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Abstract

Givena singleimage of an arbitrary road, that maynot
be well-paved,or haveclearly delineatededges, or some
a priori knowncolor or texture distribution, is it possible
for a computerto nd this road? This paper addresses
this questionby decomposinghe road detectionprocess
into two steps:the estimationof the vanishingpoint asso-
ciated with the main (straight) part of the road, followed
by the segmentationof the correspondingoad areabased
onthedetectedranishingpoint. Themaintednical contri-
butionsof the proposedapproadc are a novel adaptivesoft
voting schemebasedon variable-sizedsoting region using
con dence-weighteabor Iter s,which computeghedom-
inanttexture orientationat ead pixel,anda new vanishing-
point-constained edge detectiontechnique for detecting
road boundaries. The proposedmethodhas beenimple-
mented,and experimentswith 1003 genesl road images
demonstatethatit is bothcomputationallyef cient andef-
fectiveat detectingroad regionsin challengingconditions.

1. Intr oduction

Numerousimage-basedoad (border) detectionalgo-
rithms have emegedasoneof the component®f fully au-
tomaticvehiclenavigation systemg10]. Most of theearly
systemshave focusedon following the well-paved struc-

turedroadthatis readily separatedrom its surroundings.

More recently triggeredby the DARPA GrandChallenge
[1], acompetitionbetweerautonomousff-roadvehiclesin
the Mojave desertmary algorithmshave attemptedo han-
dle off-roadconditions.Althoughsigni cant advanceshave
beenmadeon specializedsystemdor detectingindividual
roadtypes little progres$iasbeenmadein proposingagen-
eralalgorithmto detecta variety of typesof roads.
Givenaroadimageasshaown in Fig.1,canthecomputer
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Figurel. Differenttypesof roadswith varyingcolors,texturesand
lighting conditions.

roughly determinewherethe roadis? This paperanswers
this questionby proposinga novel framework for segment-
ing the roadareabasedon the estimationof the vanishing
point associatedvith the main (straight) part of the road.
The noveltiesof this paperlie in the following aspects(1)
In the estimationof texture orientation,we not only com-
pute the texture orientationat eachpixel, but also give a
con denceto eachestimation. The introducedcon dence
is then incorporatedinto the vanishingpoint estimation.
(2) Observingthatthe higherimagepixels tendto receve
more votesthan lower imagepixels, which usually results
in wrong vanishingpoint estimationfor the road images
wherethe true vanishingpoint of theroadis notin the up-
perpartof theimage,alocally adaptie soft-voting (LASV)
schemeis proposedo overcomethis problem. This van-
ishing point estimationmethodis muchmoreef cient than
previoustexture-basednethods.Theschemeaisesadaptie-
sizedlocal voting region, in which pixels having low con-
dence texture orientationestimationarediscarded (3) To
segmenttheroadarea,a vanishing-pointonstraineayroup
of dominantedgesare detectedbasedon an Orientation
Consisteng Ratio (OCR),andfrom which two mostdomi-



nantedgesareselectedastheroadborders.Sincethe color
cueis not used,this road detectionmethodhandleswell
change®f illumination andappliesto generakroadimages.

2. Relatedwork

For structuredroads,the localizationof roadbordersor
roadmarkingsis oneof themostcommonlyusedapproach.
Laser[15], radar{8], sterewision[3], colorcue[16], Hough
transform[14, 18], steerablelters [5], Splinemodel[17]
etc. have beenutilizedto nd theroadboundarie®r mark-
ings. Thedrawbacksof thesemethodds thatthey only con-
sistentlywork for structuredoadswith noticeablemarkings
or borders Methodshasednsegmentingtheroadusingthe
colorcuehave alsobeenproposedut they donotwork well
for generakoadimage,speciallywhentheroadshave little
differencein colorsbetweertheir surfaceandthe erviron-
ment.

For unstructuredoadsor structuredroadswithout re-
markableboundariesand markings,Alon et al. [2] have
combinedthe Adaboost-basetkgion sggmentatiorandthe
boundarydetectionconstrainedy geometricprojectionto

nd the“drivable” roadarea.However, it needsmary dif-
ferenttypesof roadimagedo trainaregionclassi er, which
might be onerous.Reverseoptical o w technique[7] pro-
vides an adaptve sggmentationof the road area, but the
methoddoesnotwork well on chaoticroadswhenthecam-
erais unstableandthe estimationof the optical o w is not
enoughrobust. Stereocamerd4, 9] arealsousedto deter
mine terraintraversability Whenthereis little difference
in color betweenthe road surfaceand off-road area, it is
hardto nd strongintensity changeto delimit them. The
onecharacteristichat seemgo de ne theroadin suchsit-
uationsis texture. The associatedpproache§ll, 12, 13
have attemptedo de ne the forward “drivable” imagere-
gion by utilizing the texture cue. They rely on computing
thetexture orientationfor eachpixel, thenseekthe vanish-
ing point of the roadby a voting schemeand nally local-
ize the road boundaryusing the color cue. Our approach
belonggo thisline of researchOur maincontributionsare:
a texture orientationestimationat eachpixel of the image
for which a con dencelevel is provided (Section3), a vot-
ing schemeakinginto accounthis con dencelevel andthe
distancefrom the voting pixel to the vanishingpoint can-
didate(Section4), and a new vanishing-pointconstrained
edgedetectiontechniquefor nding the boundariesof the
road(Sectionb).

3. Con dence-weightedtexture orientation es-
timation

Ourtexture orientationestimatiorrelieson Gabor lters
sincethey are known to be accurateg(seefor instance[12,
Section2.1]). The kernelsof the Gabor lters are similar

to the 2D receptve eld pro les of the mammaliancorti-
cal simplecellsandexhibit desirablecharacteristicef spa-
tial locality andorientationselectvity. For anorientation
anda scale(radial frequeng) , the Gaborwavelets(ker
nels, Iters) arede ned by [6]

where , and

(octave1.7in [6]). We consider5 scaleson ageometric
gridand orientationsTheseparameteraresimilarto the
onesin [12]. Figure2 shavstherealandimaginarypartsof
the Gaborkernels.
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Figure2. Gaborkernelswith 5 scalesand36 orientationsrealpart
kernels(rows 1 to 5) andimaginarypartkernels(rows 6 to 10).

Let bethegraylevel valueof animageat
The corvolution of image anda Gaborkernelof scale
andorientation is de ned asfollows

@)

The cornvolution result at pixel hastwo
componentsarealpartandanimaginarypart. To bestchar
acterizethelocaltexture propertiesywe computethe square
normof this“complex responsedf theGabor lter for each
36 evenly spacedsabor Iter orientations:

Re Im

The responsémage for an orientationis then de ned
asthe averageof the responsest the differentscales(see
Fig.3):

Average

Thetexture orientation is choserasthe Iter orien-
tationwhich givesthe maximumaveragecomple response
atthatlocation(the averageis takenoverthe5 scales):

Argmax

Thesecondow of Figure4 shavstheimagesoverlaidwith
asubsamplef thetexture orientationsestimatediusingGa-
bor Iters.

From the corvolution theoremappliedto Eq. (1), we
have
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Figure3. Left: Fourpointsonwhichthe Gaborcomplex responses
areevaluated. Right: The Gaborcomplex responsesor the four
points.

Figure4. Firstrow: four roadsampleémages.Secondow: images
overlaid with texture orientationsestimatedusing Gabor®lters.
Third row: examplesof the con®dencemap for the texture ori-
entationestimation.The brighterthe pixel, the highercon®dence
the orientationestimation. Fourth row: pixels with con®dence

largerthan , Where

and isthelargestandsmalleston®dencealuerespec-
tively.

hence

where and denotethe Fourier and inverseFourier

transform,respectiely. The useof the fastFourier trans-
form andof the equatily

with and
allows fastcomputatiorof theresponsémage.

Although the above solution for texture orientationes-
timation hasbeenusedby someprevious researchershis
estimatedextureorientationis notguaranteetb becorrect.
To provide acon dencelevel to thetextureorientation
at pixel , we usehow pealy the function is

nearthe optimumangle . Let
betheorderedvaluesof the Gaborresponséor the
sideredorientationgin particular
con dencein theorientation

con-
). The
is givenby

Average

Conf

In our experiments, we discard the pixels having a
con dence score smaller than Conf
Conf | andconsiderthe remainingpixels asthe

“voting” pixels. The constant  canbe seenasan arbi-
trary thresholdput on thenormalizedcon dencescore.

We did not usedirectly the magnitudeof the response
of the Gabor lter, sinceit leadsto worseresultsthanthe
proposedmethod. Thesenegative resultsare mostly due
to high magnitudesof the responseén partsof the image
that are not relatedto the road andlow magnitudesof the
Gaborresponsén theroadarea,which oftenhappenaith
unstructuredoadsandbright sky.

4. Locally adaptive soft-voting

After having computedthe texture orientationat each
pixel of the image,one can make thesepixels vote to ob-
tain thevanishingpoint. Preciselyapixel for whichthe
texture orientationis the vector ~ canvote for all pixels

abore (we considerimagesn whichtheroadis below
the sky) suchthatthe angle betweerthe di-
rection andthevector  isbelov somex edthresh-

old . This“hard-woting” strateyy hasbeenusedin [12]. In
our experimentswe noticethatthis schemeendsto favor
pointsthatarehighin theimage leadingsometimeso large
errorsin theestimatiorof thevanishingpoint. A typicalim-
agefor which this defectappearss givenin Fig.5.

To deal with this problem, we proposea soft-woting
schemewhere the voting scorereceved by a vanishing
point candidatéfrom a voteris a valuetaking into account
the distancebetweerthe vanishingpoint candidateandthe
voter Thevanishingpointis searchedn the top por-
tion of thewholeimage,which, to ourknowledge,is areal-
istic assumptiorfor generaroadimages.For eachpoint
of theimage,we de ne avoting region astheintersec-
tion of the Gaborresponsémagewith a half-diskbelow

centeredht (seeFig.6). Theradiusof this half-diskis set
to be , where is the heightof theimage.
Eachpixel inside ,forwhichthetextureorientation

hasbeencon dently estimatedseeendof Section3),
will vote for the candidatevanishingpoint  all the more
as iscloseto andtheorientationof its texturecoincide
with thedirection . Speci cally, weintroducetheratio
equalto thedistancebetween and dividedby
thediagonalengthof theimage,andlet
betheanglein degreesetweerthedirection
texture orientationat

andthe



Figure5. lllustration of the problemin vanishingpoint estimation
by conventionalvoting stratgyy. P1,P2,P3andP4 arefour pos-
sible voters. V1 and V2 aretwo vanishingpoint candidategas-
sumingthatV2 is thetrue vanishingpoint). , and
arerespectiely the texture orientationvectorsof the four voters.
Thetwo vanishingpointcandidateslivide thewholeimageregion
into threezones,denotedasZ1, Z2 andZ3. Z1 doesnot vote for
bothcandidatesBoth Z2 andZ3 potentiallyvote for V1 while V2
recevesvotesonly from Z3. Thereforethehighervanishingpoint
candidatesendto receize morevotesthanthelower candidates.

Figure6. Left: Global . Right: local . The blue belt in
theimagesis the borderpixels excludedfrom voting owing to the
Gaborconvolution kernelsize.

Vote otherwise )

Notethatthethresholdon alsodepend®nthedistance
between and sothatpointthatarefar away (but still
within ) are taken into accountonly if the angle is
very small (typically lessthan3 ), while pointscloserto

will betakeninto accountup to . This allows to
limit thein uence of pointsatthe bottomof theimageand
improvesthe computationakf ciency andthe accuray of
theresults.At theend,thevanishingpointis detectedasthe
the candidatehatreceivesthelargestvoting score.

The advantage®f the proposed ASV methodover the
corventional global hard-woting methodlie in three-fold

whenthe true vanishingpoint doesnot lie at the very top
endof theimage. First, the soft-wting stratgy suppresses
thesupporto thefalsevanishingpoint(i.e.,thosevanishing
point candidatesbove the true vanishingpoint) by making
the voting scorefar lessthanone (unless is very small).
For example, it reducesthe supportreceived by V1 from
thosevotersin ~ and  in Fig.5. Secondit increaseshe
ratio of the supportreceved by the true vanishingpoint to
that received by the higherfalsevanishingpoint, e.g., the
supportto V2 is largerthanthatto V1 if P1votesfor both
V1 andV2, while the supportto V1 andV2 is equalwhen
usinghard-wting methodevenif P1votesfor bothV1 and
V2. To discardpixels far away from the vanishingpoint
candidateor with low con dencein thetexture orientation,
or with  not smallenoughresultsin a signi cant compu-
tational speed-up.Our empirical resultsshov that LASV
is morethan ve times fasterthanthe global hard-\oting
method[12].

5. Road segmentation

The correctly estimated vanishing point provides a
strongclueto thelocalizationof theroadregion. Therefore,
we proposea vanishing-pointconstraineddominantedge
detectionmethodto nd the two mostdominantedgesof
theroad.Basedon thetwo dominantedgeswe canroughly
segmentthe road areaand updatethe vanishingpoint esti-
matedby LASV with thejoint point of the two mostdomi-
nantedges.

The proposedroad sggmentationstrateyy is to nd the
two mostdominantedgesby initially nding the rst one
andthe otherbasedon the rst one. We prefernot to use
the color cuein nding theseedgesbecausef the follow-
ing threereasonsColor usuallychangewith illumination
variation. For someroadimagesthereis very subtleor no
changein colors betweenthe roadandits surroundingar
eas,e.g.,theroad coveredby snawv or desertroad. Or for
someroads color changesiramaticallyin theroadarea.

For the purposesof easyillustration, the de nition of
“OrientationConsisteng Ratio” (OCR)is givenin thetop
left imageof Fig.7: is aline consistingof a setof discrete
orientedpoints (the orientationof thesepointsdenotedby
a black arrow in the gure). For eachpoint, if the angle
betweenthe point's orientationand the line's directionis
smallerthanathreshold this pointis viewedto be orienta-
tionally consistentvith theline. OCRis de ned astheratio
betweerthenumberof orientationallyconsistenpointsand
the numberof total pointson the line. In animage,each
pointcorrespondso a pixel.

We nd thattheestimatedranishingpointcoincideswith
the joint point of a few dominantedgesof the roadif this
vanishingpointis a correctestimationwhile it usuallyfalls
on the extensionof oneof the mostdominantedgesf it is
awrongestimationtherefore we proposeo usetheinitial



Figure7. lllustrationof detectiorof thetwo mostdominantedges.
Topleft: line sggmentsconsistingof discreteorientedpoints. Top
right: initially detectedvanishingpoint. Bottom left: detection
of the two mostdominantedgesbasedon initial vanishingpoint.
Bottomright: thetwo mostdominantedgesandupdated/anishing
point.

vanishingpoint asa constraintto nd the rst mostdom-
inant edgeof the road. The top right image of Fig.7 il-

lustrateghis searchprocesswherethe rst mostdominant
edgeis detectedasthe onewhich hasthelargestOCRfrom

thesetof linesgoingthroughtheinitial vanishingpoint (the
anglebetweentwo neighboringlinesis setto be5 ). The
redline, E, in the bottomleft imageof Fig.7, is detected
asthe rst mostdominantedgeandits lengthis denoted
as . To avoid possiblefalsedetectioncausedy short
edgesthesmallest is setto bethehalf imageheight.

Oncethe rst borderof theroadE is found,we will up-
datetheinitial vanishingpoint by looking at the pointson
E having several dominantedgescorverging to it accord-
ing to the OCR. For this, througheach(regularly) sampled
pixel onE, we constructasetof line sggmenty ) such
thatthe anglebetweenary two neighboringof  is x ed
( in our experiments) We alsosettheanglebetween
E andary oneof islargerthan20 (motivatedby the
assumptiorthat the vanishinganglebetweerthe two road
bordersis largerthan20 ). We computethe OCRfor each
line of , andfor eachnew vanishingpoint candidate
we considerthesum  of thetop OCR( in our
experiments). The greenline segmentsin Fig.7 arethe
linesstartingfrom receving thetop OCR.Thevanish-
ing pointis thenestimateasthepoint maximizing . We
try otherpointsalongE besideghe initial vanishingpoint
sincetheinitial vanishingpointestimatiormaynotbeaccu-
rate(i.e.,it is notthejoint point of themostdominantedges
of the roads). The updatednitial vanishingpoint estimate
canbe obsened in the last three columnsof the last ve

Tablel. Selectiorcriterionfor the seconddominantedge

1. Countingthe numberof dominantedgeswhich devi-

ateto left andright respectiely

2. If all deviateto left or right, the two mostdominant
edgescorrespondo the two candidatesvith the largest
andsmallestdeviation anglerespectrely.

3. Otherwise,nd thosedominantedgeswvhich have dif-

ferentdeviation orientationfrom the rst dominantedge
4. Divide thesedominantedgesinto several clustersac-
cordingto theanglebetweertwo neighboringdominant
edgese.qg.,if theangleis no smallerthan , thetwo
neighboringdominantedgedelongto differentclusters.
5. Find the centerof the largestclusterasthe deviation
angleof the secondmostdominantedge. If morethan
oneclustershave equalnumberof dominantedgesthe
centerof theseclusterds used.

rows of Fig.10.

From the updatedvanishingpoint and more precisely
fromthe dominantedgeswhich have votedfor it, we de-
ducethe position of the secondborderof the road as ex-
plainedin Tablel. Thelengthof the obtainedsecondmost
dominantedgeis denoted andthe lengthof the rst
dominantedgeis updatedo (seeFig.7). Thesmallest

andthe smallest aresetto be onethird of the
imageheightto avoid possiblefalsedetections.

6. Experimental results
6.1 Vanishing point estimation

Vanishingpointestimatioris testedon 1003generafload
images.Theseroadimagesexhibit largevariationsin color,
texture, illumination and ambientervironment. Among
them,about430imagesarefrom thephotographsakenona
scoutingtrip alonga possibleGrandChallengeroutein the
SoutherrCaliforniadesertandtheotherpartis downloaded
from internetby Googlelmage. Someimagesamplesare
shavnin Fig.1. All imagesarenormalizedto the samesize
with heightof 180 andwidth of 240. To assesshe algo-
rithm's performancess. humanperceptiorof the vanishing
point location,we request persongo manuallymark the
vanishingpoint locationafter they aretrainedto know the
vanishingpoint concept.A median Iter is appliedto these
humanrecordedesultsandthe averageof the median Iter
resultsis regardedasthe groundtruth position.

For brevity, the soft voting stratgy de ned in Eq.2is
denotedby “Soft” andthe hardvoting strateyy (by replac-
ing —— with 1in Eq.2)isdenotedas“Hard”. The
voting strateyy basedn globalvoting region (left imageof
Fig.6) is denotedby “Global” andthe one basedon local
voting region (right imageof Fig.6)is denotedby “Local”.



We compareghe“Hard” v.s. “Soft” and“Global” v.s. “Lo-
cal” schemes.We also comparedifferent combinationof
themwith/withoutintroducingthecon dencefactor Figure
8 visually givesus the comparisorof vanishingpoint esti-
mationon somesampleimages. The estimationusingthe
“Hard” and“Soft” voting basedon global are shavn
in (&) and(b) respectiely, while someresultsusing“Hard”
and“Soft” voting basedon local areshowvnin (d) and
(e) respectiely. Figure8 (c) and(f) shavs somesamples
voted from thoseimage pixels whosecon dence scoreis
largerthan . By compar
ing (a) with (b) and comparing(d) with (e), it canbe ob-
senedthat“Soft” voting schemas betterthan“Hard” vot-
ing scheme By comparing(a) with (d) andcomparing(b)
with (e),we nd thatlocalvotingregionschemeés moreac-
curatethanglobal voting region one. The examplesbased
onthe“Soft” votingfrom thosehighly con denttextureori-
entationsin the global areshown in row (c), andthe
estimationdasedn LASV areshavn in row (f). Compar
ing (c) with (a) and(b), andcomparing(f) with (d) and(e),
we nd thatit doesimprove the vanishingpoint estimation
accurag by introducingthe con dencemeasure.

Figure9 lists somestatisticsof the above differentcom-
binations. Basedon the groundtruth positions,we com-
putethe L2 norm distanceof the resultsproducedby the
above differentcombinationgo the groundtruth positions,
andput thesedistancesnto a 15-bin histogram.If the dis-
tanceis larger thanor equalto 15, it is put into the 15th
bin of the histogram. The seven histogramsare shavn in
(a) of Fig.9. FromFig.9 (a), we may nd thatthe vanish-
ing point estimationfrom the pixels with high con dence
is muchbetterthanthe estimationwithout consideringthe
con dencefactor Thethreshold,"T”, of thecon denceis
setto be . Local voting-
region basedmethod producesmore accurateestimation
thanthe correspondingylobal voting-region basedmethod.
Basedon thesehistogramswe alsocomputethe percentage
of theimageswhoseerror distanceis smallerthana num-
ber The bestresultscomefrom the “Soft” voting based
onthehigh-con denceimagepixelsof thelocal (con -
dencevalueis largerthan )
plus updatingby the joint point of the two mostdominant
edges.About 96% of all imageshave anerror distanceno
biggerthan 10 pixels. The methoddescribedin [12] be-
longsto the“Global’+“Hard” schemeBasedon our exper
iment, our algorithmsperform much better: applying the
“Global’+"Hard” schemeo our data,thereare 87 images
wherethe true vanishingpoint is nearthe bottom of the
frame andthe error is larger than 50 pixels. In contrast,
suchalargeerroroccursin only 33imagesfor thewealest
variant(Global + Soft) of our method. Whenthe erroris
smallerthan15 pixels, the two methodggive similar accu-
racies.On averageon our testdata,our methodgivesa 9-

(@)

(b)

(€

(d)

()
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Figure8. Comparisorof vanishingpoint estimationbasedon dif-
ferentcombinations.

pixel insteadof 14-pixel errorfor the methodin [12]. Note
that, for curvedroad,the vanishingpoint by our methodis
locatedatthejoint pointof themostimmediatestraightroad
borders.

6.2 Dominant edgedetection and road segmenta-
tion

Amongthe1003imagesabout300imagesarefrom well
pavedroadswith paintedmarkers.Excludingthe430desert
images,the restimagescorrespondingo the rural roads
have no paintedlines althoughpart of themare alsowell
paved. In about35% of the well-paved road imageswith
paintedines,thepaintediine is detectecasoneof the most
dominantedges.For over 90% of the rural roads,the two
roadbordersare detectecasthe two mostdominantedges.
For thedeserimagestheroadcanbe correctlydetectedas
longasthevanishingpointestimatioris closeto thetruepo-
sition. For curvedroads thedetectedoadregionis themost
immediatelydrivableareaalthoughpart of theroadsurface
cannotbe fully encompasseby the two dominantedges.
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Figure9. Comparisorof vanishingpoint estimatioraccurag.

Figure10 (a) correspond$o thedesertroadimagesandthe
bottom ve rows comesfrom the downloadedmages.The
last threecolumnsof Figure 10 (b) shavs us someexam-
pleswhich arewrongly estimatecby LASV but corrected
by the two dominantedges. The initial vanishingpoints
by LASV are shawvn in the secondrow respectiely. The
detecteddominantedgecandidatesare shovn in the third

row of themrespectiely. Thetwo mostdominantedgesare
detectecandshawn in the fourth row of themrespectiely.

Theupdatedranishingpointsby dominantedgesareshowvn

in thelastrow.

7. Conclusion

A novel framework for sggmentingthe generalroadre-
gion from onesingleimageis proposedasedon the road
vanishingpointestimatiorusinganovel schemecalledLo-
cally Adaptive Soft-Voting (LASV) algorithm.Thenthees-
timatedvanishingpointis usedasa constrainto detecttwo
dominantedgesfor sgmentingthe road area. To remove
the effect causedy noisypixels,eachGabortexture orien-

tationis estimatedvith a con dencescore.In voting, only
thepixelsof alocal voting region whosecon denceis high
areused,which reduceghe computationatompleity and
improvestheaccurag signi cantly.
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