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Abstract

We describea realtimesystemfor nding and tracking
unstructued pathsin off-road conditions. The systemwas
designedaspart of therecent Darpa Grand Challenge and
wastestedover hurdredsof miles of off-road driving. The
unique featuie of our approad is to combinegeometric
projectionusedfor recovering Pitch and Yaw with Learn-
ing appmoadesfor identifying familiar "drivable” regions
in the scene The region-basedcomponentsegmentsthe
image to "path” and "non-path” regions basedon tex-
tureanalysisborneoutof alearning-by-&amplegrinciple.
Theboundary-basedomponentooksfor the path bound-
ing linesassuminga geametric modelof a planar pathway
boundedby parallel edgestaken by a perspectivecamea.
Thecombineckeffectof bothsub-system®rmsa robustsys-
temcapableof nding thepathevenin situationswhere the
vehicleis positionedout of the path — a situation which
is not commonfor humandrivers but is relevant for au-
tonomousdriving whete the vehiclemay nd itself occa-
sionallyveeringout of the path.

1. Intr oduction

Theinterestin paved andunstructuredoad/pathfollow-
ing hasattractedinterestfor more thantwo decadeswith
early systemsfocusedon pavedroadfollowing [3, 12] (see
alsosunwey in [2]) andmorerecentattemptsto handleoff-
road conditions— same of it triggeredby the racesof the
DarpaGrandChallengeoff-road autononousdriving com-
petitions[4] heldin 2004and2005in the Mojave desert—
[10,1,9,13,15].

Paved road following is largely considereda "solved”
problemas a growing numberof automotve manufctur
ersareoffering lane departurevarningsystems.However,
off-roadpathdetectiorandfollowing possseveralinterest-
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Figure 1. Scenedrom autonomoudriving in the Mojave desert
taken from the 2004 DGC race. Systemoutputincludesthe left

andright path boundarypoint, the centerpoint and the heading
orientation.Our systemcandetectthe pathevenwhenthe bound-
ariesaresomavhatill-structured(a), thevehicleis in asharpcurve

(b), the pathtextureis not uniform (c), andthe vehicleis off the
path.

ing andnew challengesdueto theunstructurechatureof the
sceneFig. 1 illustratessomeof thechallenge®netypically
faces:(i) pathboundariesresomevhatill-de ned in cases
wherestrongnon-boundaryongitudinal edgesare present
dueto ditches ruts,andtire marksof othervehicles (ii) the
boundary(whenpresentimay be de ned by variousdiffer-
enttexture propertiessuchasdueto vegetation,changeof
pathmaterialor changeof geometry(in mountainousdriv-
ing) (iii) the type of terrain or path materialmay change
considerablyfrom oneareato the next, and(iv) unlike hu-
man driving, wherethe vehicleis alwayson path in au-
tonomoudriving theassumptiorthatthe "drivable’ areais
straightaheaddoesnot always hold.

The existing approache$or off-roadpathfollowing fall
into two categyories:thosethatattemptto de ne theforward
"drivable” imageregion by combinationof clusteringand
texture analysis[9, 10] and thosethat seekthe vanishing
point (determinedoy the PitchandYaw angksof the cam-
erarelative to theroadsurface)asaway of de ningthepath



boundarie$15]. The®rstapproachacksageometrianodel
of thepathwhich canbedescribedy asmallnunberof pa-
rametersaassuminghatthe pathaheads planarandviewed
by a perspectie projection, whereashe secondapproach
focuseonly ondetectingooundariegwhichwhenbehaed
correctly could vote towardsthe position of the vanishing
point) and ignoresthe °region-basedhatue of the path.
Both approachebave their prosandconsbut neithersingle
approactcanhandlethe full extentof therequiredoff-road
challenge.

In our work we proposecombininga region-basedlas-
si®cationsubsystenof imagetexture to °path®and°non-
path®regionstogethemwith a geometricsubsystentonsist-
ing of a at world assumptiontakenfrom a perspectie pro-
jection for ®nding the path boundarylines. Both subsys-
temscomplemeneachotherthus combiningthe strengths
of both the region-bagd and boundarybasedapproaches.
Speci®cally we usea variety of texture ®lterstogetherwith
a learning-by-&amplesAdaboost[6] class®cationengine
to form aninitial image segmentationinto Path and Non-
pathimageblocks. Independentlywe usethe same®lters
to de®necandidatdexture boundariesindusea projection-
warp searchover the space of possiblePitch and Yaw pa-
rametersn orderto selecta pair of boundarylines which
areconsistentith both the texture gradientsandthe geo-
metricmodel. Thearea-baedandboundary-basenhodules
arethenweightedby their con®dencevaluesto form a®nal
pathmodelfor eachframe.

The systemwasimplementedon a Pover-PC PPC7467
1GHZ running at 20 framesper second. We have run the
systemsuccessfullyon 6 hoursof recordeddataof the en-
tire 2004DGC raceard completedsuccessfull around50
miles of the 2005 raceD both held in the Mojave desert
[4]. The 2005 GDC race was in cooperationwith the
Golem/UCLA group b the vehicle platform can be seen
in Fig. 2.

2. Feature Measurements for Classi cation
and Boundary Detection

As mentionedabove, our systemcombinesgwo modules
b region-base@ndboundarybased workingin tandem.
Theregion basedmoduleclassi®esmageblocksinto Path
andNon-pathlabelsbasednalearningtrainingsetandthe
boundary-basethodule®ts a geometriccameraconstraint
ontheboundarieof the path. Both modulesrequiremeans
for measuringexture featuresb eitherto belaterfed into
aclassi®eror asa bass for decidingwherethe boundaries
betweenthe pathand non-pathregionsmay reside. In this
sectionwebrie y describahreedifferentfeatureextraction
schemesve usedduringresearchncludingoriented®lters,
Walsh-Hadamar#ternelsandMoments.

Figure2. The Golem/UCLA groupvehicle usedasour testplat-
form. In this installationthe camerais mountedinside a housing
ontop of apoleconnectedo thefront bumper Otherinstallations
hadthe cameramountedon thewindshield

Oriented Gaussian Derivatives Filters We considered
an orientedGaussiarDerivatives ®lter bank similar to the
oneusedby Malik etal. [11] for partitioninggrayscalém-
agesinto disjoint regionswith coherenbrightnessandtex-
ture. For agivenscale , the ®lter bankcontainsevenand
odd-symmetric®lters
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The coefdcientl = 3 is the aspectratio betweenthe two
1D Gaussianghat form a quadraturepair ([5]) 8oqq and
Ocven , I.€., having the samefrequeny responséut differ
in phase Theactual®lter bankcontanszero-mearversions
Jodd ; Jeven ; CS Normalizedto unit L, norm. For a given
scale , the®lter bankcontaingotatedversionsofg,qq and
Oeven iN four equally spacedorientationsandone cs ®lter
which makesit a total of nine ®lters per scale. The ®lter
responsaroundeach®lter is calculatedwith two scalesad-
justedto therow positiondueto foreshortenindtotal of 18
responseperpixel).

Walsh-Hadamard Kernels The Gaussiarderivatives®I-
terbankformsacomputationallyexpensive approactwhich
could be prohibiive for a realtimesystem.We considered
usingasanalternatve afastconvolution approacthasedn



Figure3. The 16 Walsh-Hadamard 4 binary kernelsusedfor
texture analysis. Fag executionof convolution with the kernels
(seetext) requiresthatthe ®lters be usedin a speci®corder (top-
bootm,left-right).

the Walsh-Hadamar®lter bankwhich guarantegeanO(1)
costper pixel over the entire collection of ®lters. The 1D
®lter bankof 2¢ orthogonal®lters proposedy [7] canbe
describedecursvely by a binarytreewhoseleavesarethe
®lters:
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where isabinaryvector The2D ®lterbankis constructed
by creatingrank-1matricesusingagain a binary  vector
Thecrucialpropertyof the WH kernelsis that(i) they form
abasg, and (ii) they areef®ciently convolved,and(iii) only
bit-shiftsandintegeradditionsandsubtactionsarerequired
(for moredetailsse€[7]). Fig. 3 displaysthe164 4 ®lter
kernelswe usedin our experiments.

Moments Energy The third featureextradion approach
is basedon the computationf high-ordermoments.The

discrete(p+ ) ordermomenﬂfpq overasquarevindow

of sizew w isde®nedby (se€[8, 16]):
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wherexm = M_I andyn, = %_L. Weusedp;q2 N such
thatp+ q 2 andw=3. Corvolution of theinputimage
| (x; y) with Fpq resultsin six ®lter responsémaged .
The®Ilter respons@magesare thennormalized:
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where () is the meanvalueof (g and  is a normal-
ization factorthat wassetto 0:001in our implementation.
Exampleof the®Iter responsesver awarpedimagecanbe
seenin Fig. 6(c).

3. Path Detectionusing Classi cation

Thefeatureextractionmethodslescribedibore areused
asarepresentatiofor a block-wisepathclassi®ation pro-
cedureusingan Adaboostclassi®erover atrainingset. The
inputimagel is normalized:

G
0

where (I and (") arethe meanandstandarddeviation

values. For ef®cieng, we divide the imageinto partially
overlappingblocksof sizel6 16 (six pixel overlgpin each
dimension). The ®lter banksdescribedabore are applied
to all imagepixelsanda descriptorvectoris generategher

block B in thefollowing way.

®)

For the Gaussian®lters we have 18 responsege
pixel over al the pixels of a block B and the de-
scriptorvectoris V(B) = (hist(m); ¢; ¢; B; B)
wherehist(m) is thehistogramoverthe®Iter IDs cor
respondingto the maximal response®lter per pixel,

¢ ¢ arethe meanandstd of the maximal®lter re-
sponsegerpixeland g; g arethemeanandstd of
the (normalized)pixel valuesin B..

For the Walsh-Hadamar®lter bank,we havel6 ®lter
responsepe pixel. The descripbr vectorof a block

BisV(B)= ( 1;: 16 1;: 16) Where j;  are
themeanandstd of thei' th ®lter responsever all the
pixelsof B.

For the moments®lter bank,we have 6 ®lter responses
per pixel. The descriptorvector of a block B is
V(B) = ( 1;:% 6 1,5 6) Where ; ; arethe
medianand std of the i'th ®lter responsever all the
pixelsof B.

ThefeaturevectorspertrainingblocksB; with labelsy; 2
f 1;1g werefed into an Adaboostclassi®erengine. Each
entryof thefeaturedescriptovectorcanbeconsideredsa
%weakdearnerin the sensehatit formsaclassdiscrimina-
tion. Themainideaof AdaBoostis to assigneachexample
of thetrainingsetaweight. At thebeginningall weightsare
equal,butin every roundtheweaklearnerreturnsa hypoth-
esis,andthe weightsof all the miss-classi®edxamplesby
that hypothesisare increased. That way the weak learner
is forcedto focuson the dif®cult examplesof the training
set. The®nal hypothesids a combinationof the hypotheses
of all rounds,namelya weightedmajority vote, wherehy-
pothesesvith lower classi®catiorerrorhave higherweight.
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Figure 4. Accuray of the stronghypothesisduring the ®rst50
AdaBoostiterationsover atext setof 150imagespickedfrom the
2004DGC race.The®lter banksincludethe Gaussiarderivatives
(best pefformance, worst computationtime), Walsh-Hadamard
gray-code®lters (bestcomputatiortime, reasonabl@erformance)
and Moment®lters (worst performancemediumlevel computa-
tion time). For comparisonwe ran also SVM classi®eron the
GaussiarandWH ®lters b theaddedaccurag is relatively small
whereaghe additionalcomputatiortime is very signi®cant.

To testtheaccurag of the classi®catiorwe selected 50
testimagesfrom 6 hoursrecordingswe hadfrom the 2004
DGCrace.We comparedheacarag of the Pathdetection
aguinstthe differentfeatureextractionschemesindagainst
an SVM classi®ertrained on the WH and Gaussiar®lter
banks(seeFig. 4). The bestaccuray was achiered with
the Adaboostand SVM over the Gaussiardervatives ®I-
ter bankandthe SVM over the WH ®lter bank. The Ad-
aboosiver WH ®lterswasslightly behind@6% compared
to 88%) andwaschosenasthe prefered featurerepresen-
tationfor the Adaboostenginedueto its computationakf-
®ciengy.

Oncethe blocks were assignd the labels of Path and
Non-pathfrom the Adabwst classi®erthe systemunder
wentthefollowing stepsfor de®ningthe pathregion:

1. Sky: Sincethe sky region candeceptiely appeartsim-
ilar to a Path region we look for a minimaover a row-sum
of Pathlabeledregions. The minimalrow-sumpointde®nes
theend-of-pattmarkwhichall Pathregionsabove that mark
areignored.(seeFig. 5b).

2. Top Bounding Line: removal of spuriousfalse posi-
tivesnearthe horizonis doneby de®ningfor eachcolumn
X thetoprow y, containingPathlabeledregions:

yx = argmaX
Y2Y6(X) y=min (Yo(x))

C(x;y);

(@) (b)
Figure5. Texture Classi®catiorModule: (a) Centerof blocksthat
wereclassi®edasPath aremarkedin Black andNon-pathblocks
shavnin White. Theoverlaidstraightinesarethepathboundaries
andthetop line marksthevisibility pathedge.(b) sumof the Path
classi®edblocksin eachrow. Thereis alocal minimum nearthe
horizonb thisis usedto remave skyline blocks.

whereC(x;y) 2 f 1, 1g aretheblock labelsandYy(x) is
theset of cener blockscoordinatesWe sortyy in descend-
ing orderandpick the 5th from thetop asavirtual line, the
%topline°® y,, which marksthe lastvisible row of the path.
Thetop-lineis usedfor anapproximataangeto thefarthest
point on the pathandalso for derving a con®dencevalue
for the region-basedpath ®nding processfor the framein
guestion.

3. Left/Right Bounding Lines: theleft andright bound-
ing lines of the patharederivedvia a minimal errorseparat-
ing line on eachside of the path,asfollows. A centerlineis
dravn asaleast-square®t to thegeometriccentersde®ned
by the positive blocksin eachrow. Two separatotinesare
derived,onefrom eachsideof the centerline, by searching
over the 2D spaceof postion andorientationof theline so
thata separatin erroris minimized. The separatiorerror
e(l) is minimizesthe chanceshatNon-pathblocksarecon-
tainedinside the Pathregion: e(l) = jFy(I)j + jFn (1)]
whereF,(l) is the setof the Path classi®edblocksthatare
to the left of the separatot, andFy () is the setof Non-
pathblockghatareto theright of | (assumindeft bounding
line B the descriptionis reversedfor the right-handline).
Fig. 10 (seesectionb) displaysthe precision-reall curve as
we changethe parameter . For our ®nal systemwe chose
= 4.0.

Fig. 5a shavs an example of a frame with the classi-
®ed blocksandthetop, left andright separatofineswhich
boundthe pathregion. The schemealescribedabore works
well undervarioussituations,but as mentionedin the in-
troduction, lacks the geometricnotion of a path borneby
theassumptiorof a perspectie camera, atworld assump-
tion and parallel path boundinglines in the scene. In the
next sectionwe describehe projection-varppathboundary
schemeawhich looksfor the boundinglinesvia a searchfor
theroad's vanishingpointfollowedby a combinatiao of the
two schemeso form arobug path®nding system.



4. Path Boundariesvia Projection-Warp itera-
tions

Thetechniguedntroduceds Section3 work well in most
of the sceneswhich includespathsof similar propertiesto
thosepresentedn the training set. However, the system
may encounteunfamiliar pathtextures,or pathtexturethat
is very similarto non-pathareadn thetrainingsd, andthus
reportthatit is unableto ®nd a drivableareaahead.

In this section,we sugget a secondtechniquejnspired
by the RALPH systenfor pavedroads[12], whichdoesnot
rely on prior learnedtexture information. Insteadjt makes
theassumptiorthatthe areaimmediatelyin-front of theve-
hicleis onapathwhosetexturepropertiesare differentfrom
the surroundingnon-drivableareas.For this cueto bereli-
able,we have to constrainthe solutionto a strict geomet-
ric modd wherethe pathboundarylies on straightparallel
edgesThisallows usto reducethedrivablepathproblem to
4 dggreesof freedom:(x; y) positionof thevanishing point,
andleft andright distanceto the edgeof the path.

The geometricconstraintborneout of the "at world as-
sumption,perspectie cameraandparallelpathboundaries
in the world suggesthe following projectionrwarp scheme
[12] perframe: given a hypothesiof PitchandYaw angles
of the camerathe imageis warpedto form a top view in
world coordinates. In the warpel imagethe path bound-
ariesaresupposedo be parallel verticallinesif indeedthe
Pitch and Yaw anglesare correct. A projectionof the im-
agetextureedgesontothehorizontalaxiswill producealD
pro®le whosepeakscorrespondo vertical texture edgesn
the warpedimage. We look for a pair of dominantpeaks
in the 1D pro®le and generatea scae valuewhich is then
maximizedby searchoverthe PitchandYaw angles.

In a nutshell,we startwith the Pitchand Yaw anglees-
timatesof the previous frame followed by anincremental
PitchandYaw estimationusingoptic- ov anda smallmo-
tion model. Theincrementakstimationis basedon the so-
lution of the motionequationperimagepoint (x; y):

XWy + YWy = yUu  XV;

where(u; v) arethe ow (displacements)f thepoint (x; y)
and wy; wy arethe Pitch and Yaw angles. We use point
trackingin the vicinity of the horizonandthe closeareas
in front of the carerain orderto recoser wy ; wy in aleast-
squaregashion.TheincrementalPitchandyaw anglesare
addedto the previous frame estimateto form the current
frame starting point for Pitch/Yaw ®nding. The imageis
thenwarpedwith the currentPitch/Yaw estimate.

The warpedimageis divided into overlappingl0 10
blockswith eachpixel forming a block center Using the
Walsh-Hadamar®lter bank describedabove we estimate
thelikelihoode thatthevertical line passinghroughthe
block centerforms a texture gradiett where is the L,

distancebetweernthe WH vectordescriptorsof the two re-
spectve halves of the block. Horizontaltexture gradients
are projectedvertically onto the x-axis for the purpase of
evaluatinga Pitch/Yaw hypothesis. A strong hypothesiss
bacled by a dominantpair of peaksin the projection(see
Fig. 6(d)). The pathboundariesindotherverticalelements
in theimagecreatehigh valuesin the projection,while low
valuesare mostlikely causé by non-continuousvertical
texture gradiens typically associatedvith bushes,rocks,
andso forth. The peaksin this projectionare maximized
whenthevanishing point hypothesiss correctandlinesup
with the path edges(and possiblyother parallel features).
To ®nd high and narrav peaks,we corvolve the projec-
tion with a box-shapedemplate. To scoreour vanishing
point hypothesiswe remove low peaksandthensumthe
remainingones. Maximum valuesfor this scoresugget a
stronghypothesis. By ®nding the highestpeaksfor these
hypothesespur systemis ableto ®nd thelateralpositionof
theleft andright boundaries Fig. 6(e) shavs the °cleaned
up® 1D projectionpro®le andthe associategbair of peaks
correspondingo the pathbourdarylines.

Our projection-varp iteratve schemeas summarizedas
follows:

Algorithm 1 (Projection-Warp)

1) Calculate incrementalPitch and Yaw anglesusing
optic- ow and the small motion model. Using the previ-
ousframeand incrementalestimatesgenemte the current
estimateof the vanishingpoint.

2) Createa warpedbasedon thevanishingpoint.

3) Calculatevertical texture gradientswithin the warped
image using the WH ®lter bankon10 10 overlapping
blocks.

4) De®ne a reasonablerange of Pitch and Yaw angles
aroundthe currentestimate

5) For eadh vanishirg point hypothesisperforma warping
andprojectthe gradientedgesontoa 1D pro®le.

6) Clean-p the 1D pro®le by convolution with a box ®lter
and remove low peaks. Sumthe remainingvaluesand ob-
tain a scome.

7) Repeathe project-warpstepsand setthe Pitch and Yaw
anglesto thosethat maximiz the projectionscoe.

5. Results

We describebelov a numberof performanceneasures
we have collectedof the system.The ultimateperformance
testis how well it performson the task of aiding the navi-
gationalunit of anautonomouwehicleto safdy traversea
terrainathigh speedsOur systenmwasusedfor this purpose
by the GolemlUCLA teamcompetingin the 2005DARPA
GrandChallenge Ouroutputwascombinedwith othersen-
sorsto allow thevehicleto staywithin the pathwhile driv-
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Figure 6. Projection-Varp Search: (a) original image with the
overlaid pathboundaryandvanishingpoint results.(b) thewarped
image. (c) texture gradents magnitude. (d) projection: vertical
sumof gradients. (e) projection pro®le followed by convolution
with a box ®lter. Thetwo lineson top of the histogrammarksthe
pathboundaries.

ing at speedsip to 50 mphon straightsgmentsaswell as
to navigatemountainougrails.
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Figure7. Sampleimagesandsystemoutputfrom 6 hoursof driv-

ing in the Mojave desert(2004DGC race). The pathis marked

by two left-right bounday pointsanda centerpoint with heading
orientation. The °X° markin (h) coincideswith Zero con®dence
(i.e., systemdeactvatesmomentarily)dueto confusionwith mul-

tiple shadavs. In (i) the pathis detectedeventhoughthe vehicle
is not centerecbn the path (a situationwhich is common for au-

tonomoudriving).

Our systemwastrainedover 200 randomlyselectedm-
agesfrom 6 hoursof video over 140 miles of trails in the
Mojave desertcoveringthe courseof DARPA GrandChal-
lenge2004. Thetrails cover alarge variety of terraintypes
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Figure 8. The Path /Non-pathtexture classi®cation(a),(d)is fol-
lowed by sky blocksremoval andby ®tting threelines (arranged
asatrapezoid)to the Pathblocks. In (b),(e)all the blocks within
the trapezoidare labeledas Path, andall the othersas Non-path.
Finally, thepathboundariestagivendistances calculaed(c),(f)
togethemwith the pathcenterandheadingangle.

includingsandystraightpaths gravel coveredwindingtrails
androdky mountainpasses.Thevideowasrecordedwith a
camerdocatedinsidethe cabinand mountedon the wind-
shieldnearthe rearviev mirror. A ®eld of view of 45 de-
greeswas used during training but during the 2005 DGC
racea wider ®eld of view of 80 degreeswasadopted.Fol-
lowing thetrainingphasewetestedhesystenperformance
ontheoriginal 6 hoursof videowith a45 degrees=OV and
with one hour of video recordedwith an 80 degreesFOV.
Sampleimagesof the systemoutputduring thesetestsare
shavn in Fig. 7, while Fig. 8 shows the resultsof eachof
the main partsof the class®cationbasedalgorithm.

Overall performance. The most meaningful overall
systemperformancemeasurds to counthow often (what
fraction of frames)the systemproducedcorrectpathedge
positionsand,whereappropriateheadingangles.Further
more, it is crucial for the systemto know whenit can not
determinethe pathaccuratelyso thatthe vehicle canslow
down andrely moreoninformationfrom othersensorsOur
resultsarebrokendown to differentterraintypes.For each,
representatie challengingclips of 1000 frameswere se-
lected(seeFig. 9) andthe systemperformancescoredon
thosesequenceby a humanobsener. The pathedgedis-
tanceaccuray wascomputedoy observingthe positionof
theroadedgemarksapproximatelyé metersin front of the
vehicle. A frame was labekd incorrectif the path edge
marker at that location appearedo be more then 30 cm
(18 pixels) awvay from the actual path boundary. For
straightpathsthe percevedvanishingpoint of the pathwas
also marked, and our algorithm's headingindicator was
comparedo thelateralpostion of thatpoint.

A. On relatively straightsegmentswith a comfortably
wide path,thenavigationsystemallows thevehicleto drive
atspeedsip to 50 mph. For thosetype of scenegclip (a) in
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Figure9. Sampleimagesfrom the threeclips usedfor numerical
performanceneasures.(a) loosely marked path boundaries.(b)
crossingdry river bedwith geometricelevation ahead.(c) moun-
tain pass.(d) Reachinghe crestof the hill, shortsegmentof the
roadis visible, andthe systemreportslow con®dencedetection.

Fig. 9), our systemreportedavailability (high systemcon-
®dence)l00% of the time while producing accuratepath
boundarylocations99.5% of the time. The meanangular
deviation of the headinganglefrom the manuallymarked
vanishingpointwas1:7 deg.

B. Thisclip is anexampleof anuneventerrainwith ele-
vationchanges.Thevehicle passeshroughadry riverditch
(Fig. 9(b)) whereboththe pathtexture andscenegeometry
is dif®cult. Whenthe vehiclereacheghe crestof the hill
(Fig. 9(d)) only a shortsegmentof roadis visible. In this
casethesystenrepotedlow con®dencgwasunavailable)
8% of thetime. When available,however, the accurayg in
boundarylocationswas98%.

C. This clip contains a winding mountain pass
(Fig. 9(c)), which is dif®cult dueto pathcurvatureaswell
astexturevariation.Neverthelesspur systemwasavailable
throughoutheclip andachievedanaccurag of 96% in de-
tectingthe pathboundary

Method Comparison. Of the 2 methodspresentedn
the paperwe setthe systento primarily rely onthetexture
classi®catior{section3) subsystenwith thegeometricsub-
system(section4) usedasa fall bak whenthein-pathand
out-of-pathtexture could not be well classi®ed. In scene
(A), dueto the vegetationon the side the texture could be
well classi®edwvhile theexactlocationof thetexturebound-
ary of the pathis quitefuzzy. This heavily favorsthe clas-
si®cationapproach:in fact, the geometricsubsystenwas
active lessthan2% of thetime. Ontheotherhand clip (B)
hadregionswith non-typicaltexture: in this case the geo-
metric subsytemwasdominantbetweer® and20% of the
frames,dependingn the exactparametetuning.

Pixel-wise Perf ormance. Anotherway to measurehe

Figure10. Precision-recaltune.

performancef thepathclassi®cations to countthenumber
of path pixels that were correctly and incorrectly labeled.
We randomlyselecteds0 framesfrom the 6 hoursof video,
handlabeledthe Path and Non-pathpixls, and computed
theprecision-recalturve for differentchoicesof , thefac-
tor from section3. The precisionrecall curve is presented
in Fig. 10. Only pixels belov the manuallylabeledlimit
line wereincludedin thoseresults.

We repeatedthis testfor the 3 clips above (50 frames
eachjandcomparedurresultsaginstthatof [14] and[10].
While a direct comparisonis impossble without running
the algorithmson the sameclips, we attemptedo corvert
ourstatisticso theperfaomancemetiicsthatwereemployed
in thosestudieg“classi®cationaccurag® and “pix el cover-
agelrespectrely). The comparisonis summaized in Ta-
bles1 and2.

WeaknessesAs our algorithmreliesontexture,our sys-
tem seemdo performlesswell (reportinglow con®dence)
wherethere are signi®cantshadaevs presentin the scene.
Unfortunatelywe currentlydo not have enoughtraining or
testingdataavailableto quantify or to attemptto overcome
this problem,thereforeas a resultthe systemoutputs®No
Path Visible® (an °X° marking asseenin Fig. 7h) in such
situations.

Supplemental Videos: We have posted in
http://www.cs.huji.ac.il/ shashua/cvpr06/ three video
clips of our systemat work under different terrain type
conditions from the 2004 race. The videos showv the
original footage overlaid with graphicsmarking the path
left and right boundarypoints and the vehicle orientation
as has beenrecovered form the video (only). The clip
°mountain.mpg%shavs a mountain passageterrain, the
clip °texturempg®shavs a typical deserttype of terrain
with vegetationmaterialon the sidesof the path and the
clip °elevationChanges.mpgsShavs the situation of hill
climbing (systemdeactvatesmomentarilyat the crestof
thehill).



| Method

Ours(randomsetof image3
Rasmussen

| Classi®catioraccuray |

90.0
88.6

Tablel. Results:Classi®catioraccurag metric.

| Roadtype | Pixel coverage]
ill-structuredboundaries 0.790
Ditches,large pitch changes 0.732
Winding mountainpath 0.881
Randomsetof images 0.822
Lieb etal. 0.697

Table2. Results:Pixel coveragemetric.

6. Summary

We have describedan off-road path-®rding algorithm
that was designedas an aide for autonomoudriving as
part of the recent2005 DGC race. The unique feature
of the systemis that it incorporatestwo different detec-
tion modalitiesonebasedn texture classi®catiorof image
into °Path®and°Non-path%egionsfollowed by cleaning-
up processefor turning the classi®catiorresultinto a path
with straight-lineboundariesand orientations.The second
module (projection-varp search)is basedon a geometric
approactgovernedby camergparametergPitchand Yaw),
“at world assumptiorand parallel path boundariesn the
scene.Thetwo modulesrunin parallelandthe systemout-
putis governedby the modulewith the highestcon®dence.
The texture classi®catiormoduleusesa Walsh-Hadamard
®lter bankfollowed by an Adaboosttrainedclassi®er The
projection-varp searchcombinesmotion estimationfor an
initial cameraparametersestimationfollowed by a search
maximizingthe sharpnessf peaksin the 1D projectionof
theverticaltexture gradiens.
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