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Abstract

We describea realtimesystemfor �nding and tracking
unstructured pathsin off-road conditions.Thesystemwas
designedaspart of therecent Darpa GrandChallenge and
wastestedover hundredsof miles of off-roaddriving. The
unique feature of our approach is to combinegeometric
projectionusedfor recovering Pitch and Yaw with Learn-
ing approachesfor identifying familiar ”drivable” regions
in the scene. The region-basedcomponentsegmentsthe
image to ”path” and ”non-path” regions basedon tex-
tureanalysisborneoutof a learning-by-examplesprinciple.
Theboundary-basedcomponentlooksfor the path bound-
ing linesassuminga geometricmodelof a planar pathway
boundedby parallel edgestaken by a perspectivecamera.
Thecombinedeffectof bothsub-systemsformsa robustsys-
temcapableof �nding thepathevenin situationswhere the
vehicleis positionedout of the path — a situation which
is not commonfor humandrivers but is relevant for au-
tonomousdriving where the vehiclemay �nd itself occa-
sionallyveeringoutof thepath.

1. Intr oduction

Theinterestin pavedandunstructuredroad/pathfollow-
ing hasattractedinterestfor more than two decadeswith
earlysystemsfocusedon pavedroadfollowing [3, 12] (see
alsosurvey in [2]) andmorerecentattemptsto handleoff-
roadconditions— someof it triggeredby the racesof the
DarpaGrandChallengeoff-roadautonomousdriving com-
petitions[4] heldin 2004and2005in theMojavedesert—
[10, 1, 9, 13,15].

Paved road following is largely considereda ”solved”
problemas a growing numberof automotive manufactur-
ersareoffering lanedeparturewarningsystems.However,
off-roadpathdetectionandfollowing posesseveralinterest-
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Figure1. Scenesfrom autonomousdriving in the Mojave desert
taken from the 2004DGC race. Systemoutput includesthe left
and right pathboundarypoint, the centerpoint and the heading
orientation.Our systemcandetectthepathevenwhenthebound-
ariesaresomewhatill-structured(a),thevehicleis in asharpcurve
(b), the pathtexture is not uniform (c), andthe vehicleis off the
path.

ing andnew challengesdueto theunstructurednatureof the
scene.Fig.1 illustratessomeof thechallengesonetypically
faces:(i) pathboundariesaresomewhatill-de�ned in cases
wherestrongnon-boundarylongitudinaledgesare present
dueto ditches,ruts,andtire marksof othervehicles,(ii) the
boundary(whenpresent)maybede�ned by variousdiffer-
ent texture propertiessuchasdueto vegetation,changeof
pathmaterialor changeof geometry(in mountainousdriv-
ing) (iii) the type of terrain or path materialmay change
considerablyfrom oneareato thenext, and(iv) unlike hu-
man driving, wherethe vehicle is always on path, in au-
tonomousdriving theassumptionthatthe”drivable” areais
straightaheaddoesnotalways hold.

Theexisting approachesfor off-roadpathfollowing fall
into two categories:thosethatattemptto de�ne theforward
”drivable” imageregion by combinationof clusteringand
texture analysis[9, 10] and thosethat seekthe vanishing
point (determinedby thePitchandYaw anglesof thecam-
erarelativeto theroadsurface)asawayof de�ni ngthepath



boundaries[15]. The®rstapproachlacksageometricmodel
of thepathwhichcanbedescribedby asmallnumberof pa-
rametersassumingthatthepathaheadis planarandviewed
by a perspective projection,whereasthe secondapproach
focusesonly ondetectingboundaries(whichwhenbehaved
correctlycould vote towardsthe positionof the vanishing
point) and ignoresthe ºregion-basedºnature of the path.
Bothapproacheshave theirprosandconsbut neithersingle
approachcanhandlethefull extentof therequiredoff-road
challenge.

In our work we proposecombininga region-basedclas-
si®cationsubsystemof imagetexture to ºpathºandºnon-
pathºregionstogetherwith a geometricsubsystemconsist-
ing of a �at world assumptiontakenfrom aperspectivepro-
jection for ®nding the pathboundarylines. Both subsys-
temscomplementeachotherthuscombiningthe strengths
of both the region-based andboundary-basedapproaches.
Speci®cally, weuseavarietyof texture®lterstogetherwith
a learning-by-examplesAdaboost[6] classi®cationengine
to form an initial imagesegmentationinto Path andNon-
pathimageblocks. Independently, we usethe same®lters
to de®necandidatetextureboundariesanduseaprojection-
warp searchover the space of possiblePitch andYaw pa-
rametersin order to selecta pair of boundarylines which
areconsistentwith both the texture gradientsandthe geo-
metricmodel.Thearea-basedandboundary-basedmodules
arethenweightedby their con®dencevaluesto form a®nal
pathmodelfor eachframe.

Thesystemwasimplementedon a Power-PCPPC7467
1GHZ runningat 20 framesper second.We have run the
systemsuccessfullyon 6 hoursof recordeddataof theen-
tire 2004DGC raceand completedsuccessfully around50
miles of the 2005 raceÐ both held in the Mojave desert
[4]. The 2005 GDC race was in cooperationwith the
Golem/UCLA group Ð the vehicle platform can be seen
in Fig. 2.

2. Feature Measurements for Classi�cation
and Boundary Detection

As mentionedabove,oursystemcombinestwo modules
Ð region-basedandboundarybasedÐ working in tandem.
Theregion basedmoduleclassi®esimageblocksinto Path
andNon-pathlabelsbasedonalearningtrainingsetandthe
boundary-basedmodule®ts a geometriccameraconstraint
on theboundariesof thepath.Both modulesrequiremeans
for measuringtexture featuresÐ eitherto be later fed into
a classi®eror asa basis for decidingwheretheboundaries
betweenthepathandnon-pathregionsmay reside.In this
sectionwebrie�y describethreedifferentfeatureextraction
schemeswe usedduringresearchincludingoriented®lters,
Walsh-HadamardkernelsandMoments.

Figure2. The Golem/UCLA groupvehicleusedasour testplat-
form. In this installationthecamerais mountedinsidea housing
on topof apoleconnectedto thefront bumper. Otherinstallations
hadthecameramountedon thewindshield.

Oriented Gaussian Derivatives Filters We considered
an orientedGaussianDerivatives®lter banksimilar to the
oneusedby Malik et al. [11] for partitioninggrayscaleim-
agesinto disjoint regionswith coherentbrightnessandtex-
ture. For a givenscale� , the®lter bankcontainsevenand
odd-symmetric®lters
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The coef®cientl = 3 is the aspectratio betweenthe two
1D Gaussiansthat form a quadraturepair ([5]) ĝodd and
ĝeven , i.e., having the samefrequency responsebut differ
in phase.Theactual®lter bankcontainszero-meanversions
godd ; geven ; cs normalizedto unit L 1 norm. For a given
scale� , the®lter bankcontainsrotatedversionsofgodd and
geven in four equallyspacedorientations,andonecs ®lter
which makes it a total of nine ®lters per scale. The ®lter
responsearoundeach®lter is calculatedwith two scalesad-
justedto therow positiondueto foreshortening(total of 18
responsesperpixel).

Walsh-Hadamard Kernels TheGaussianderivatives®l-
terbankformsacomputationallyexpensiveapproachwhich
could be prohibitive for a realtimesystem.We considered
usingasanalternativeafastconvolutionapproachbasedon



Figure3. The16 Walsh-Hadamard4 � 4 binarykernelsusedfor
texture analysis. Fast executionof convolution with the kernels
(seetext) requiresthat the ®lters beusedin a speci®corder(top-
bootm,left-right).

theWalsh-Hadamard®lter bankwhich guarantees anO(1)
costper pixel over the entirecollectionof ®lters. The 1D
®lter bankof2k orthogonal®lters proposedby [7] canbe
describedrecursively by a binary treewhoseleavesarethe
®lters:

U(0 )
s = 1

U(k )
s = f [u(k � 1)

s ; � (k )
i u(k � 1)

s ]g

s.t. u(k � 1)
s 2 U(k � 1)

s ; � (k )
i 2 f +1 ; � 1g

where� is abinaryvector. The2D ®lterbankis constructed
by creatingrank-1matricesusingagain a binary � vector.
Thecrucialpropertyof theWH kernelsis that(i) they form
abasis,and(ii) they areef®ciently convolved,and(iii) only
bit-shiftsandintegeradditionsandsubtractionsarerequired
(for moredetailssee[7]). Fig. 3 displaysthe164 � 4 ®lter
kernelsweusedin ourexperiments.

Moments Energy The third featureextraction approach
is basedon thecomputationsof high-ordermoments.The
discrete(p + q)th ordermomentF̂pq overasquarewindow
of sizew � w is de®nedby (see[8, 16]):

F̂pq =
w=2X

m = � w=2

w=2X

n = � w=2

I (m; n)xp
m yq

n (3)

wherexm = m � i
w=2 andym = n � j

w=2 . We usedp;q 2 N such
that p + q � 2 andw=3. Convolution of the input image
I (x; y) with F̂pq resultsin six ®lter responseimageŝI pq.
The®lter responseimagesare thennormalized:

I pq(x; y) = max(1; � � jÎ pq(x; y) �  (Î pq)j) (4)

where (Î pq) is the meanvalueof Î pq and� is a normal-
ization factorthat wassetto 0:001 in our implementation.
Exampleof the®lter responsesoverawarpedimagecanbe
seenin Fig. 6(c).

3. Path DetectionusingClassi�cation

Thefeatureextractionmethodsdescribedaboveareused
asa representationfor a block-wisepathclassi®cationpro-
cedureusinganAdaboostclassi®erover a trainingset.The
input imageÎ is normalized:

I =
Î � � (Î )

� (Î )
(5)

where� (Î ) and� (Î ) arethe meanandstandarddeviation
values. For ef®ciency, we divide the imageinto partially
overlappingblocksof size16� 16(six pixel overlap in each
dimension). The ®lter banksdescribedabove are applied
to all imagepixelsanda descriptorvectoris generatedper
blockB in thefollowing way.

� For the Gaussian®lters we have 18 responsesper
pixel over all the pixels of a block B and the de-
scriptorvectoris V (B ) = (his t(m); � f ; � f ; � B ; � B )
wherehis t(m) is thehistogramover the®lter IDs cor-
respondingto the maximal response®lter per pixel,
� f ; � f arethe meanandstd of the maximal®lter re-
sponsesperpixel and� B ; � B arethemeanandstdof
the(normalized)pixel valuesin B .

� For theWalsh-Hadamard®lter bank,we have16 ®lter
responsesper pixel. The descriptor vectorof a block
B is V (B ) = (� 1; ::; � 16; � 1; :::; � 16) where� i ; � i are
themeanandstdof thei' th ®lter responseover all the
pixelsof B .

� For themoments®lter bank,wehave6 ®lter responses
per pixel. The descriptorvector of a block B is
V (B ) = (� 1; ::; � 6; � 1; :::; � 6) where � i ; � i are the
medianandstd of the i' th ®lter responseover all the
pixelsof B .

Thefeaturevectorsper trainingblocksB i with labelsyi 2
f� 1; 1g werefed into anAdaboostclassi®erengine.Each
entryof thefeaturedescriptorvectorcanbeconsideredasa
ºweakºlearnerin thesensethatit formsaclassdiscrimina-
tion. Themainideaof AdaBoostis to assigneachexample
of thetrainingsetaweight.At thebeginningall weightsare
equal,but in everyroundtheweaklearnerreturnsahypoth-
esis,andtheweightsof all themiss-classi®edexamplesby
that hypothesisare increased.That way the weak learner
is forcedto focuson the dif®cult examplesof the training
set.The®nal hypothesisis acombinationof thehypotheses
of all rounds,namelya weightedmajority vote,wherehy-
potheseswith lowerclassi®cationerrorhavehigherweight.
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Figure 4. Accuracy of the stronghypothesisduring the ®rst50
AdaBoostiterationsover a text setof 150 imagespickedfrom the
2004DGC race.The®lter banksincludetheGaussianderivatives
(best performance,worst computationtime), Walsh-Hadamard
gray-code®lters(bestcomputationtime,reasonableperformance)
andMoment®lters (worst performance,mediumlevel computa-
tion time). For comparison,we ran also SVM classi®eron the
GaussianandWH ®ltersÐ theaddedaccuracy is relatively small
whereastheadditionalcomputationtime is very signi®cant.

To testtheaccuracy of theclassi®cationweselected150
testimagesfrom 6 hoursrecordingswe hadfrom the2004
DGCrace.Wecomparedtheaccuracy of thePathdetection
againstthedifferentfeatureextractionschemesandagainst
an SVM classi®ertrained on the WH and Gaussian®lter
banks(seeFig. 4). The bestaccuracy was achieved with
the Adaboostand SVM over the Gaussianderivatives ®l-
ter bankandthe SVM over the WH ®lter bank. The Ad-
aboostover WH ®lterswasslightly behind(86%compared
to 88%) andwaschosenasthe preferred featurerepresen-
tationfor theAdaboostenginedueto its computationalef-
®ciency.

Oncethe blocks were assigned the labelsof Path and
Non-pathfrom the Adaboost classi®erthe systemunder-
wentthefollowing stepsfor de®ningthepathregion:

1. Sky: Sincethesky region candeceptively appearsim-
ilar to a Path region we look for a minimaover a row-sum
of Pathlabeledregions.Theminimalrow-sumpointde®nes
theend-of-pathmarkwhichall Pathregionsabovethat mark
areignored.(seeFig. 5b).

2. Top Bounding Line: removal of spuriousfalseposi-
tivesnearthehorizonis doneby de®ningfor eachcolumn
x thetop row yx containingPathlabeledregions:

yx = argmax
�y2 Yb (x )

�yX

y= min (Yb (x ))

C(x; y);
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Figure5.TextureClassi®cationModule: (a)Centersof blocksthat
wereclassi®edasPath aremarkedin Black andNon-pathblocks
shown in White. Theoverlaidstraightlinesarethepathboundaries
andthetop line marksthevisibility pathedge.(b) sumof thePath
classi®edblocksin eachrow. Thereis a local minimumnearthe
horizonÐ this is usedto removeskyline blocks.

whereC(x; y) 2 f� 1; 1g aretheblock labelsandYb(x) is
thesetof centerblockscoordinates.Wesortyx in descend-
ing orderandpick the5th from thetop asa virtual line, the
ºtop lineº yo, which marksthe lastvisible row of thepath.
Thetop-lineis usedfor anapproximaterangeto thefarthest
point on the pathandalso for deriving a con®dencevalue
for the region-basedpath®nding processfor the framein
question.

3. Left/Right Bounding Lines: theleft andright bound-
ing linesof thepatharederivedvia aminimalerrorseparat-
ing line oneachsideof thepath,asfollows. A centerline is
drawn asa least-squares®t to thegeometriccentersde®ned
by thepositive blocksin eachrow. Two separatorlinesare
derived,onefrom eachsideof thecenterline, by searching
over the2D spaceof position andorientationof theline so
that a separation error is minimized. The separationerror
e(l) is minimizesthechancesthatNon-pathblocksarecon-
tainedinside the Path region: e(l) = � jFp(l )j + jFN (l )j
whereFp(l ) is thesetof thePathclassi®edblocksthatare
to the left of the separatorl , andFN (l ) is the setof Non-
pathblocksthatareto theright of l (assumingleft bounding
line Ð the descriptionis reversedfor the right-handline).
Fig. 10(seesection5) displaystheprecision-recall curveas
we changetheparameter� . For our ®nal systemwe chose
� = 4:0.

Fig. 5a shows an exampleof a frame with the classi-
®edblocksandthetop, left andright separatorlineswhich
boundthepathregion. Theschemedescribedabove works
well undervarioussituations,but as mentionedin the in-
troduction,lacks the geometricnotion of a pathborneby
theassumptionof a perspective camera,̄at world assump-
tion andparallelpathboundinglines in the scene. In the
next sectionwedescribetheprojection-warppathboundary
schemewhich looksfor theboundinglinesvia a searchfor
theroad'svanishingpoint followedby acombination of the
two schemesto form a robust path®ndingsystem.



4. Path Boundariesvia Projection-Warp itera-
tions

ThetechniquesintroducedisSection3work well in most
of the sceneswhich includespathsof similar propertiesto
thosepresentedin the training set. However, the system
mayencounterunfamiliar pathtextures,or pathtexturethat
is verysimilar to non-pathareasin thetrainingset, andthus
reportthatit is unableto ®nd adrivableareaahead.

In this section,we suggest a secondtechnique,inspired
by theRALPH systemfor pavedroads[12], whichdoesnot
rely on prior learnedtextureinformation. Instead,it makes
theassumptionthattheareaimmediatelyin-front of theve-
hicleis onapathwhosetexturepropertiesaredifferentfrom
thesurroundingnon-drivableareas.For this cueto bereli-
able,we have to constrainthe solutionto a strict geomet-
ric model wherethepathboundarylies on straightparallel
edges.Thisallowsusto reducethedrivablepathproblem to
4 degreesof freedom:(x; y) positionof thevanishingpoint,
andleft andright distanceto theedgeof thepath.

Thegeometricconstraintborneout of the ¯at world as-
sumption,perspective cameraandparallelpathboundaries
in theworld suggestthefollowing projection-warpscheme
[12] perframe:given a hypothesisof PitchandYaw angles
of the camera,the imageis warpedto form a top view in
world coordinates. In the warped imagethe path bound-
ariesaresupposedto beparallel vertical linesif indeedthe
Pitch andYaw anglesarecorrect. A projectionof the im-
agetextureedgesontothehorizontalaxiswill producea1D
pro®lewhosepeakscorrespondto vertical textureedgesin
the warpedimage. We look for a pair of dominantpeaks
in the 1D pro®le andgeneratea score valuewhich is then
maximizedby searchover thePitchandYaw angles.

In a nutshell,we startwith thePitchandYaw anglees-
timatesof the previous framefollowed by an incremental
PitchandYaw estimationusingoptic-¯ow anda smallmo-
tion model.Theincrementalestimationis basedon theso-
lution of themotionequationperimagepoint (x; y):

xwx + ywy = yu � xv;

where(u; v) arethe¯ow (displacements)of thepoint (x; y)
and wx ; wy are the Pitch and Yaw angles. We usepoint
tracking in the vicinity of the horizonand the closeareas
in front of thecamerain orderto recover wx ; wy in a least-
squaresfashion.TheincrementalPitchandyaw anglesare
addedto the previous frame estimateto form the current
frame startingpoint for Pitch/Yaw ®nding. The imageis
thenwarpedwith thecurrentPitch/Yaw estimate.

The warpedimageis divided into overlapping10 � 10
blockswith eachpixel forming a block center. Using the
Walsh-Hadamard®lter bank describedabove we estimate
thelikelihoode� � thatthevertical line passingthroughthe
block centerforms a texture gradient where � is the L 1

distancebetweentheWH vectordescriptorsof the two re-
spective halvesof the block. Horizontal texture gradients
areprojectedvertically onto the x-axis for the purposeof
evaluatinga Pitch/Yaw hypothesis.A strong hypothesisis
backed by a dominantpair of peaksin the projection(see
Fig. 6(d)). Thepathboundariesandotherverticalelements
in theimagecreatehigh valuesin theprojection,while low
valuesare most likely caused by non-continuousvertical
texture gradients typically associatedwith bushes,rocks,
andso forth. The peaksin this projectionaremaximized
whenthevanishing point hypothesisis correctandlinesup
with the pathedges(andpossiblyotherparallel features).
To ®nd high and narrow peaks,we convolve the projec-
tion with a box-shapedtemplate. To scoreour vanishing
point hypothesis,we remove low peaksand thensumthe
remainingones. Maximum valuesfor this scoresuggest a
stronghypothesis. By ®nding the highestpeaksfor these
hypotheses,oursystemis ableto ®nd thelateralpositionof
the left andright boundaries.Fig. 6(e)shows theºcleaned
upº 1D projectionpro®le andthe associatedpair of peaks
correspondingto thepathboundarylines.

Our projection-warp iterative schemeis summarizedas
follows:

Algorithm 1 (Projection-Warp)
1) Calculate incrementalPitch and Yaw anglesusing

optic-�ow and the small motion model. Using the previ-
ousframeand incrementalestimates,generate the current
estimateof thevanishingpoint.
2) Createa warpedbasedon thevanishingpoint.
3) Calculatevertical texture gradientswithin the warped
image using the WH ®lter bank on10 � 10 overlapping
blocks.
4) De®ne a reasonablerange of Pitch and Yaw angles
aroundthecurrentestimate.
5) For each vanishing point hypothesis,performa warping
andprojectthegradientedgesontoa 1D pro®le.
6) Clean-up the1D pro®le by convolution with a box®lter
and remove low peaks.Sumthe remainingvaluesandob-
tain a score.
7) Repeattheproject-warpstepsandsetthePitch andYaw
anglesto thosethatmaximize theprojectionscore.

5. Results

We describebelow a numberof performancemeasures
we have collectedof thesystem.Theultimateperformance
testis how well it performson the taskof aiding thenavi-
gationalunit of anautonomousvehicleto safely traversea
terrainathighspeeds.Oursystemwasusedfor thispurpose
by theGolem/UCLA teamcompetingin the2005DARPA
GrandChallenge.Ouroutputwascombinedwith othersen-
sorsto allow thevehicleto staywithin thepathwhile driv-
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Figure 6. Projection-Warp Search: (a) original image with the
overlaidpathboundaryandvanishingpoint results.(b) thewarped
image. (c) texture gradientsmagnitude. (d) projection: vertical
sumof gradients.(e) projection pro®le followed by convolution
with a box ®lter. Thetwo lineson top of thehistogrammarksthe
pathboundaries.

ing at speedsup to 50 mphon straightsegmentsaswell as
to navigatemountainoustrails.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure7. Sampleimagesandsystemoutputfrom 6 hoursof driv-
ing in the Mojave desert(2004DGC race). The path is marked
by two left-right boundary pointsanda centerpoint with heading
orientation.TheºXº mark in (h) coincideswith Zerocon®dence
(i.e., systemdeactivatesmomentarily)dueto confusionwith mul-
tiple shadows. In (i) thepathis detectedeven thoughthevehicle
is not centeredon the path(a situationwhich is common for au-
tonomousdriving).

Our systemwastrainedover 200randomlyselectedim-
agesfrom 6 hoursof video over 140 miles of trails in the
Mojave desertcoveringthecourseof DARPA GrandChal-
lenge2004.Thetrails cover a largevarietyof terraintypes

(a) (b) (c)

(d) (e) (f)

Figure8. The Path /Non-pathtexture classi®cation(a),(d) is fol-
lowed by sky blocksremoval andby ®tting threelines (arranged
asa trapezoid)to thePathblocks. In (b),(e)all theblockswithin
the trapezoidarelabeledasPath,andall the othersasNon-path.
Finally, thepathboundariesatagivendistanceis calculated(c),(f)
togetherwith thepathcenterandheadingangle.

includingsandystraightpaths,gravel coveredwindingtrails
androcky mountainpasses.Thevideowasrecordedwith a
cameralocatedinsidethecabinandmountedon thewind-
shieldnearthe rearview 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 thetrainingphase,wetestedthesystemperformance
on theoriginal6 hoursof videowith a45degreesFOV and
with onehour of video recordedwith an 80 degreesFOV.
Sampleimagesof the systemoutputduring thesetestsare
shown in Fig. 7, while Fig. 8 shows the resultsof eachof
themainpartsof theclassi®cationbasedalgorithm.

Overall performance. The most meaningfuloverall
systemperformancemeasureis to counthow often (what
fraction of frames)the systemproducedcorrectpathedge
positionsand,whereappropriate,headingangles.Further-
more, it is crucial for the systemto know whenit can not
determinethepathaccurately, so that thevehiclecanslow
down andrely moreoninformationfrom othersensors.Our
resultsarebrokendown to differentterraintypes.For each,
representative challengingclips of 1000 frameswere se-
lected(seeFig. 9) and the systemperformancescoredon
thosesequencesby a humanobserver. The pathedgedis-
tanceaccuracy wascomputedby observingthepositionof
theroadedgemarksapproximately6 metersin front of the
vehicle. A frame was labeled incorrect if the path edge
marker at that location appearedto be more then 30 cm
(� 18 pixels) away from the actualpath boundary. For
straightpathstheperceivedvanishingpoint of thepathwas
also marked, and our algorithm's headingindicator was
comparedto thelateralposition of thatpoint.

A. On relatively straightsegmentswith a comfortably
widepath,thenavigationsystemallows thevehicleto drive
atspeedsup to 50mph.For thosetypeof scenes(clip (a) in



(a) (b)

(c) (d)

Figure9. Sampleimagesfrom the threeclips usedfor numerical
performancemeasures.(a) looselymarked pathboundaries.(b)
crossingdry river bedwith geometricelevationahead.(c) moun-
tain pass.(d) Reachingthecrestof thehill, shortsegmentof the
roadis visible,andthesystemreportslow con®dencedetection.

Fig. 9), our systemreportedavailability (high systemcon-
®dence)100% of the time while producing accuratepath
boundarylocations99.5% of the time. The meanangular
deviation of the headinganglefrom the manuallymarked
vanishingpointwas1:7deg.

B. This clip is anexampleof anuneventerrainwith ele-
vationchanges.Thevehiclepassesthroughadry riverditch
(Fig. 9(b)) whereboththepathtextureandscenegeometry
is dif®cult. Whenthe vehicle reachesthe crestof the hill
(Fig. 9(d)) only a shortsegmentof roadis visible. In this
case,thesystemreportedlow con®dence(wasunavailable)
8% of the time. Whenavailable,however, theaccuracy in
boundarylocationswas98%.

C. This clip contains a winding mountain pass
(Fig. 9(c)), which is dif®cult dueto pathcurvatureaswell
astexturevariation.Nevertheless,oursystemwasavailable
throughouttheclip andachievedanaccuracy of 96% in de-
tectingthepathboundary.

Method Comparison. Of the 2 methodspresentedin
thepaper, wesetthesystemto primarily rely on thetexture
classi®cation(section3) subsystemwith thegeometricsub-
system(section4) usedasa fall back whenthein-pathand
out-of-pathtexture could not be well classi®ed. In scene
(A), dueto thevegetationon theside, the texturecouldbe
well classi®edwhile theexactlocationof thetexturebound-
ary of thepathis quite fuzzy. This heavily favors theclas-
si®cationapproach:in fact, the geometricsubsystemwas
active lessthan2% of thetime. On theotherhand,clip (B)
hadregionswith non-typicaltexture: in this case,thegeo-
metricsubsystemwasdominantbetween9 and20% of the
frames,dependingon theexactparametertuning.

Pixel-wisePerf ormance. Anotherway to measurethe
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Figure10.Precision-recallcurve.

performanceof thepathclassi®cationis tocountthenumber
of pathpixels that werecorrectlyand incorrectly labeled.
Werandomlyselected60 framesfrom the6 hoursof video,
handlabeledthe Path and Non-pathpixels, and computed
theprecision-recallcurvefor differentchoicesof � , thefac-
tor from section3. Theprecision-recall curve is presented
in Fig. 10. Only pixels below the manuallylabeledlimit
line wereincludedin thoseresults.

We repeatedthis test for the 3 clips above (50 frames
each)andcomparedourresultsagainstthatof [14] and[10].
While a direct comparisonis impossible without running
the algorithmson the sameclips, we attemptedto convert
ourstatisticsto theperformancemetricsthatwereemployed
in thosestudies(“classi®cationaccuracyº and“pixel cover-
ageºrespectively). The comparisonis summarized in Ta-
bles1 and2.

Weaknesses.As ouralgorithmreliesontexture,oursys-
temseemsto performlesswell (reportinglow con®dence)
wherethereare signi®cantshadows presentin the scene.
Unfortunatelywe currentlydo not have enoughtrainingor
testingdataavailableto quantifyor to attemptto overcome
this problem,thereforeasa result the systemoutputsºNo
Path Visibleº (an ºXº 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 show the
original footageoverlaid with graphicsmarking the path
left and right boundarypoints and the vehicle orientation
as has beenrecovered form the video (only). The clip
ºmountain.mpgºshows a mountain passageterrain, the
clip ºtexture.mpgº shows a typical deserttype of terrain
with vegetationmaterialon the sidesof the path and the
clip ºelevationChanges.mpgºshows the situation of hill
climbing (systemdeactivatesmomentarilyat the crestof
thehill).



Method Classi®cationaccuracy
Ours(randomsetof images) 90.0
Rasmussen 88.6

Table1. Results:Classi®cationaccuracy metric.

Roadtype Pixel coverage
ill-structuredboundaries 0.790
Ditches,largepitchchanges 0.732
Windingmountainpath 0.881
Randomsetof images 0.822
Lieb etal. 0.697

Table2. Results:Pixel coveragemetric.

6. Summary

We have describedan off-road path-®nding algorithm
that was designedas an aide for autonomousdriving as
part of the recent2005 DGC race. The unique feature
of the system is that it incorporatestwo different detec-
tion modalitiesonebasedon textureclassi®cationof image
into ºPathºandºNon-pathºregionsfollowed by cleaning-
up processesfor turningthe classi®cationresultinto a path
with straight-lineboundariesandorientations.Thesecond
module(projection-warp search)is basedon a geometric
approachgovernedby cameraparameters(PitchandYaw),
¯at world assumptionand parallel path boundariesin the
scene.Thetwo modulesrun in parallelandthesystemout-
put is governedby themodulewith thehighestcon®dence.
The texture classi®cationmoduleusesa Walsh-Hadamard
®lter bankfollowedby anAdaboosttrainedclassi®er. The
projection-warpsearchcombinesmotionestimationfor an
initial cameraparametersestimationfollowed by a search
maximizingthesharpnessof peaksin the1D projectionof
theverticaltexturegradients.
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