
from the groundto nd obstaclesVia the techniqueof sight lines we can infer
freespaceo moredistantpoints.Finally, from color andpathanalysis coupledwith
thegroundplane,we determinepathsandtraversabilityof theterrain.

image 3D local map
color _» path _ > traversibilit
analysis analysis : Y
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S g\ he| ht
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Fig. 2. Visual processingliagram. Thepathsfromvisualinputto depictthe processingow in
constuctinghelocal map.

2.1 Stereoanalysisand ground plane extraction

We useafaststereaalgorithm[9]to computeadisparityimageat512x384resolution
(Figure3, left). In typical outdoorscenesit is possibleto achieve very densestereo
results,Thehighresolutiongivesverydetailed3D informationfor nding theground
planeandobstaclesEachdisparityimagepoint [u; v; d] correspondso a 3D point
in therobot's frame.

Themostimportantgeometrianalysiss nding thegroundplane.Althoughit is
possibleto detectobstaclesisinglocal variationin height[ref], usingagroundplane
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simpli es processingandyields more stableresults.To extracta groundplane,we
usea RANSAC techniqud3], choosingsetsof 3 noncollineampoints.Hypothesized
planesarerankedby the numberof pointsthatarecloseto the plane.Figure3 shavs
anexample with agreenoverlayindicatingtheinliers. Pointsthatlie too high above
the groundplane,but lower thanthe robot's height, are labeledas obstaclesThis
methodis extremelysimple,but hasprovento work well in practice evenwhenthe
groundhasmodestdips andrises;onereasornis thatit only looks outto 6m around
therobot. A moresophisticatecdnalysiswould breakthe groundplaneinto several
segmentsor modelmorecomplex shapes.

Fig. 3. Left: disparity image from the left view of the robot in Figure 1. Closer pixels are
lighter. Middle: extractedgroundplang in greenoverlay. Limit of groundplaneis shownby
greenbar; sightline hasaredbar. Right: Groundplaneoverlayedon original image, in green.
Obstaclesre indicatedin purple

2.2 Sightlines

Althoughwe cannotpreciselylocateobstaclepast6-8m,we candetermingf thereis

freespaceysingthefollowing obsenration. Considertheinterpretedmageof Figure
3, middle.Thereis apaththegoesaroundthebushesandextendsoutagooddistance.
The groundplaneextendsover mostof this area,andthenendsin a distantline of

trees.Thetreesaretoo far to placewith ary precision,but we cansaythatthere is

no obstaclealongtheline of sightto thetrees Givena conserative estimatefor the

distanceof the trees,we canaddfreespacaip to this estimate The computationof

sightlinesis mostef ciently accomplishedh disparityspaceby nding columnsof

groundplanepixelsthatleadup to a distantobstacle(redline in Figure3 middle).

Notethatthe examplesightline follows the obvious pathout of the bushes.

2.3 Learning color models

We can extend the local map to regions which are beyond the stereorange.Our
mainlearningalgorithmis AdaBoost[5]. Theinputto AdaBoostis a setof labelled
training data;AdaBoostcalls usesa weaklearningmethodasaniterationstep,and
focusesonincorrectlyclassi ed examples.In our case the weaklearneris takenas
adecisionstump(decisiontreeswith two leaves)[21].

In of ine learning,we focuson learningpaths which arecharacterizetby color
and geometricalproperties Training samplescomefrom teleoperationassistedy
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an automaticanalysisof the route and prospectre paths.We sampleimagesat ap-

proximatelyonemeterintenals;sinceourrobotis well-localizedby visualodometry

we canprojectthe route of the robot on eachof the sampledmagesand calculate
thedistanceof eachpixel from theroutecenterline Figure4(b) shavs the projected
routeof therobotin red. The greenregion correspond$o pixelswhich are2 meters
or closerto therobot's trajectory This route correspondso the robot's traversalon

the mulch path shavn in Figure 4(a). For eachimage,we form a gaussianmodel
of the normalizedcolor in several regionscloseto the robot, andusethis modelto

classifyall pixelsin theimage.If theclassi edregion conformsto a path-like shape,
we useit asinputto thelearningalgorithm.Figure4(c) shavs the geometricapath
in yellow.

(a) Originalimage (b) Robotsroute (c) Geometricapath

Fig. 4. lllustration of of ine learning

Oncethepixelsbelongingto the patharemarkedin eachimage we usetwo-class
AdaBoostto learnthe color modelsfor pathandnon-pathpixels. From the model,
we constructan RGB lookup tablefor fastclassi cation, using AdaBooston each
colortripletin thetable.During onlineruns,classi cationof a pixel is asimpletable
lookup.

We canalsousethis algorithmfor onlinelearningof moregeneraterrain.We use
the currentimageand the correspondingyroundplane/obstaclemarked by stereo
within closerangeto classifythe pixelsbeyondsterearangein thesamemage.This
is a standardwo classclassi cation problem- the two classedeinggroundplane
andobstaclesWe usethe AdaBoostalgorithm(describedefore)to learnthesetwo
classesandthenclassifythe pixelsbeyondthe sterearange.

2.4 Results

The combinedvisual processingesultsin local mapsthat representraversability
with a high degreeof delity . Figure5 shaws the resultsof an autonomousun of
about130m,over a spanof 150secondsWe usedof ine learningof mulchpathson
atestsite, thenusedthe learnedmodelson theautonomousun. The rst partof the
run wasalonga mulch pathunderheavy tree cover, with mixed sunlightanddeep
shadavs. Cellscatgyorizedaspathareshavn in yellow; blackis freespaceObstacles
are indicatedby purple (for absolutecertainty),and white-to-grayfor decreasing
certainty We did not usesightlinesfor thisrun.
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The pathdid not lead directly to the goal, and therewere mary opportunities
for the robot to headcross-countryAbout two-thirds of the way throughthe run,
no more pathswereavailable,andthe robotwentthroughheary grassandbrushto
thegoal. Therobot's pose,asestimatedrom ltered visual odometry(seethe next
section),is in green;the Itered GPSpathis in yellow. Becauseof the tree cover,
GPSsufferedfrom high varianceattimes.

A bene t of usingVO is thatwheelslips andstallsare easilydetectedwith no
falsepositives. For example,at the end of the run, the robot was caughton a tree
branch,spinningits wheels.The ltered GPS,usingwheelodometry moved far off
theglobal posewhile the Itered VO stayedput.

Fig. 5. Reconstructionon a 130m autonomousrun. Yellow is recanized path, black is
freespacgandpurple gray andwhite are obstacles.

3 Constructing consistentglobal maps

In this sectionwe provide solutionsto two problems:representingand fusing the
informationprovided by visualanalysisandregisteringlocal mapsinto a consistent
globalmap.

3.1 Map representation

For indoorwork, a standardnaprepresentatiors a 2D occupancygrid [14], which
givesthe probability of eachcell in the mapbeingoccupiedby an obstacle Alter-
natives for outdoorervironmentsinclude 2.5D elevation mapsand full 3D voxel
maps[8]. Theserepresentationsanbe usedto determineallowable kinematicand
dynamicpathsfor anoutdoorrobotin roughterrain.We chooseo keepthe simpler
2D occupang grid, foregoingany complex calculationof therobot'sinteractiorwith
theterrain.Insteadwe abstracthegeometricatharacteristicsf terraininto a setof
catgyories,andfuseinformationfrom thesecateyoriesto createa costof movement.
We usea grid of 20cmx 20cmcellsto representhe globalmap.Eachcell hasa
probability of the belongingto the four categoriesderived from visualanalysis(Se-
cion 2): obstacle groundplanefreespacesight line freespaceand pathfreespace.
Note thatthesecatgoriesare not mutually exclusive, since,for example,a cell un-
der an overhangingbranchcould have both path and obstacleproperties.We are
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interestedn converting theseprobabilitiesinto a costof traversingthe cell. If the
probabilitieswere mutually exclusive, we would simply form the costfunction as
a weightedsum. With non-eclusive categories,we chosea simple prioritization
scheduleto determinethe cost. Obstacleshave the highestpriority, followed by
groundplane,sightlines,andpaths.Eachcateyory hasits own thresholdfor signi -
cancefor example,if theprobabilityof anobstaclas low enoughijt will beignored
in favor of oneof the othercateyories. The combinationof prioritiesandthresholds
yields a very e xible methodfor determiningcosts.Figure5 shavs a color-coded
versionof computectosts.

3.2 Registration and visual odometry

TheLAGRrobotis equippedvith a GPSthatis accurateo within 3 to 10 metersin
goodsituations GPSinformationis ltered by theIMU andwheelencodergo pro-
ducea morestablepositionestimate However, because&sP Sdrifts andjumpsover
time, it isimpossibleto differentiateGP Serrorsfrom othererrorssuchaswheelslip-
page,andtheresultis thatlocal mapscannotbe reconstructeéccuratelyConsider
the situationof Figure 6. Herethe robot goesthroughtwo loops of 10m diameter
Thereis along linear feature(a low wall) thatis seenasan obstacleat the begin-
ning andendof theloops.Usingthe Itered GPSpose thepositionof thewall shifts
almost2m duringtherun, andobstaclesover therobot's previoustracks.

Fig. 6. Threestagesduring a run usingGPS Iter ed pose Obstaclepointsare shownin white,
freespacen black, and the yellow line is the robot's path. Thelinear feature is marked by
handin redin all threemaps,in its initial pose

Our solutionto theregistrationproblemis to usevisualodometry(VO) to ensure
local consisteng in map registration.Over larger regions, Itering VO with GPS
informationprovidesthe necessargorrectiongo keeperrorsfrom growing without
boundsWe describehesetechniquesdn the next two sections.

TheLAGRrobotpresents challengingsituationfor visualodometrywide FOV
and shortbaselinemale distanceerrorslarge, and a small offset from the ground
planemalesit dif cult to track points over longer distancesWe have developed
a robust visual odometrysolution that functionswell undertheseconditions.We
brie y describét here;for moredetailsconsult[1].



8 OutdoorMappingandNavigation

Our visual odometrysystemusesfeaturetracksto estimatethe relative incre-
mentalmotion betweertwo framesthatareclosein time. Cornerfeaturepointsare
detectedn theleft imageof eachstereopair andtracked acrossconsecutie frames.
Figure 7 illustratesthe detectionandtracking of featurepointsin two images.We
usea RANSAC methodto nd the bestsetof matchingfeatures As in the ground
planeanalysisary threematchedeaturesdeterminea motion hypothesiswe score
thehypothesiausingthe pixel reprojectiorerrorsin boththecamerasln a nal step,
thebestmotionhypothesids re ned in anonlineaminimizationstep.

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

ThelMU andthe wheelencoderarealsousedto Il in therelative posesvhen
visualodometryfails. This happenslueto sudderighting changesfastturnsof the
robotor lack of goodfeaturedn the scene(e.gblankwall).

3.3 Global consistency

Relative motionsbetweernconsecutie framesarechainedtogetherto obtainthe ab-
soluteposeat eachframe.Obviously, thisis boundto resultin accumulatiorof errors
anddrifting. We useGPSto correctthe poseof the vehiclethrougha simplelinear
Iter . Poseinformationis usedwhenthe GPSrecever hasatleasta 3D position X,
andheadingnformationis usedonly whenthevehicleis travelling 0.5 m/sor faster
to limit the effect of velocity noisefrom GPSon the headingestimateIn addition,
GPSmeasurement@reusedonly if therobothastravelledaminimumdistancefrom
thelastGPSmeasurementhe Iter nudgesheVO posetowardsglobalconsisteny,
while maintaininglocal consisteng. Over largerloops,of coursethe 3 m deviation
of the GPSunit meanghatthe mapmay not be consistentln this case othertech-
niquessuchaswide-baselinemagematching[12] would have to beemployed.

The quality of theregistrationfrom Itered VO, shavn in Figure8, canbe com-
paredto the Itered GPSof Figure6. The low wall, which moved almost2m over
the shortloopswhenusing GPS,is much more consistenwwhenVO is employed.
And in casesvhereGPSis blocked or degraded suchasunderheary treecover in
Figure5, VO still producesnapsthatarelocally consistentlt alsoallows usto de-
terminewheelslipsandstallswith almostno falsepositives— notetheendof therun
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RunNumber 1 2 314 5 3
Distance(meters)  |82.4141.655.351.0 BTfngl BTfngl
Method Percentag&rror
. Run1|5:251:465:212:28
\Fge 'f/‘?o lomde“y ;2 141'4 11.031.0  Ryn2[5:341:505:042:12
av VisualOdometry |2.2] 4.8 |5.0]3.9|  Ip,13/5.1871:574:452:12
VisualOdometry& GPS 2.0| 0.3 [1.7|0.9

Table2. L | Table 3. Runtimesfor base-
able 2. Loop closureerror. line (BL) andSRI,

in Figure5, wherethe robotwashungup andthe wheelswereslipping,andwheel
odometryproduceda large error.

Fig. 8. VO in the samesequenceas Figure 6. GPS lter edpathin yellow VO lter edpathis
in green.

3.4 Resultsof visual odometry

We have implementedandtestedour integratedposesystemon several outdoorter-
rains.SinceGPSis accuratdo only about3-4 metersjn orderto validateourresults,
therobotwasmovedin aclosedloop on atypical outdoorenvironmentover 50—100
m, andusedtheerrorin startandendposes.

Table2 compareshis error for vehicleodometry(IMU + wheelodometry),vi-
sual odometryandthe GPSintegratedvisual odometryfor four loops. Exceptfor
the rst loop, visualodometryoutperformghe vehicleodometry evenwithout GPS

Itering, andis comparablédo the std of GPS(3m). VO substantiallyoutperformed
odometryin 3 of the 4 loops, mainly becauseof turns and wheel slippageduring
thoseruns.Thisis especiallyevidentin loop 4, wheretherobotwasslippingin mud
for a substantiahmountof time.

4 Planning and Control

The LAGR robotwasprovided with a “baseline”systemthatusedimplementations
of D= [20] for global planningand DWA [4] for local control. Using this system,
we (aswell asotherteams)hadfrequentcrashesandundesirablanotion. The main
causesveretheslownessf theplannerandthefailureof thecontrollerto suf ciently
accounftor therobot's dynamics.
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We replacedthe baselinesystemwith a global gradientplannerand a local
trajectory-rolloutcontroller both describedbelon. This systemsafely controlsthe
LAGR robotatits maximumspeeddf 1.3 m/s,with therobot a wlesslynegotiating
maze-lile obstaclecoursesatanaveragespeedf 1.1 m/s.

4.1 Global planning

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

2 Unlike otherimplementationst usesatrue Euclideammetric,ratherthana Man-
hattanor diagonalmetric.

2 Thecalculationis extremelyef cient, usingthreshold-basedueuesratherthan
abest- rst update which hashigh overhead.

2 |t computeghe con guration spacefor a circularrobot,andincludessafetydis-
tancedo obstacles.

2 Rapidswitchingof globalpathsis avoidedby includinghysteresis loweringthe
costalongthe path.

Typically we run the global plannerwithin a subrgion of the whole map, since
therobotis continuouslymoving towardsthe goalandencounteringien areasOn
longerruns,upto 200m,we usean80mx 80mareagheglobalplannerunsin about
30 msin this region. The global planneris conserative in assuminghe robot to
be circular, with a diameterequalto the length of the robot. Also, it doesnot take
into accounthenonholomicnatureof therobot's motion.Insteadwe rely onalocal
controllerto producefeasibledriving motions.

4.2 Local control

Given the global costinformation producedby the planner we must decidewhat
local controlsto apply to the robotto drive it toward the goal. Algorithms suchas
DWA computethesecontrolsby rst determininga target trajectoryin positionor
velocity spacgusuallyacirculararcor othersimplecurwe), theninvertingtherobot's
dynamicgo nd thedesiredvelocity commandshatwill producethattrajectory

We take the oppositeapproachinsteadof searchinghe spaceof feasibletrajec-
tories we searchthespaceof feasiblecontmols. Asis thecasewith mostdifferentially-
drivenplatforms the LAGRrobotis commandedby a pair (x; ) of translationabnd
rotationalvelocities.The 2-D velocity spacds boundedn eachdimensionby limits
thatre ect the vehicle's capabilities Becauseve areseekinggood ratherthanop-
timal, control, we sample ratherthanexhaustvely searchthis rectangulawelocity
region. We take a regular sampling(» 25 in eachdimension,» 625 total), andfor
eachsamplesimulatethe effect of applyingthosecontrolsto the robot over a short
time horizon(» 2s).

Thesimulationpredictstherobot's trajectoryasa sequencef 5-D (X; y; 1 X; 1)
stateswith a discreteintegral approximationof the vehicle’s dynamics notablythe
accelerationimits. The resultingtrajectories,projectedinto the (x; y) plane,are
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smooth,continuous2-D curvesthat, dependingn the acceleratiodimits, may not
be easilyparameterizablée.g.,for the LAGR robot, thetrajectoriesarenot circular
arcs).Eachsimulatedrajectoryt is evaluatedby the following weightedcost:

C(t) = ®0Obs+ ~ Gdist + °Pdist + ixiz
whereObsis the sumof grid cell coststhroughwhich the trajectorytakestherobot;
Gdist andPdist arethe estimatedshortestdistancedrom the endpointof the tra-
jectoryto the goalandthe optimal path,respectiely; andx is thetranslationatom-
ponentof thevelocity commandhatproduceghetrajectory This costcalculationis
very fastbecause¢he computatiorof cell costsanddistancesvasdoneby the plan-
ner, allowing thecontrollerto accesshemvia tablelookup.We choosehetrajectory
t for which C(t) is minimized,which leadsour controllerto prefertrajectorieshat:
(a) remainfar from obstacles(b) go toward the goal, (¢) remainnearthe optimal
path,and(d) drive fast. Trajectoriesthat bring ary part of the robot into collision
with alethalobstaclearediscardedsillegal.

5 Performance

For the LAGR program,theindependentestinggroupran monthly blind demosof
the perceptionand control software developedby eight teamsand comparedheir
performancedo a baselinesystem.The lastthreedemos(11, 12, and 13) werecon-
sideredestsof performancdrom the rst 18 monthsof the program.The SRI Team
was rst in thelasttwo tests(Test12 and13), afterbegin lastin Test11. Mostof the
problemsin Test11 were causedy usingthe baselineplannerand controllet and
we switchedto theonedescribedn thepaperfor Tests12and13.Figure3 shavsthe
timesfor therunsin thesetests.We achievzed the shortrun timesin Tests12 and13
througha combinationof precisemapbuilding, high-speegathplanning,andcare-
ful selectionof robotcontrolparametersOur averagespeedvasover 1.1 m/s,while
the robottop speedwaslimited to 1.3 m/s. Map building relied on VO to provide
goodlocalization,ground-planenalysisto help detectobstaclesandsightlinesto
identify distantregionsthatarelik ely to be navigable.

6 Conclusion

We have demonstrateé completeautonomoussystemfor off-road navigation in

unstructuredervironments,using stereovision as the main sensor The systemis

very robust - we cantypically give it a goal positionseveral hundredmetersaway,

andexpectit to getthere But therearehazardghatarenot dealtwith by themethods
discussedh this paperwaterandditchesaretwo robot-killers.Finally, wewouldlike

to usevisual landmarksto augmentGPSfor global consisteng, becauseat would

give ner adjustmenin the robot's position,which is critical for following routes
thathave alreadybeenfound.

References

1. M. Agrawal andK. Konolige.Real-timeocalizationin outdoorenvironmentausingstereo
visionandinexpensve gps.In Intl. Conf of PatternRecanition (ICPR), 2006.To appear



12

10.
11.

12.
13.
14.
15.
16.
17.

18.

19.

20.

21.

OutdoorMappingandNavigation

P. Bellutta, R. Manduchi,L. Matthies,K. Owens,andA. Rankin. Terrainperceptiorfor
DEMO IlI. In Proc. of the[EEE Intelligent \ehiclesSymp, 2000.

M. FischlerandR. Bolles. Randomsampleconsensusa paradigmfor model tting with
applicationto imageanalysisandautomatedtartograpf. CommunACM., 24:381+395,
1981.

D. Fox, W. Burgard,andS. Thrun. Thedynamicwindow approacho collision avoidance.
IEEE Roboticsand AutomationMagazineg 4(1):23+33,1997.

Y. FreundandR. E. Schapire A decision-theoretigeneralizatiorof on-linelearningand
anapplicationto boosting.J. of Computerand SystenSciences55(1):119+1391997.
J.Guivant,E. Nebot,andS. Baiker. High accurag navigation usinglaserrangesensors
in outdoorapplications.In ICRA 2000.

J. S. GutmannandK. Konolige. Incrementalmappingof large cyclic ervironments. In
CIRA 1999.

K. lagnemmak. Genot,andS. Dubownsky. Rapidphysics-basedough-terrairrover plan-
ning with sensoiandcontroluncertainty In ICRA, 1999.

K. Konolige. Small vision systemshardware and implementation. In Intl. Symp.on
RoboticsReseath, pagesl11+116,1997.

K. Konolige. A gradientmethodfor realtimerobotcontrol. In IROS 2000.
J.J.LeonardandP. Newman. Consistentgcorvergent,andconstant-timeslam. In IJCAI,
2003.

D. G. Lowe. Distinctive imagefeaturesrom scale-itvariantkeypoints. Intl. J. of Com-
puterVision, 60(2):91+1102004.

M. MontemerloandS. Thrun. Large-scaleobotic 3-d mappingof urbanstructures.In
ISER 2004.

H. MoravecandA. Elfes. High resolutionmapsfor wide anglessonar In ICRA 1985.
D. Nister, O. Naroditsk, andJ. Bergen. Visualodometry In CVPR 2004.

C. F. Olson,L. H. Matthies,M. Schoppersand M. W. Maimone. Rolust stereoego-
motionfor long distancenavigation. In CVPR 2000.

R. PhilippsenandR. Siegwart. An interpolateddynamicnavigationfunction. In ICRA
2005.

A. Rankin,A. Huertas,andL. Matthies. Evaluationof stereovision obstacledetection
algorithmsfor off-road autonomousavigation. In AUVSISympon UnmannedSystems
2005.

D. J. SperoandR. A. Jarvis.3D vision for large-scaleoutdoorenvironments.In Proc. of
the AustralasianCont on Roboticsand Automation(ACRA) 2002.

A. Stentz. Optimal and efcient path planningfor partially-knavn ervironments. In
ICRA volume4, pages3310+3317;,1994.

P. ViolaandM. Jones Rapidobjectdetectiorusinga boostedcascad®f simplefeatures.
In CVPR pages511+518,2001.



