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Abstract.
This paperpresentstheapplicationof anevolutionarytechniqueto lanemarkingsdetec-

tion in roadenvironments.The aim is the localizationof the pathin imagesacquiredby a
vision systeminstalledon-boardof a vehiclefor driving assistanceor automationpurposes.
Thefirst stepof theprocedureis theremoval of theperspectiveeffect from theimages.The
resultingbird’s eye view imageis analyzedby meansof ant agentsableto locatethe lane
markings.

Resultsarecomparedagainsttheonesobtainedthanksto adeterministicapproach.

1 Introduction

An autonomousintelligentvehiclehasto performa numberof functionalities.AmongthemLane
Detectionplaysa basicrole.A numberof researchgroupshasdevelopedLaneDetectionsystems
usingartificial vision [1,2,3,4].

The visual perceptionof the road environment is a challengingtask: the knowledgeof the
lanepositionhasto be extractedfrom visual patternsdetectedin the images.In the localization
of specificfeaturessuchasroadmarkingspaintedon theroadsurface,basicproblemshave to be
faced:� shadows (projectedby trees,buildings,bridges,or othervehicles)mayproduceartifactsonto

theroadsurface,andthusaltertheroadtexture;� thesystemhasto berobustenoughto copewith situationswherelanemarkingsareworn and
partly missing;� thesystemshouldbeenoughflexible to adaptto differentroadenvironments.

Thiswork presentsanapproachaimedat theidentificationof lanemarkingsin roadimagesby
meansof collaborativeautonomousagents.

Theactionparadigmof theagentshasbeenconceivedon thebasisof thebehavior of realants
that seekfor food: eachant hasthe taskof exploring the world, locatingfood, andsignallingto
other antsthe path toward food. Ant leave the nestand explore the world in a stochasticway.



Whenthey find a placewith food, they markthepathfrom thenestto thatplacewith pheromone.
Pheromoneattractsotherants,swiftly leadingthemto food. In this way pathsleadingto regions
rich of food will attractmoreandmore ants.At the sametime, pheromoneevaporatesas time
passes,avoidingto misleadantsto old placeswherefoodis alreadyexhaustedor towardnotenough
profitablepaths[5,6,7].

In this work, autonomousagents(the ants) explore the imageseekingfor lanemarkings(the
food).Digital pheromoneis usedto markbestpaths.

Thispaperis organizedasfollows:section2 illustratesprinciplesanddatarepresentationof the
agentparadigm.Section3 introducesthemodelinvolvedwith agents’supervision,while section4
presentssignificantresultsandtouchespossibleimprovementsof thesystem.

2 Lane detection algorithm

A camerainstalledontotheARGO prototypevehicle[8] is usedto obtainimagesof theroad(see
figure1.a).

2.1 Pre-processingphase

The initial processingstepis the removal of the perspective effect [9]. Thanksto the knowledge
of the cameracalibrationand to the assumptionof a flat road in front of the vehicle,pixel are
remappedonto a new domain.Resultingimagesrepresenta bird’s eye view of the road(seefig-
ure 1.b). In theseimageslane markingsare nearly-vertical bright lines surroundedby a darker
background.Hence,a specificadaptive filtering is usedto extractquasi-verticalbright lines (see
figure1.c) [10,8,11].

Theresultis abinaryimagewhereovertrhesholdpixelsrepresentlanemarkings.

2.2 Themotiondomain

An evolutionaryapproachwith a numberof independentagentsactingaslanemarkingstrackers
is usedfor detectinglanemarkings.Agentsexplore theresultingbinary imageandstochastically
detectthemarkings.Theideaderivesfrom theAntColonyOptimizationmeta-heuristic,devisedto
solvehardcombinatorialoptimizationproblems,originally inspiredby thecommunicationbehav-
ior of realants[6].

Theants’motiondomain � is thebinaryimageobtainedfrom thepre-processingphase:over-
thresholdpixelsrepresentant’s food,namelya food-fieldmappingdefinedas � : ���� �

fyes; fno � .
Initially, thepheromonelevel � : �	�� 
 0 ����
���� is 0 for eachelementin � . Anyway, � is continu-
ouslyupdatedby ants,while � is constantduringtheprocessing.

Thedomain � is recursively exploredby subsequentbatchesof ants.Thefirst antof thebatch
enters� from thebottomin arandomposition(a ��� xant� yant� with yant � 0). Sincelanemarkings
arenearlyvertical lines,at eachstep,theantperformsa singlepixel movementalongthevertical
axis towardthetop endof theimage.Thusverticalmovementsarefully deterministic,while hor-
izontalmovementsarestochasticallycomputedaccordingto the rulesdescribedin the following
paragraph.

2



(a) (b) (c)

Figure1: Initial stepsof theprocessing:(a) original image,(b) removal of theperspective effect and(c) bi-
naryresult.

Figure2: The � domainandpossibleant’s moves.

2.3 Evolutionalalgorithm

Thehorizontalpositionof anant(xant) is modifiedaccordingto valuesof � and� into sub-domain� �� � a ����� y � 1 � yant� xant � ρ  x  xant � ρ � , whereρ representsthe lateralfield of view
of eachagent.In thecurrentimplementationof thealgorithmρ � 3 asshown in figure2.

For eachpixel n � � a qualityparameterw!"�#�$� n �%� �&� n �'� is computedas:

w!(�
)****+ ****,

α -.�/� n � � β -0�$� n � � γ -1� xn � xant� -.�&� n � where �$� n � � fyes 2 �/� n �43� 0
2 - α � 3 - γ -1� xn � xant� where �$� n � � fyes 2 �/� n � � 0
α -.�/� n � � γ -1� xn � xant� -5�/� n � where �$� n � � fno 2 �/� n �43� 06

0 where � xn � xant �87 1
2 � � xn � xant � elsewhere

where �$� n � � fno 2 �/� n � � 0

(1)
beingα, β andγ empiricallycomputedvalues.
Thehigherw! , thehigherthepixel’s attraction for ants.Therefore,ananttendsto moveleft,

stayin center, or moveright accordingto w! belongingto pixelson the left side,in front, or on
theright siderespectively. More precisely, anattractionindex (τ) for thethreepossiblehorizontal
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(a) (b) (c) (d)

Figure 3: Two examplesof ants paths: (a) motion domain, (b) ant’s presencelevel, (c) pheromone
map 9.:<;>= , and(d) detectedmarkings.

(a) (b) (c) (d)

Figure 4: Marking selection:(a) syntheticexampleof pheromonedistribution, the darker the pixel the
higherthe pheromonevalue,(b) selectedmarkings,namelypheromonemaximafor (a), (c) real example

of pheromonedistribution and(d) selectedmarkingsfor (c).

movesis computedas:

τleft � ∑
xn ? xant

w!@� n �
τcenter � ∑

xn A xant

w!@� n �
τright � ∑

xn B xant

w!@� n � (2)

A truly randomparameterC where0 DECFD τleft � τcenter� τright is usedto introduceastochastic
behavior in horizontalmovements.Whenu  τleft a left movementis chosen,whenτleft D u D
τleft � τcenterthecentralpixel is chosen,otherwisea right move is performed.

In orderto speedupcomputation,invalidor scarce-foodpathsareimmediatelydiscarded:when
anantreacheslateralbordersof � or whentoo many consecutive path’s positionshave �G� fno,
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foreachx �H�
update�I� x �
reset�&� x �

endfor
repeatfollowing n times

foreachtrack in
�
left; right �

updatestartingpoint(track)
with everyants.v

food placesvisited J 0
consecutive empty J 0
path length J W
k J 0
cyclerow through

�
0..W�

ant step(ak � � � � � track)
path[k] J ak

if �$� ak � � Fyes

increase emptyplacevisited
fi
if on lateral border(ak)

path length J row
next cyclebreak

fi
kill path if(consecutive empty, food placesvisited)
k J k � 1

endcycle
max food placesvisitedmax= food placesvisited

endwith
with everyants.v

if food placesvisited= max food placesvisited
raise(�&� path 
LK8� � )

fi
endforeach

Figure5: Main processingflow illustratedusingapseudo-language.

the ant is eliminated.This aspectis clearly evident in figure 3.b whereant’s presenceshows a
numberof endingpaths.

The ant action performed during the step k has been implemented into the routine
ant step( . . .), summarizedin figure5.
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2.4 Batch processing

Whenan ant reachesthe top endof the image,anotherant of the batchenters� . At the endof
thebatch,thepathof theantthatranacrossthehighestnumberof lanemarkingspixelsis chosen
asthebest,andthepheromonelevel � of all of thepixelsbelongingto this pathis increasedby a
unit.

Thanksto the iterationof this procedureon a numberof batches,the attractionof the best
pathsbecomesgreaterandgreater. Thenumberof antsthatsteppedover a pixel of � is shown in
figure3.b. Figure3.cdepictsthepheromonedeposedat theendof therecognitionphase.

As shown in figure4, at theendof theimageprocessing,thepixel representingthemarkingis
selectedfor eachrow asthepixel thatfeaturesthemaximumof �&� x� , with x belongingto therow.
No thinningprocedureis needed,sincefor eachrow thereis only a singlemaximum;on theother
side,thisapproachdoesnotguaranteethatdetectedmarkingswouldbecontinuous(seefigure4.d).

Sincethefinal targetis to find thelane,thusbothleft andright markings,two differentprocess-
ingsareperformedfor locatingthe left andtheright lanemarkings,theonly differencebeingthe
initial positionof antsusedfor crossing� . Theassumptionthattheinitial positionof right andleft
markingsis in theright andleft half portionof � respectively is used.Ants usedfor detectingthe
left markingenter � in a randompositionswithin aninterval M leftN in theleft portionof theimage
bottom.Analogously, the detectionof the right markingstartsfrom the right sideof the bottom
of � within the M rightN interval. Thedistancebetweenleft andright markingspreventstheantsto
reachtheothermarkingallowing a reliableseparatedetection.

3 Lane tracking

At the beginning of the processing,the vision systemis assumedto be centeredinsidethe lane.
Thereforeentranceintervals M leftN and M rightN of antsbatchesarecenteredin givenpositionssym-
metricalwith respectto thecenterof theimage(seefigure6.a).

A simpletrackingis performedin orderto copewith lateralvehiclemovementsinsidethelane
andto takeadvantageof thehightemporalcorrelationamongstsubsequentframes.Theassumption
that the car is alwaysorientedalong the roaddirection is usedandonly slow lateralshifts and
lanechangesareconsidered.Strongcorrelationis thenexpectedbetweenpositionof markingsin
subsequentimages.

OPM leftN n OPQ Q M rightN n OOPM leftN n� 1 OPQ Q M rightN n� 1

(a) (b) (c)

Figure6: Updateof entranceintervals:(a) initial positionof intervals,(b) computationbandusedfor deter-
mining thenew positionand(c) new intervalspositions.
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M leftN and M rightN areupdatedaccordingto theresultof theprocessing.Theaveragevalueof left
andright lanemarkingsabscissawithin abottombandof � is computed(seefigure6.b).Resulting
valuesfor left andright markingsareusedto move M leftN and M rightN wherenext framemarkingsare
supposedto be found (seefigure 6.c). This mechanismallows to alsocopewith varying width
lanes.

A morecomplex strategy is usedwhenthedriving systemis executinga lanechange.In such
a caseM leftN or M rightN move outside � . Whenthis eventoccurs,namelywhenthe left or the right
markingleavesthefield of view, a new markingis supposedto entertheimagefrom theopposite
side.Thenew markingis searchedfor assumingthesamewidth for differentlanes.At eachstep
the lanewidth Wl is computedas the averagedistancebetweenM rightN and M leftN in the previous

5 frames.For example,whenexecutinga left lanechange,M leftN and M rightN move rightwarduntilM rightN exits � . Then M leftN is assumedasthenew M rightN , while a new M leftN is placedat distanceWl

on theleft.

4 Discussion

ThesystemhasbeenimplementedandtestedonanAthlon 1.3GHzarchitectureusingLinux. The
wholeprocessingcanbecarriedout in 8.6ms,namelyata116Hz ratewithoutconsideringimage
acquisition.

Thealgorithmhasbeentestedandproventoberobustin differentconditions:withoutobstacles,
on straightandcurved roads,in different illumination conditions.Figure 7 shows a numberof
partial and final resultsof the processing.Figures7.a and 7.b show the original imagebefore
andafter the removal of the perspective effect, while figures7.c and7.d presentthe final result
superimposedon 7.aand7.b.

Themostcritical behavior correspondsto theabsenceof markingsin presenceof very strong
curvesandto thepresenceof vehiclesthatoccludemarkings.Figure8 showssucha situation:the
borderof a marking-occludingvehicleis wrongly detectedasthelanemarking.Nevertheless,the
misdetectiononly affectstheportionof theimagewherenomarkingis detectable,while thevisible
portionof themarkingis alwayscorrectlydetected.

Figure9 shows a comparisonbetweentheresultsobtainedthroughthis approachandtheones
obtainedby a previouslydevelopedfully-deterministicalgorithm[11]. In particular, themostcrit-
ical situationfor thedeterministicapproachis thepresenceof obstaclesoccludinglanemarkings
that could leadto the misdetectionof the whole markingasshown in the first row of figure 9.a.
Conversely, the new stochasticapproachhasevidencednot only a fasterexecutiontime in all
conditions,but alsoa betterprecisionandrobustnessevenwith differentlypositionedvehiclesor
obstacles.On theotherside,ant’spathsarelesssmooththantheonesdeterministicallycomputed.
Anyway, aninterpolationusinghighorderfunctionsis currentlyunderimplementation.

A moresophisticatedlanetrackingsystemis currentlyunderdevelopment.Themainideais to
boundtheregion in whichantscanfreelymoveaccordingto theresultof previousframes.
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(a) (b) (c) (d)

Figure7: Overview of theprocessing:(a) originalimage,(b) binarizationaftertheremoval of theperspective
effect,(c) resultsuperimposedontheimagewithouttheperspectiveeffectand(d) resultssuperimposedonto

original image.
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(a) (b) (c) (d)

Figure 8: Exampleof critical situation(occludingobstacle):(a) original image,(b) binarized,(c) result
superimposedontotheimageobtainedby theremoval of theperspective effect and(d) resultsuperimposed

ontooriginal image.

(a) (b)

Figure9: Differentapproachescomparison:(a) resultsof thedeterministicapproach[11] and(b) resultsof
thestochastictechnique.
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