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ABSTRACT

Wepresentanalgorithmthatextractsthelargestshapewith-
in a speci�c class,startingfrom a setof imageedgels.The
algorithminheritstheBest-FirstSegmentationapproach[1].
However, insteadof beingapplicableonly to shapesde�ned
within a given classof curves,we have extendedour ap-
proachto tacklemoregeneral- andcomplex - shapes.For
example,wecannow processshapesobtainedfrom setsde-
�ned over differentkinds of curvesandrelatedto onean-
other by estimatedparameters.Therefore,we go from a
segmentationproblemto a recognitionproblem.In orderto
reducethecomplexity of thesearchingalgorithm,we work
with a linearly parameterizedclassof shapes.This allows
us,�rst, to usea recursive Least-Squares�tting, second,to
casttheproblemasthesearchof a largestedgelsubsetin a
directedacyclic graph,and,third, to easilyintroducea pri-
ori informationonthelocationof theedgelsof thesearched
subset.This leadsus to proposea uni�ed approachwhere
recognitionandtrackingarecombined.Experimentsonrec-
ognizingand tracking both left and right road boundaries
demonstratethatreal-timeprocessingis achievable.

1. INTRODUCTION

A robustdetectionandtracking- via on-boardcamera- of
roadlanemarkingsandboundariesis of major importance
for automaticvehicle guidance. For lateral vehicle guid-
ance,roadboundariesdetectionmustat leastprovide at a
goodrateestimatesof therelativeorientationandof thelat-
eral positionof the vehiclewith respectto the road. Au-
tomatic vehicle guidancehasbeena subjectof investiga-
tionsfrom many years[2, 3]. Contraryto thesetechniques
andmany classicalapproaches,we merge the recognition
andthe trackingprocessesinto onesingleprocess.In ad-
dition, in order to copewith occlusionby vehicles,sign-
s, light spotsor shadows, and low imagecontrast,we do
notassumeparticularmarkingsor roadlightningcondition-

�

Thesecondauthorperformedthework while at LIVIC

s. Lane recognitionstartingfrom a large set of edgelsis
basedonly ongeometricalfeatures.

This paperpresentsan approachbaseduponthe curve
segmentationalgorithm�rst introducedin [1]. This algo-
rithmprovesespeciallyattractivebecauseit canhandlecurves
evenin situationswheretherearegapsin thedata,this in an
automaticfashion.In thecontext of this algorithm,shapes
in 2D imagesaredescribedby their boundaries,which are
thenrepresentedby linearly parameterizedcurves. In [1],
the

�

longestcurveswhich individually �t into a chosen
classof curvesare obtained. Due to the geometryof the
road,theprobabilityto obtainthelaneboundariesfrom the

�

longestcurvesprovesto behigh. However, noconsisten-
cy betweenextractedcurvesis imposedneitherin time nor
in space.

We thereforeextendthis method:(i) by modelinglane
boundariesastheimageof two parallelcurveson theroad,
so that left and right boundariescontribute to that same
model; (ii) by imposingtime consistency betweenthe ex-
tractedmodels,so that the left andright boundariesaresi-
multaneouslyextracted.This providesreliability in thede-
tection- the probability to �nd two parallelcurvesthat do
not correspondto the laneboundariesis smallerthanfor t-
wo independentcurves-, bettermeasurementsincethetwo
curvesareembeddedinto thesamemodel,anda reduction
of thecomputationtime thanksto thetracking.An alterna-
tiveway to think aboutouralgorithm,is thatit consistsin a
modelbasedtrackingcombinedwith extractingthe largest
dataset�tting themodel.

2. RECOGNITION

2.1. The Model

We assumethat the road is planarand that its boundaries
may be approximatedby a polynomialof degree � : �����
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, where�
� and �"! areonly functionsof thecameracali-

brationparameters.We settheorigin of thecoordinatesys-



temto apointonthesky line - thepositionof thisline canbe
computedfrom thecameracalibration. Then,the left road
boundaryis projectedin theimageascurve ��������� :
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Theright roadboundaryis assumedto havethesameshape
astheleft one,andbeingtranslatedby thewidth of thelane.
Therefore,its projectionin theimageis thecurve ���
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where
�

is theunknown width of theroadlane.In a typical
image,the road boundariesappearas piecesof � ������� and
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� .
We de�ne the extendedroadboundariesmodelon the

basisof theabove pairingof curves. Theextendedparam-
etersof sucha shapeare � �
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2.2. Maximum Length Criterion

We formulatethe “lane boundarydetectionproblem”,asa
searchfor the longestboundariesthat belongto the shape
modelintroducedabove. Sincethelaneboundarymodelis
a linearly parameterizedclassof shapes,it canbedetected
by extendingthe searchingalgorithmwe proposedin [1].
In this earlier work, the highestenergy subsetsof edgels
that �t to anunderlyingcurve arerecursively detected,see
Fig. 1(c). Following theMumford andShah[4] approach,
theenergy wasde�ned asa tradeoff betweenthe �tting er-
ror anda function %'& (
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of the lengthof the edgelsubset
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A dif�cult problemin obtainingsuchanenergy is thechoice
of the parameter

3

. Indeed,themeasure%
& (

�
�

is balanced
with the �tting error and thereforeits convexity is related
to the �tting errorconvexity, aswell as

3

, andit cannotbe
physicallyinterpretedwithoutanexplicit de�nition of %5&+(

�
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and %

�

�
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.
We have foundexperimentally, thatit is betterto accept

an edgelsubsetasa valid approximationof an underlying
parametrizedshape,if its %

�

�

�

is lower thana threshold
3

.
The valueof

3

is thendirectly relatedto the observed ac-
curacy of theshapedrawing in theimage.The�rst termin

theenergy (3) is changedaccordinglyby 6
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anywhereelse. The selectionof a step
function 6 permitsusto bypassthedelicatechoiceof a bal-
ancebetweenthe two termsin (3). Here 6 forcesthe data
to beapproximatedwithin a rangefrom � to

3

. Hence,re-
gardlessof thechoiceof %'& (

� �

, theproblembecomessimply
to �nd thelargestedgelsubsetwhich approximatesa shape
in agivenclass.Roughlyspeaking,insteadof searchingfor
thebesttradeoff between%

�

�
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and %�&+(
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, wearenow search-
ing for thelargestsubset,i.e., theonethatmaximizes%5&+(
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,
amongthosewhich satisfya minimal quality �tting criteri-
on, i.e., %
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3

. We call this formulationthe Maximum
LengthCriterion undera �tting constraint,or MLC in the
following.

Choosingsimply, for MLC, the sum length of edgels
in the subset,the problemcanbe equivalently castas the
minimizationof:
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where �

� is the lengthof edgel
*

� . From(4) andfollowing
theBest-FirstSegmentationapproach[1], onecannaturally
make useof the MLC for partitioningall edgesof a given
imagein subsets,whereeachsubsetapproximatesashapein
agivenclass.Indeed,theBest-FirstSegmentationapproach
is alwaysapplicable,sinceit consistsin �nding the largest
edgelsubset�rst, followedby aremoval of thissubsetfrom
theedgelset. Thenonemay iteratethesearchfor thenext
largestedgelsubsets,andso on, until thereareno edgels
left.

In thecontext of edgesegmentation,on thecontraryto
approachesbasedontheenergy (3), theMLC yieldsaprob-
lemcontrolledsimplyby the

3

parameter, whichhasaphys-
ical meaning- themaximalaveragedistanceapproximation.
Furthermore,the MLC canbe chosenasneed�ts, sinceit
will notbebalancedwith the�tting error.

2.3. RecognitionAlgorithm

Therecognitionprocessin animageconsistsin (see[1] for
details):J

Edgel Detector: For minimizing asmuchaspossi-
ble the useof contrast-basedselections,an edgelis
de�ned asa straightline segmentembeddedin level
linesof thegivenimage.Sincethethresholdingof the
gradientmagnitudeis reducedto asinglegrayleveld-
if ference,theedgelsarenumerous,seeFig. 1(b),but
contraryto otherapproachesno low contrastbound-
ariesaremissed.

J

Graph Building: Edgelsareorderedby their coor-
dinatesandorganizedasnodesin an acyclic direct-
ed graph,i.e every edgelis linked to all the follow-



(a) (b)

(c) (d)

Fig. 1. (a)theoriginalimageand(b) theresultof thestraight
line segmentdetector. From (b), (c) the segmentationin
15 bestcurvesand(d) thelongestshapemodelingbothleft
andright roadboundarieswith extendedparametersusing
tracking.

ing consistentedgels.Theconsistency dependsupon
proximity andalignmentof bothedgels.J

Graph Searching: The distancebetweenan edgel
andbothcurves �

������� and ���

�����

� , is theminimal dis-
tanceof this edgel to eachof thesecurves. Then
any edgelis associatedto the curve with the lowest
distancefor recursive updateof � parameters.By
choosingsucha distancebetweenanunderlyinglane
boundaryandanedgel,we allow Least-Squaresmin-
imizationwith respectto theshapeparameters.Thus,
we directly apply recursive Least-Squarestheory, i.e
themainpropertyuponwhichKalman�ltering is based.
Recursive �tting is usedwith greatadvantageduring
thegraphsearchingto performfastpruning.Theidea
is to keepnotonly thebestassumptionarriving at the
currentnode,suchasin dynamicprogramming,but
anorderedlist of the � bestassumptions.An assump-
tion is hereanedgelsubsetrepresentedby its under-
lying shapeparameters.

This algorithmcanbeappliedusingtheshapeparame-
ters � �

�




�

� or the extendedones � �
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�

�

�

� . Fig. 1
illustratesthe process:the original image(a) is converted
into a list of edgels(b). In (c), we displaythe 15 longest
curvesestimatedindependently. We seethatevenif theleft
sideof the laneis correctlyextracted,the right sideis not
long enoughwith respectto the pedestriancrossingmark-
ingsandthereforeis notextracted.Whereasby usingin (d)
theextendedshapeparameters,i.e thelaneboundariesarea
pair of curves,thelaneboundariesareextractedasthe�rst
longestpairof curveshaving timeconsistency, asdescribed
next.

3. DYNAMIC TRACKING

3.1. Initializing by Bias Towards a Simpler Shape

Fig. 2. Recursive �tting with an increasingnumber of
edgels(1, 2, 3, 9, 11, and20 respectively) by parallelpair
of curvesof degree5. Thereis 7 parametersfor thiskind of
shape.Whenthenumberof edgelis too small to constrain
enoughthe shapeparameters,the result is biasedtowards
parallellines.

In the�rst stepsof thegraphsearching,under-constrained
�tting of parametrizedcurves is performedon small set-
s of edgels. When an edgelset containslessedgelsthan
the degreeof freedomof the �t, instabilitiesoccur. But
the graphbuilding requiresimplicitly the initialization of
�tting parameters�

� andcovariancematrix
�

� for eachs-
ingle edgel. Following the Kalman's theory, by choosing
theseinitial values,we have thechanceto controlthea pri-
ori informationon thepossibleshapesandlocationsof the
searchedcurves.

Mainly, thechoiceof a speci�c �

� and
�

� dependson
the applicationcontext. For instance,for the recognition
of roadboundariesshapein the �rst imageof a video se-
quence,we set �

�
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is thewidth of
a standardlane,and
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� equalsa diagonalmatrix with di-
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. The valueof

�
is chosento be

large enoughto allow the shapeto be able to deformand
thus�t the provideddata.

�
is the a priori varianceof the

lanewidth
�

, the last shapeparameter. Thereis zero for
thea priori variancesof




� , sincewe want the �tting to be
invariantto a � translationof theroadboundaries.Wechose
decreasinga priori variancesfor




� parameters,becausewe
wantto apriori biastheresultingshapetowardsa lowerde-
greeshapesuchasa pair of converging lines ratherthana
pair of higherdegreecurves.

In Fig 2, theintermediate�ts illustrateshow the�tting,
and thus the recognition,is biasedtowardsparallel lower
degreepolynomial.Whenthedatadoesnot containenough
informationfor accurateestimates,thealgorithm�ts theda-
ta setby two curvescloseto two parallellines. Notice the
robustnessof the �tting to thebadinitialization of the lane



width
�

.
Lower are the variancesin

�

� , i.e betteris our con�-
dencein thea priori information,morethe�tting error %

�

�

�

discriminatesfrom edgelscloseto �

� to edgelsfar away.
As aconsequence,betteris thecon�dence,lowercanbethe
number� of bestassumptionsweneedto keepateachnode
during the graphsearching,andthusfasteris the algorith-
m. This leadsto ef�cient dynamictrackingof shapeswithin
rathercomplicatedclassof shapes.

3.2. Time consistency

Fig. 3. Recursive�tting with anincreasingnumberof points
by parallel pair of curvesof degree5. The useda priori
information is a translatedversionof the searchedcurves
(to becomparedto Fig. 2).

Let
�

beingthe time index of thecurrentimage,we as-
sumeto know parameters� �

���

andcovariancematrix
�

�

���

of theshapein theprevious image.From �

�
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and
�

�

� �

,
we want the algorithmto searcha shapeat time

�

in a lo-
cationcloseto andwith a shapesimilar to the oneat time

�
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"
. Fig 3 shows how usingpreviously detectedcurves

thealgorithmconvergescloseto theoptimalsolutionwhen
only two edgelsareprocessed.

Whenadynamicmodelof thevehicleis known, theini-
tializationof �

� and
�

� canbeobtainedusingpredictions
for �

� and
�

� . Contrary, whenthis model is unknown, a
Principal componentanalysiscanbeperformedon thepa-
rametersobtainedfrom pre-processedvideosof roadlane-
markings.This allows a learningon how theshapeis usu-
ally moving anddeforming.This is usedthento set

�

� to
arescaledversionof

�

�

���

, wherescalingis appliedonly in
thedirectionsof mainvariationof thecurvesparameters.

This initialization introducesnot only a biastowardthe
previous extractedshapes,but will alsoadda priori infor-
mationon the areawhereto searchfor edgels. We are in
fact implicitly focusingthe searchin areaswhereinterest-
ing edgelshasa high probabilityto befound,andtherefore
wespeedupthesearching.Thisallowstheprocessto runin
areasonabletimeonrathercomplicatedimagesandpermits
ef�cient simultaneousrecognitionandtracking.

Fig. 4 shows trackingresultsof roadboundariesin im-
ageswith light spotsor with holesin thelane-markings.In
Fig. 1 computationtime on a Pentium200Mhz,32Mo are:
(b) �

#
���

� for theedgelset,(c)
"

� for thebest15curveswith-
out tracking,(d) �

# �

� for bestpair left andright boundaries
with tracking.

(a) (b)

(c) (d)

Fig. 4. (a) (c): thelargestpair of left andright roadbound-
ariesis trackedin 40 images.(b) (d): oneof theprocessed
imagewherelight spotsandshadows may inducerecogni-
tion dif�culties.

4. CONCLUSION

Wewereableto mergethetrackingwith arecognitionalgo-
rithm whichensuresthatthelargestdatasetis matchedwith
the parametricmodelof the target. On onehand,the use
of extendedparametersincreasesthesearchingcomplexity,
but, on theotherhand,theuseof a priori informationfrom
thetrackingallows usto retrieve thelaneboundariesasthe
�rstly extractedpairof curves.Theproposedapproachmay
provide a useful framework in other contexts and we are
currently working on extendingit even more for tracking
andrecognizingclosedcurvesin images.
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