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ABSTRACT

We presentnalgorithmthatextractsthelargestshapewith-
in aspeci c class,startingfrom a setof imageedgels.The
algorithminheritsthe Best-FirstSegmentatiorapproachl].
However, insteadof beingapplicableonly to shapesie ned
within a given classof curves, we have extendedour ap-
proachto tacklemoregeneral andcomple - shapesFor
example we cannow processhape®btainedrom setsde-
ned over differentkinds of curvesandrelatedto onean-
other by estimatedparameters.Therefore,we go from a
segmentatiorproblemto arecognitionproblem.In orderto
reducethe compleity of the searchingalgorithm,we work
with a linearly parameterizedlassof shapes.This allows
us, rst, to usearecursve Least-Squaredting, secondto
castthe problemasthe searchof a largestedgelsubsein a
directedagyclic graph,and,third, to easilyintroducea pri-
ori informationonthelocationof the edgelsof thesearched
subset.This leadsusto proposea uni ed approachwhere
recognitionandtrackingarecombined Experiment®nrec-
ognizing andtracking both left andright road boundaries
demonstrat¢hatreal-timeprocessings achiezable.

1. INTRODUCTION

A robustdetectionandtracking- via on-boardcamera of
roadlanemarkingsandboundariess of majorimportance
for automaticvehicle guidance. For lateral vehicle guid-
ance,road boundariedetectionmustat leastprovide at a
goodrateestimate®f therelative orientationandof thelat-
eral position of the vehiclewith respectto the road. Au-
tomatic vehicle guidancehasbeena subjectof investiga-
tionsfrom mary years[2, 3]. Contraryto thesetechniques
and mary classicalapproacheswe memge the recognition
andthe tracking processeto onesingle process.In ad-
dition, in orderto copewith occlusionby vehicles,sign-
s, light spotsor shadavs, and low image contrast,we do
notassumeparticularmarkingsor roadlightning condition-
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s. Lanerecognitionstartingfrom a large setof edgelsis
basednly on geometricafeatures.

This paperpresentsan approachbaseduponthe curve
segmentationalgorithm rst introducedin [1]. This algo-
rithm provesespeciallyattractve becausé canhandlecurves
evenin situationswheretherearegapsin thedata thisin an
automaticfashion. In the contet of this algorithm,shapes
in 2D imagesare describedy their boundariesyhich are
thenrepresentedy linearly parameterizedurves. In [1],
the longestcurveswhich individually t into a chosen
classof curvesare obtained. Due to the geometryof the
road,the probabilityto obtainthe laneboundariegrom the

longestcurvesprovesto behigh. However, no consisten-
cy betweerextractedcurvesis imposedneitherin time nor
in space.

We thereforeextendthis method: (i) by modelinglane
boundariesstheimageof two parallelcurveson theroad,
so that left and right boundariescontritute to that same
model; (i) by imposingtime consisteng betweenthe ex-
tractedmodels,sothattheleft andright boundariesaresi-
multaneouslyextracted. This providesreliability in the de-
tection- the probabilityto nd two parallelcurvesthatdo
not correspondo the laneboundariess smallerthanfor t-
wo independenturves-, bettermeasuremerdincethetwo
curvesareembeddednto the samemodel,andareduction
of the computatiortime thanksto thetracking. An alterna-
tive way to think aboutour algorithm,is thatit consistsn a
modelbasedrackingcombinedwith extractingthe largest
dataset tting themodel.

2. RECOGNITION

2.1. The Model

We assumehat the roadis planarandthat its boundaries
may be approximatedy a polynomialof degree :
. The transformationbetweenthe road plane
andtheimageplane is: — and
—,where and areonly functionsof the camerecali-
brationparametersWe setthe origin of the coordinatesys-



temto apointonthesky line - the positionof thisline canbe
computedrom the cameracalibration. Then,theleft road
boundaryis projectedn theimageascurve

1)

Theright roadboundaryis assumedo have the sameshape
astheleft one,andbeingtranslatedy thewidth of thelane.
Thereforejts projectionin theimageis thecurve

(@)

where istheunknovnwidth of theroadlane.In atypical
image, the road boundariesappearas piecesof and

We de ne the extendedroad boundariesmodel on the
basisof the above pairing of curves. The extendedparam-

etersof sucha shapeare , . De n-
ing and

, equations(1) and (2) above be-
come and , respectiely.

2.2. Maximum Length Criterion

We formulatethe “lane boundarydetectionproblem”, asa
searchfor the longestboundarieghat belongto the shape
modelintroducedabove. Sincethelaneboundarymodelis

alinearly parameterizedlassof shapesit canbe detected
by extendingthe searchingalgorithmwe proposedn [1].

In this earlier work, the highestenegy subsetsf edgels
that t to anunderlyingcurve arerecursvely detectedsee
Fig. 1(c). Following the Mumford and Shah[4] approach,
theenegy wasde ned asatradeof betweerthe tting er

ror and a function of the length of the edgelsubset

(3)

A dif cult problemin obtainingsuchanenengyisthechoice
of the parameter . Indeed,the measure is balanced
with the tting error andthereforeits corvexity is related
to the tting errorcorvexity, aswell as , andit cannotbe
physicallyinterpretedvithoutanexplicit de nition of
and

We have foundexperimentallythatit is betterto accept
an edgelsubsetasa valid approximationof an underlying
parametrizeghapei|f its is lower thana threshold .
Thevalueof is thendirectly relatedto the obsered ac-
curag of theshapedrawing in theimage.The rst termin

theenepgy (3) is changedaccordinglypy ——— |

where is astepfunctionde ned as when
and arnywhereelse. The selectionof a step
function permitsusto bypasgshedelicatechoiceof abal-
ancebetweernthe two termsin (3). Here forcesthe data
to be approximatedwithin arangefrom to . Hencere-
gardles®f thechoiceof , theproblembecomesimply
to nd thelargestedgelsubsetvhich approximates shape
in agivenclass.Roughlyspeakinginsteadof searchingor
thebesttradeof between  and , Wearenow search-
ing for thelargestsubsetj.e., theonethatmaximizes ,
amongthosewhich satisfya minimal quality tting criteri-
on,i.e, . We call this formulationthe Maximum
LengthCriterion undera tting constraint,or MLC in the
following.

Choosingsimply, for MLC, the sum length of edgels
in the subsetthe problemcan be equivalently castasthe
minimizationof:

(4)

where is thelengthof edgel . From (4) andfollowing
theBest-FirstSeggmentatiorapproach1], onecannaturally
make useof the MLC for partitioningall edgesof a given
imagein subsetswhereeachsubsetpproximatesishapean
agivenclass.Indeedthe Best-FirstSegmentatiorapproach
is alwaysapplicable sinceit consistin nding thelargest
edgelsubsetrst, followedby aremoval of this subsefrom
the edgelset. Thenonemay iteratethe searchfor the next
largestedgelsubsetsand so on, until thereare no edgels
left.

In the contet of edgesegmentationpn the contraryto
approachebasedntheenegy (3), theMLC yieldsaprob-
lemcontrolledsimplybythe parametemwhichhasaphys-
ical meaning themaximalaveragedistanceapproximation.
Furthermorethe MLC canbe chosenasneed ts, sinceit
will notbebalancedvith the tting error.

2.3. RecognitionAlgorithm

Therecognitionprocessn animageconsistsn (see[1] for
details):

Edgel Detector. For minimizing as muchas possi-
ble the useof contrast-basedelectionsan edgelis
de ned asa straightline segmentembeddedn level
linesof thegivenimage.Sincethethresholdingf the
gradientmagnitudds reducedo asinglegraylevel d-
ifference the edgelsarenumerousseeFig. 1(b), but
contraryto otherapproacheso low contrastoound-
ariesaremissed.

Graph Building: Edgelsare orderedby their coor
dinatesand organizedas nodesin an agyclic direct-
ed graph,i.e every edgelis linked to all the follow-
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Fig. 1. (a)theoriginalimageand(b) theresultof thestraight
line sgmentdetector From (b), (c) the sggmentationin
15 bestcurvesand(d) thelongestshapemodelingbothleft
andright road boundarieswith extendedparametersising
tracking.

ing consistenedgels.The consisteng dependsipon
proximity andalignmentof bothedgels.

Graph Searching: The distancebetweenan edgel
andboth curves and , Is the minimal dis-
tanceof this edgelto eachof thesecurves. Then
ary edgelis associatedo the curve with the lowest
distancefor recursve updateof = parameters.By
choosingsucha distancebetweeranunderlyinglane
boundaryandanedgel,we allow Least-Squaresnin-
imizationwith respecto theshapeparametersThus,
we directly apply recursie Least-Squaretheory; i.e
themainpropertyuponwhichKalman Itering is based.
Recursve tting is usedwith greatadvantageduring
thegraphsearchingo performfastpruning. Theidea
is to keepnotonly thebestassumptiorarriving atthe
currentnode,suchasin dynamicprogrammingbut
anorderedist of the bestassumptionsAn assump-
tion is herean edgelsubsetepresentedby its under
lying shapeparameters.

This algorithmcanbe appliedusingthe shapeparame-
ters or the extendedones . Fig. 1
illustratesthe process:the original image (a) is corverted
into a list of edgels(b). In (c), we displaythe 15 longest
cunesestimatedndependentlyWe seethatevenif theleft
side of the laneis correctly extracted,the right sideis not
long enoughwith respecto the pedestriarcrossingmark-
ingsandthereforeis not extracted.Wheready usingin (d)
theextendedshapeparametersd, e thelaneboundariesirea
pair of curves,thelaneboundariesreextractedasthe rst
longestpair of curveshaving time consisteny, asdescribed
next.

3. DYNAMIC TRACKING

3.1. Initializing by Bias Towards a Simpler Shape

Fig. 2. Recursve tting with anincreasingnumber of

edgels(l, 2, 3, 9, 11, and 20 respectiely) by parallelpair

of curvesof degreeb5. Thereis 7 parametersor this kind of

shape.Whenthe numberof edgelis too smallto constrain
enoughthe shapeparametersthe resultis biasedtowards
parallellines.

Inthe rst stepsofthegraphsearchingunderconstrained
tting of parametrizecturvesis performedon small set-
s of edgels. When an edgelset containslessedgelsthan
the degree of 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 valueswe have the chanceo controlthe a pri-
ori informationon the possibleshapesandlocationsof the
searcheaurves.

Mainly, thechoiceof aspecic  and depend®n
the applicationcontext. For instance for the recognition
of road boundarieshapein the rst imageof a video se-

quencewe set , where is thewidth of
a standardane,and  equalsa diagonalmatrix with di-
agonal - - . Thevalueof is chosento be

large enoughto allow the shapeto be ableto deformand
thus t the provideddata. is thea priori varianceof the
lanewidth , the last shapeparameter Thereis zerofor

thea priori variancef , sincewe wantthe tting to be
invarianttoa translatiorof theroadboundariesWe chose
decreasin@ priori variancedor  parameterdyecauseve

wantto a priori biastheresultingshapeowardsalower de-
greeshapesuchasa pair of corverging linesratherthana
pair of higherdegreecurves.

In Fig 2, theintermediatets illustrateshow the tting,
and thus the recognition,is biasedtowards parallel lower
degreepolynomial. Whenthe datadoesnot containenough
informationfor accurateestimatesthealgorithm ts theda-
ta setby two curvescloseto two parallellines. Notice the
robustnes®f the tting to the badinitialization of the lane



width

Lower arethe variancesn  , i.e betteris our con -
dencein thea priori information,morethe tting error
discriminatesrom edgelscloseto to edgelsfar awvay.
As aconsequencdetteris the con dence,lower canbethe
number of bestassumptionsve needto keepateachnode
during the graphsearchingandthusfasteris the algorith-
m. Thisleadsto ef cient dynamictrackingof shapesvithin
rathercomplicatedclassof shapes.

3.2. Time consistency

Fig. 3. Recursve tting with anincreasingiumberof points
by parallel pair of curvesof degree5. The useda priori
informationis a translatedversionof the searchecturves
(to becomparedo Fig. 2).

Let beingthetime index of the currentimage,we as-
sumeto know parameters andcovariancematrix
of the shapen the previousimage. From and ,
we want the algorithmto searcha shapeattime in alo-
cationcloseto andwith a shapesimilar to the oneat time

. Fig 3 shawvs how using previously detectedcurves
the algorithmcornvergescloseto the optimal solutionwhen
only two edgelsareprocessed.

Whenadynamicmodelof thevehicleis known, theini-
tializationof =~ and  canbe obtainedusingpredictions
for ~and . Contrary whenthis modelis unknown, a
Principal componengnalysiscanbe performedon the pa-
rametersobtainedfrom pre-processeudideosof roadlane-
markings. This allows a learningon how the shapeis usu-
ally moving anddeforming. Thisis usedthento set  to
arescaledrersionof , Wherescalingis appliedonly in
thedirectionsof mainvariationof the curvesparameters.

This initialization introducesnot only a biastowardthe
previous extractedshapeshut will alsoadda priori infor-
mationon the areawhereto searchfor edgels. We arein
factimplicitly focusingthe searchin areaswhereinterest-
ing edgelshasa high probabilityto be found,andtherefore
we speedupthesearchingThis allowstheprocesgo runin
areasonabléme onrathercomplicatedmagesandpermits
ef cient simultaneousecognitionandtracking.

Fig. 4 shaws trackingresultsof roadboundariesn im-
ageswith light spotsor with holesin thelane-markingsin
Fig. 1 computatiortime on a Pentium200Mhz,32Mo are:
(b) for theedgelset,(c) forthebestl5 curveswith-
outtracking,(d) for bestpair left andright boundaries
with tracking.

(@) (b)

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

4. CONCLUSION

We wereableto memgethetrackingwith arecognitionalgo-
rithm which ensureghatthelargestdatasetis matchedvith
the parametricmodel of the target. On one hand, the use
of extendedparameterincreaseshe searchingompleity,
but, onthe otherhand,the useof a priori informationfrom
thetrackingallows usto retrieve thelaneboundariesasthe
rstly extractedpair of curves.Theproposedipproachmay
provide a useful frameawork in other contexts and we are
currently working on extendingit even more for tracking
andrecognizingclosedcurvesin images.
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