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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 decomposingthe road detectionprocess
into two steps:the estimationof the vanishingpoint asso-
ciatedwith the main (straight) part of the road, followed
by thesegmentationof thecorrespondingroad area based
on thedetectedvanishingpoint. Themaintechnical contri-
butionsof theproposedapproach are a novel adaptivesoft
votingschemebasedon variable-sizedvotingregion using
con�dence-weightedGabor�lter s,which computethedom-
inanttextureorientationat eachpixel,anda newvanishing-
point-constrained edge detectiontechnique for detecting
road boundaries. The proposedmethodhas beenimple-
mented,and experimentswith 1003 general road images
demonstratethat it is bothcomputationallyef�cient andef-
fectiveat detectingroadregionsin challengingconditions.

1. Intr oduction

Numerousimage-basedroad (border) detectionalgo-
rithmshave emergedasoneof thecomponentsof fully au-
tomaticvehiclenavigationsystems[10]. Most of theearly
systemshave focusedon following the well-paved struc-
turedroad that is readily separatedfrom its surroundings.
More recently, triggeredby the DARPA GrandChallenge
[1], acompetitionbetweenautonomousoff-roadvehiclesin
theMojavedesert,many algorithmshaveattemptedto han-
dleoff-roadconditions.Althoughsigni�cant advanceshave
beenmadeon specializedsystemsfor detectingindividual
roadtypes,little progresshasbeenmadein proposingagen-
eralalgorithmto detectavarietyof typesof roads.

Givena roadimageasshown in Fig.1,canthecomputer
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Figure1.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 associatedwith the main (straight)part of the road.
Thenoveltiesof this paperlie in thefollowing 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) Observingthat the higherimagepixels tendto receive
morevotesthanlower imagepixels,which usuallyresults
in wrong vanishingpoint estimationfor the road images
wherethetruevanishingpoint of theroadis not in theup-
perpartof theimage,alocally adaptivesoft-voting(LASV)
schemeis proposedto overcomethis problem. This van-
ishingpoint estimationmethodis muchmoreef�cient than
previoustexture-basedmethods.Theschemeusesadaptive-
sizedlocal voting region, in which pixelshaving low con-
�dence textureorientationestimationarediscarded.(3) To
segmenttheroadarea,a vanishing-pointconstrainedgroup
of dominantedgesare detectedbasedon an Orientation
Consistency Ratio(OCR),andfrom which two mostdomi-



nantedgesareselectedastheroadborders.Sincethecolor
cue is not used,this road detectionmethodhandleswell
changesof illuminationandappliesto generalroadimages.

2. Relatedwork

For structuredroads,the localizationof roadbordersor
roadmarkingsis oneof themostcommonlyusedapproach.
Laser[15], radar[8], stereovision[3], colorcue[16], Hough
transform[14, 18], steerable�lters [5], Splinemodel [17]
etc.havebeenutilized to �nd theroadboundariesor mark-
ings.Thedrawbacksof thesemethodsis thatthey only con-
sistentlywork for structuredroadswith noticeablemarkings
orborders.Methodsbasedonsegmentingtheroadusingthe
colorcuehavealsobeenproposedbut they donotworkwell
for generalroadimage,speciallywhentheroadshave little
differencein colorsbetweentheir surfaceandtheenviron-
ment.

For unstructuredroadsor structuredroadswithout re-
markableboundariesand markings,Alon et al. [2] have
combinedtheAdaboost-basedregion segmentationandthe
boundarydetectionconstrainedby geometricprojectionto
�nd the“drivable” roadarea.However, it needsmany dif-
ferenttypesof roadimagesto trainaregionclassi�er, which
might be onerous.Reverseoptical �o w technique[7] pro-
vides an adaptive segmentationof the road area,but the
methoddoesnotwork well onchaoticroadswhenthecam-
erais unstableandtheestimationof theoptical �o w is not
enoughrobust. Stereocamera[4, 9] arealsousedto deter-
mine terrain traversability. When thereis little difference
in color betweenthe road surfaceand off-road area,it is
hard to �nd strongintensitychangeto delimit them. The
onecharacteristicthatseemsto de�ne theroadin suchsit-
uationsis texture. The associatedapproaches[11, 12, 13]
have attemptedto de�ne the forward “drivable” imagere-
gion by utilizing the texture cue. They rely on computing
thetextureorientationfor eachpixel, thenseekthevanish-
ing point of theroadby a voting scheme,and�nally local-
ize the roadboundaryusing the color cue. Our approach
belongsto this line of research.Ourmaincontributionsare:
a texture orientationestimationat eachpixel of the image
for which a con�dencelevel is provided(Section3), a vot-
ing schemetakinginto accountthiscon�dencelevel andthe
distancefrom the voting pixel to the vanishingpoint can-
didate(Section4), anda new vanishing-pointconstrained
edgedetectiontechniquefor �nding the boundariesof the
road(Section5).

3. Con�dence-weightedtexture orientation es-
timation

Our textureorientationestimationreliesonGabor�lters
sincethey areknown to be accurate(seefor instance[12,
Section2.1]). The kernelsof the Gabor�lters aresimilar

to the 2D receptive �eld pro�les of the mammaliancorti-
cal simplecellsandexhibit desirablecharacteristicsof spa-
tial locality andorientationselectivity. For anorientation

�

anda scale(radial frequency) � , the Gaborwavelets(ker-
nels,�lters)arede�ned by [6]
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(octave1.7in [6]). Weconsider5 scalesonageometric
gridand IKJ orientations.Theseparametersaresimilarto the
onesin [12]. Figure2 showstherealandimaginarypartsof
theGaborkernels.

Figure2.Gaborkernelswith 5 scalesand36orientations:realpart
kernels(rows 1 to 5) andimaginarypartkernels(rows 6 to 10).
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Theconvolution of image L anda Gaborkernelof scale�

andorientation
�

is de�ned asfollows
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Theconvolution result
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hastwo
components,arealpartandanimaginarypart.To bestchar-
acterizethelocal textureproperties,wecomputethesquare
normof this“complex response”of theGabor�lter for each
36evenlyspacedGabor�lter orientations:
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The responseimage for an orientationis then de�ned
asthe averageof the responsesat the differentscales(see
Fig.3): X
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ThetextureorientationY
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is chosenasthe�lter orien-
tationwhichgivesthemaximumaveragecomplex response
at thatlocation(theaverageis takenover the5 scales):
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Thesecondrow of Figure4 showstheimagesoverlaidwith
a subsampleof thetextureorientationsestimatedusingGa-
bor �lters.

From the convolution theoremappliedto Eq. (1), we
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Figure3.Left: FourpointsonwhichtheGaborcomplex responses
areevaluated.Right: The Gaborcomplex responsesfor the four
points.

Figure4.First row: four roadsampleimages.Secondrow: images
overlaid with texture orientationsestimatedusing Gabor®lters.
Third row: examplesof the con®dencemap for the texture ori-
entationestimation.Thebrighterthepixel, thehighercon®dence
the orientationestimation. Fourth row: pixels with con®dence
larger than ��� �����	��
���
���������������
�������� , where ��
���
������

and������
������ is thelargestandsmallestcon®dencevaluerespec-
tively.
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allows fastcomputationof theresponseimage.
Although the above solution for texture orientationes-

timation hasbeenusedby someprevious researchers,this
estimatedtextureorientationis notguaranteedto becorrect.
To provideacon�dencelevel to thetextureorientationY

�SRT�

at pixel
R

, we usehow peaky the function
�10 2
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In our experiments, we discard the pixels having a
con�dence score smaller than C
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, andconsiderthe remainingpixels as the
“voting” pixels. The constantC

G

I canbe seenasan arbi-
trary thresholdputon 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 responsein partsof the image
that arenot relatedto the roadandlow magnitudesof the
Gaborresponsein theroadarea,which oftenhappenswith
unstructuredroadsandbright sky.

4. Locally adaptivesoft-voting

After having computedthe texture orientationat each
pixel of the image,onecanmake thesepixels vote to ob-
tain thevanishingpoint. Precisely, a pixel J for which the
texture orientationis the vector K

LNM

canvote for all pixels
O

above J (we considerimagesin which theroadis below
thesky) suchthat theangle P
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J
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K

LNM
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betweenthedi-
rection

�

J

O
�

andthevector K

LNM

is below some�x edthresh-
old Q . This “hard-voting” strategy hasbeenusedin [12]. In
our experiments,we noticethat this schemetendsto favor
pointsthatarehighin theimage,leadingsometimesto large
errorsin theestimationof thevanishingpoint. A typical im-
agefor which this defectappearsis givenin Fig.5.

To deal with this problem, we proposea soft-voting
schemewhere the voting score received by a vanishing
point candidatefrom a voter is a valuetaking into account
thedistancebetweenthevanishingpoint candidateandthe
voter. Thevanishingpoint is searchedin the top RSCUT por-
tion of thewholeimage,which, to ourknowledge,is a real-
istic assumptionfor generalroadimages.For eachpoint

O

of theimage,we de�ne a voting region
XWV

astheintersec-
tion of theGaborresponseimagewith a half-diskbelow

O

centeredat
O

(seeFig.6). Theradiusof this half-diskis set
to be C

G

IUX�Y5Z\[^] , whereZ\[^] is theheightof theimage.
Eachpixel J inside

X_V

, for whichthetextureorientation
K

LNM

hasbeencon�dently estimated(seeendof Section3),
will vote for the candidatevanishingpoint

O

all the more
as J is closeto

O

andtheorientationof its texturecoincide
with thedirection

�

J

O
�

. Speci�cally, weintroducetheratio
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equalto thedistancebetweenJ and
O

dividedby
thediagonallengthof theimage,andlet a
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betheanglein degreesbetweenthedirection
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J
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andthe
textureorientationat J .



Figure5. Illustrationof theproblemin vanishingpoint estimation
by conventionalvoting strategy. P1,P2,P3 andP4 arefour pos-
sible voters. V1 andV2 aretwo vanishingpoint candidates(as-
sumingthatV2 is the truevanishingpoint). �

���

, �

���

, �

���

and �

�	�

arerespectively the textureorientationvectorsof the four voters.
Thetwo vanishingpointcandidatesdivide thewholeimageregion
into threezones,denotedasZ1, Z2 andZ3. Z1 doesnot vote for
bothcandidates.BothZ2andZ3potentiallyvotefor V1 while V2
receivesvotesonly from Z3. Therefore,thehighervanishingpoint
candidatestendto receive morevotesthanthelower candidates.

Figure6. Left: Global 
�� . Right: local 
�� . The blue belt in
theimagesis theborderpixelsexcludedfrom voting owing to the
Gaborconvolution kernelsize.
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Notethatthethresholdon a alsodependsonthedistance
betweenJ and

O

so that point that arefar away (but still
within

X V

) are taken into accountonly if the angle a is
very small (typically lessthan3 � ), while pointscloserto

O

will be taken into accountup to a��@X

�

. This allows to
limit thein�uence of pointsat thebottomof theimageand
improvesthecomputationalef�ciency andtheaccuracy of
theresults.At theend,thevanishingpoint is detectedasthe
thecandidatethatreceivesthelargestvotingscore.

Theadvantagesof theproposedLASV methodover the
conventional global hard-voting method lie in three-fold

whenthe true vanishingpoint doesnot lie at the very top
endof the image.First, thesoft-voting strategy suppresses
thesupportto thefalsevanishingpoint(i.e.,thosevanishing
point candidatesabove thetruevanishingpoint)by making
the voting scorefar lessthanone(unlessa is very small).
For example,it reducesthe supportreceived by V1 from
thosevotersin �

�

and �DI in Fig.5.Second,it increasesthe
ratio of thesupportreceivedby the truevanishingpoint to
that received by the higher falsevanishingpoint, e.g., the
supportto V2 is larger thanthat to V1 if P1votesfor both
V1 andV2, while thesupportto V1 andV2 is equalwhen
usinghard-votingmethodevenif P1votesfor bothV1 and
V2. To discardpixels far away from the vanishingpoint
candidate,or with low con�dencein thetextureorientation,
or with a not small enoughresultsin a signi�cant compu-
tationalspeed-up.Our empirical resultsshow that LASV
is more than � ve times fasterthan the global hard-voting
method[12].

5. Roadsegmentation

The correctly estimatedvanishing point provides a
strongclueto thelocalizationof theroadregion. Therefore,
we proposea vanishing-pointconstraineddominantedge
detectionmethodto �nd the two mostdominantedgesof
theroad.Basedonthetwo dominantedges,wecanroughly
segmentthe roadareaandupdatethevanishingpoint esti-
matedby LASV with thejoint point of thetwo mostdomi-
nantedges.

The proposedroadsegmentationstrategy is to �nd the
two mostdominantedgesby initially �nding the �rst one
andthe otherbasedon the �rst one. We prefernot to use
thecolor cuein �nding theseedgesbecauseof the follow-
ing threereasons:Color usuallychangeswith illumination
variation.For someroadimages,thereis very subtleor no
changein colorsbetweenthe roadandits surroundingar-
eas,e.g.,the roadcoveredby snow or desertroad. Or for
someroads,color changesdramaticallyin theroadarea.

For the purposesof easyillustration, the de�nition of
“OrientationConsistency Ratio” (OCR) is given in the top
left imageof Fig.7: � is a line 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 direction is
smallerthana threshold,this point is viewedto beorienta-
tionally consistentwith theline. OCRis de�nedastheratio
betweenthenumberof orientationallyconsistentpointsand
the numberof total pointson the line. In an image,each
pointcorrespondsto apixel.

We�nd thattheestimatedvanishingpointcoincideswith
the joint point of a few dominantedgesof the roadif this
vanishingpoint is acorrectestimation,while it usuallyfalls
on theextensionof oneof themostdominantedgesif it is
a wrongestimation,therefore,we proposeto usetheinitial



Figure7. Illustrationof detectionof thetwo mostdominantedges.
Top left: line segmentsconsistingof discreteorientedpoints.Top
right: initially detectedvanishingpoint. Bottom left: detection
of the two mostdominantedgesbasedon initial vanishingpoint.
Bottomright: thetwo mostdominantedgesandupdatedvanishing
point.

vanishingpoint asa constraintto �nd the �rst mostdom-
inant edgeof the road. The top right imageof Fig.7 il-
lustratesthis searchprocess,wherethe�rst mostdominant
edgeis detectedastheonewhichhasthelargestOCRfrom
thesetof linesgoingthroughtheinitial vanishingpoint(the
anglebetweentwo neighboringlines is setto be 5

�

). The
red line, E, in the bottom left imageof Fig.7, is detected
as the �rst most dominantedgeand its length is denoted
as �

���

�

. To avoid possiblefalsedetectioncausedby short
edges,thesmallest�

���

�

is setto bethehalf imageheight.

Oncethe�rst borderof theroadE is found,we will up-
datethe initial vanishingpoint by looking at thepointson
E having several dominantedgesconverging to it accord-
ing to theOCR.For this, througheach(regularly) sampled
pixel � onE, we constructa setof line segments( ��� ) such
that the anglebetweenany two neighboringof �

� is �x ed
( .

�

X

�

in ourexperiments).Wealsosettheanglebetween
E andany oneof �

� is larger than20
�

(motivatedby the
assumptionthat the vanishinganglebetweenthe two road
bordersis largerthan20

�

). We computetheOCRfor each
line of �

� , andfor eachnew vanishingpoint candidate� ,
we considerthe sum ��� of the top � OCR ( �

�

#

in our
experiments).The greenline segmentsin Fig.7 are the �

linesstartingfrom � receiving thetop � OCR.Thevanish-
ing point is thenestimateasthepoint � maximizing �

� . We
try otherpointsalongE besidesthe initial vanishingpoint
sincetheinitial vanishingpointestimationmaynotbeaccu-
rate(i.e., it is not thejoint pointof themostdominantedges
of the roads).The updatedinitial vanishingpoint estimate
can be observed in the last threecolumnsof the last � ve

Table1. Selectioncriterionfor theseconddominantedge

1. Countingthenumberof dominantedgeswhich devi-
ateto left andright respectively
2. If all deviate to left or right, the two mostdominant
edgescorrespondto the two candidateswith the largest
andsmallestdeviationanglerespectively.
3. Otherwise,�nd thosedominantedgeswhichhavedif-
ferentdeviationorientationfrom the�rst dominantedge
4. Divide thesedominantedgesinto severalclustersac-
cordingto theanglebetweentwo neighboringdominant
edges,e.g.,if theangleis nosmallerthan

�

Y . , thetwo
neighboringdominantedgesbelongto differentclusters.
5. Find thecenterof the largestclusterasthedeviation
angleof the secondmostdominantedge. If morethan
oneclustershave equalnumberof dominantedges,the
centerof theseclustersis used.

rowsof Fig.10.
From the updatedvanishingpoint and more precisely

from the � dominantedgeswhich have votedfor it, we de-
ducethe positionof the secondborderof the roadas ex-
plainedin Table1. Thelengthof theobtainedsecondmost
dominantedgeis denoted�

���

9 andthe lengthof the �rst
dominantedgeis updatedto �

���

6

(seeFig.7).Thesmallest
�

���

6

andthe smallest�

���

9 aresetto be onethird of the
imageheightto avoid possiblefalsedetections.

6. Experimental results

6.1. Vanishingpoint estimation

Vanishingpointestimationis testedon1003generalroad
images.Theseroadimagesexhibit largevariationsin color,
texture, illumination and ambientenvironment. Among
them,about430imagesarefromthephotographstakenona
scoutingtrip alonga possibleGrandChallengeroutein the
SouthernCaliforniadesertandtheotherpartis downloaded
from internetby GoogleImage. Someimagesamplesare
shown in Fig.1. All imagesarenormalizedto thesamesize
with heightof 180 andwidth of 240. To assessthe algo-
rithm'sperformancevs. humanperceptionof thevanishing
point location,we request5 personsto manuallymark the
vanishingpoint locationafter they aretrainedto know the
vanishingpoint concept.A median�lter is appliedto these
humanrecordedresultsandtheaverageof themedian�lter
resultsis regardedasthegroundtruth position.

For brevity, the soft voting strategy de�ned in Eq.2 is
denotedby “Soft” andthehardvoting strategy (by replac-
ing �

�

%�� ��� �
M

�

V

)��

� with 1 in Eq.2)isdenotedas“Hard”. The
votingstrategy basedonglobalvoting region(left imageof
Fig.6) is denotedby “Global” and the onebasedon local
voting region (right imageof Fig.6) is denotedby “Local”.



We comparethe“Hard” v.s. “Soft” and“Global” v.s. “Lo-
cal” schemes.We also comparedifferentcombinationof
themwith/without introducingthecon�dencefactor. Figure
8 visually givesus thecomparisonof vanishingpoint esti-
mationon somesampleimages.The estimationusingthe
“Hard” and “Soft” voting basedon global

X V

are shown
in (a)and(b) respectively, while someresultsusing“Hard”
and“Soft” voting basedon local

X_V

areshown in (d) and
(e) respectively. Figure8 (c) and(f) shows somesamples
voted from thoseimagepixels whosecon�dencescoreis
larger than C

G

I5Y

�

[ 9


����

���

4

[ Z

�

���

���

�

. By compar-
ing (a) with (b) andcomparing(d) with (e), it canbe ob-
servedthat“Soft” voting schemeis betterthan“Hard” vot-
ing scheme.By comparing(a) with (d) andcomparing(b)
with (e),we�nd thatlocalvotingregionschemeis moreac-
curatethanglobal voting region one. The examplesbased
onthe“Soft” votingfrom thosehighly con�dent textureori-
entationsin the global

X V

areshown in row (c), and the
estimationsbasedon LASV areshown in row (f). Compar-
ing (c) with (a) and(b), andcomparing(f) with (d) and(e),
we �nd that it doesimprove thevanishingpoint estimation
accuracy by introducingthecon�dencemeasure.

Figure9 lists somestatisticsof theabovedifferentcom-
binations. Basedon the groundtruth positions,we com-
pute the L2 norm distanceof the resultsproducedby the
above differentcombinationsto thegroundtruth positions,
andput thesedistancesinto a 15-binhistogram.If thedis-
tanceis larger than or equalto 15, it is put into the 15th
bin of the histogram. The seven histogramsareshown in
(a) of Fig.9. From Fig.9 (a), we may �nd that the vanish-
ing point estimationfrom the pixels with high con�dence
is muchbetterthantheestimationwithout consideringthe
con�dencefactor. Thethreshold,”T”, of thecon�denceis
set to be C

G

I Y

�

[ 9
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���

4

[ Z

�
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���

�

. Local voting-
region basedmethodproducesmore accurateestimation
thanthecorrespondingglobalvoting-regionbasedmethod.
Basedonthesehistograms,wealsocomputethepercentage
of the imageswhoseerror distanceis smallerthana num-
ber. The bestresultscomefrom the “Soft” voting based
onthehigh-con�denceimagepixelsof thelocal

XWV

(con�-
dencevalueis largerthan C

G

I<Y

�

[ 9
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[5Z
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)
plus updatingby the joint point of the two mostdominant
edges.About 96% of all imageshave anerrordistanceno
bigger than 10 pixels. The methoddescribedin [12] be-
longsto the“Global”+“Hard” scheme.Basedonourexper-
iment, our algorithmsperform much better: applying the
“Global”+“Hard” schemeto our data,thereare87 images
wherethe true vanishingpoint is near the bottom of the
frame and the error is larger than 50 pixels. In contrast,
sucha largeerroroccursin only 33 imagesfor theweakest
variant (Global + Soft) of our method. Whenthe error is
smallerthan15 pixels, the two methodsgive similar accu-
racies.On average,on our testdata,our methodgivesa 9-

(a)

(b)

(c)

(d)

(e)

(f)

Figure8. Comparisonof vanishingpoint estimationbasedon dif-
ferentcombinations.

pixel insteadof 14-pixel error for themethodin [12]. Note
that, for curvedroad,thevanishingpoint by our methodis
locatedatthejoint pointof themostimmediatestraightroad
borders.

6.2. Dominant edgedetection and road segmenta­
tion

Amongthe1003images,about300imagesarefrom well
pavedroadswith paintedmarkers.Excludingthe430desert
images,the rest imagescorrespondingto the rural roads
have no paintedlines althoughpart of themarealso well
paved. In about35% of the well-paved road imageswith
paintedlines,thepaintedline is detectedasoneof themost
dominantedges.For over 90% of the rural roads,the two
roadbordersaredetectedasthetwo mostdominantedges.
For thedesertimages,theroadcanbecorrectlydetectedas
longasthevanishingpointestimationis closeto thetruepo-
sition. Forcurvedroads,thedetectedroadregionis themost
immediatelydrivableareaalthoughpartof theroadsurface
cannotbe fully encompassedby the two dominantedges.
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Figure9. Comparisonof vanishingpoint estimationaccuracy.

Figure10 (a) correspondsto thedesertroadimagesandthe
bottom� ve rows comesfrom thedownloadedimages.The
last threecolumnsof Figure10 (b) shows us someexam-
pleswhich arewrongly estimatedby LASV but corrected
by the two dominantedges. The initial vanishingpoints
by LASV areshown in the secondrow respectively. The
detecteddominantedgecandidatesareshown in the third
row of themrespectively. Thetwo mostdominantedgesare
detectedandshown in thefourth row of themrespectively.
Theupdatedvanishingpointsby dominantedgesareshown
in thelastrow.

7. Conclusion

A novel framework for segmentingthegeneralroadre-
gion from onesingleimageis proposedbasedon the road
vanishingpointestimationusinganovel scheme,calledLo-
cally AdaptiveSoft-Voting(LASV) algorithm.Thenthees-
timatedvanishingpoint is usedasaconstraintto detecttwo
dominantedgesfor segmentingthe roadarea. To remove
theeffectcausedby noisypixels,eachGabortextureorien-

tationis estimatedwith a con�dencescore.In voting, only
thepixelsof a local voting regionwhosecon�denceis high
areused,which reducesthecomputationalcomplexity and
improvestheaccuracy signi�cantly.
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