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Abstract.

This papempresentshe applicationof anevolutionarytechniqueto lanemarkingsdetec-
tion in roadervironments.The aim is the localizationof the pathin imagesacquiredby a
vision systeminstalledon-boardof a vehiclefor driving assistancer automatiorpurposes.
Thefirst stepof the procedurds theremoval of the perspecire effect from theimages.The
resultingbird’s eye view imageis analyzedoy meansof ant agentsableto locatethe lane
markings.

Resultsarecomparedgainsthe onesobtainedthanksto a deterministicapproach.

1 Introduction

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

The visual perceptionof the road ervironmentis a challengingtask: the knowledge of the
lane positionhasto be extractedfrom visual patternsdetectedn the images.In the localization
of specificfeaturessuchasroadmarkingspaintedon theroadsurface,basicproblemshave to be
faced:

e shadavs (projectedby trees,buildings, bridges,or othervehicles)may produceartifactsonto
theroadsurface,andthusaltertheroadtexture;

e thesystemhasto be robustenoughto copewith situationswherelanemarkingsareworn and
partly missing;

¢ thesystemshouldbe enoughflexible to adaptto differentroadernvironments.

Thiswork presents@napproachtaimedattheidentificationof lanemarkingsin roadimagesby
meanf collaborativeautonomousgents

Theactionparadigmof the agentshasbeenconceved on the basisof the behaior of realants
that seekfor food: eachant hasthe task of exploring the world, locatingfood, and signallingto
other antsthe path toward food. Ant leave the nestand explore the world in a stochasticway.



Whenthey find a placewith food, they markthe pathfrom the nestto thatplacewith pheromone.
Pheromonattractsotherants,swiftly leadingthemto food. In this way pathsleadingto regions
rich of food will attractmore and more ants.At the sametime, pheromonesvaporatesastime
passesavoidingto misleadantsto old placesvherefoodis alreadyexhaustear towardnotenough
profitablepaths[5, 6,7].

In this work, autonomousgentsthe antg explore the imageseekingfor lane markings(the
food). Digital pheromones usedto markbestpaths.

This paperis organizedasfollows: section? illustratesprinciplesanddatarepresentationf the
agentparadigm Section3 introduceghe modelinvolvedwith agents’'supervisionwhile sectiord
presentsignificantresultsandtouchegossibleimprovementf the system.

2 Lanedetection algorithm

A cameranstalledontothe ARGO prototypevehicle[8] is usedto obtainimagesof theroad(see
figurel.a).

2.1 Pre-processingphase

Theinitial processingstepis the removal of the perspectie effect [9]. Thanksto the knowledge
of the cameracalibrationandto the assumptiorof a flat roadin front of the vehicle, pixel are
remappecdnto a new domain.Resultingimagesrepresent bird’s eye view of the road (seefig-
ure 1.b). In theseimageslane markingsare nearly-\ertical bright lines surroundedby a darker
backgroundHence,a specificadaptve filtering is usedto extract quasi-\ertical bright lines (see
figurel1.c)[10,8,11].

Theresultis abinaryimagewhereovertrhesholgixelsrepresentanemarkings.

2.2 Themotiondomain

An evolutionaryapproachwith a numberof independenagentsactingaslane markingstrackers
is usedfor detectinglane markings.Agentsexplore the resultingbinary imageandstochastically
detectthemarkings.Theideaderivesfrom the Ant ColonyOptimizationmeta-heuristicgevisedto
solve hardcombinatorialbptimizationproblems priginally inspiredby the communicatiorbehar-
ior of realants[6].

Theants’motiondomain® is the binaryimageobtainedfrom the pre-processinghaseover-
thresholdpixelsrepresenant’s food, namelya food-fieldmappingdefinedas ¥ : D — { fyes fno}-
Initially, the pheromondevel ? : D s [0..R*] is O for eachelementin D. Anyway, 2 is continu-
ouslyupdatedoy ants,while ¥ is constanduringthe processing.

Thedomain? is recursvely exploredby subsequerttatcheof ants.Thefirst antof thebatch
enters?D from thebottomin arandomposition(a = (Xant, Yant) With yant= 0). Sincelanemarkings
arenearlyverticallines, at eachstep,the antperformsa single pixel movementalongthe vertical
axistowardthetop endof theimage.Thusverticalmovementsarefully deterministicwhile hor-
izontal movementsare stochasticalljcomputedaccordingto the rulesdescribedn the following
paragraph.
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Figurel: Initial stepsof the processing(a) originalimage,(b) removal of the perspectie effectand(c) bi-

naryresult.
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Figure2: The Al domainandpossibleant's moves.
2.3 Evolutionalalgorithm

Thehorizontalpositionof anant(xang) is modifiedaccordingo valuesof ¥ and? into sub-domain

N={acD| y=14Yan Xant— P < X< Xant+ P}, Wherep representshe lateralfield of view
of eachagent.In thecurrentimplementatiorof thealgorithmp = 3 asshown in figure 2.

For eachpixel n € A aquality parametew, (¥ (n),2(n)) is computedas:

axP(n)+BxF(N)+Yx (Xn—Xant) x P(n) where F(n)= fyesAP(n)#0
2Xx 0 —3xYX (Xy— Xant) where 7 (n) = fyesAP(N) =0
Woy =14 X P(N)+YX (X —Xant) X P(N) where F(n) = froAP(n)#0
0 where |Xy —Xand > 1 _ _
2 ¥ —Xani elsavhere where  F(n)= froAP(N)=0
(1)

beinga, 3 andy empiricallycomputedvalues.
Thehigherw;,, the higherthe pixel's attractionfor ants.Therefore ananttendsto move left,
stayin center or moveright accordingto W, belongingto pixelson the left side,in front, or on
theright siderespectrely. More precisely anattractionindex (1) for thethreepossiblehorizontal
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Figure 3: Two examplesof ants paths: (a) motion domain, (b) ant's presencelevel, (¢) pheromone
map? (D), and(d) detectednarkings.
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Figure 4: Marking selection:(a) syntheticexample of pheromonedistribution, the darker the pixel the
higherthe pheromonevalue, (b) selectedmarkings,namelypheromonenaximafor (a), (c) real example
of pheromonalistribution and(d) selectednarkingsfor (c).

movesis computedas:

Tleft = Wa (N
© Xn<ZXant N( )
T = War(N
center anzxam 9\[( ) (2)
Triagh = Waqr(N
rlgnt Xn >Xant N( )

A truly randomparameten where0 < u < Tieft + Tcentert Tright IS Usedto introducea stochastic
behaior in horizontalmovementsWhenu < Tt a left movementis chosenwhenTies < u <
Tieft + Tcenterthe centralpixel is chosenptherwisearight move is performed.

In orderto speedup computationinvalid or scarce-fooghathsareimmediatelydiscardedwhen
anantreachedateralbordersof D or whentoo mary consecutre path’s positionshave F = fj,
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foreachx € D
update¥ (x)
reset?(x)
endfor
repeafollowing n times
foreachtradk in {left; right}
updatestartingpoint(track)
with everyants.v
food placesvisited«+ 0
consecutre_ empty<+ 0
pathlength«— W
k0
cycler owthrough{0..W}
antstep@X, 7, P, trad)
path] <« a¥
if (&) = Fyes
i ncrease emptyplacevisited
fi
if onlateralbordergK)
pathlength< row
next cycle br eak
fi
kill _pathif(consecutve_.empty food placesvisited)
K—k+1
endgcle
max food_placesvisited max = food_placesvisited
endwith
with every ants.v
if food_placesvisited= maxfood_placesvisited
raise(P(path[x]))
fi
endforeach

Figure5: Main processingdlow illustratedusinga pseudo-language.

the antis eliminated.This aspectis clearly evidentin figure 3.b whereant’s presenceshows a
numberof endingpaths.

The ant action performed during the step k has been implementedinto the routine
ant step( ...), summarizedn figure5.



2.4 Batd processing

Whenan antreacheghe top endof the image,anotherant of the batchenters?. At the end of
thebatch,the pathof theantthatranacrosshe highestnumberof lanemarkingspixelsis chosen
asthebest,andthe pheromondevel 2 of all of the pixelsbelongingto this pathis increasedy a
unit.

Thanksto the iteration of this procedureon a numberof batchesthe attractionof the best
pathsbecomegreaterandgreater The numberof antsthatsteppedver a pixel of D is shovn in
figure 3.h Figure3.cdepictsthe pheromonaleposedt the endof therecognitionphase.

As shavn in figure 4, attheendof theimageprocessingthe pixel representinghe markingis
selectedor eachrow asthe pixel thatfeaturegshe maximumof 2 (x), with x belongingto the row.
No thinning procedurds neededsincefor eachrow thereis only a singlemaximum;on the other
side,thisapproacldoesnotguarante¢hatdetectednarkingswould becontinuougseefigure4.d).

Sincethefinal tamgetis to find thelane,thusbothleft andright markings two differentprocess-
ings are performedfor locatingthe left andtheright lanemarkings,the only differencebeingthe
initial positionof antsusedfor crossing?d. Theassumptiorthattheinitial positionof right andleft
markingsis in theright andleft half portionof D respectiely is used. Ants usedfor detectingthe
left markingenter? in arandompositionswithin aninterval Z'ﬁ“ in theleft portionof theimage
bottom. Analogously the detectionof the right marking startsfrom the right side of the bottom
of D within the Zg')ght interval. The distancebetweenleft andright markingspreventsthe antsto
reachtheothermarkingallowing areliableseparateletection.

3 Lanetracking

At the beginning of the processingthe vision systemis assumedo be centerednsidethe lane.
Thereforeentrancantenals Z/ and £9™ of antsbatchesare centeredn given positionssym-
metricalwith respecto the centerof theimage(seefigure6.a).

A simpletrackingis performedn orderto copewith lateralvehiclemovementsnsidethelane
andto take advantageof thehightemporalkorrelationamongssubsequerftames.Theassumption
that the car is always orientedalong the road directionis usedand only slow lateral shifts and
lanechangesareconsideredStrongcorrelationis thenexpectedbetweenpositionof markingsin

subsequentmages.
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Figure6: Updateof entrancantenals: (a) initial positionof intenals, (b) computatiorbandusedfor deter
mining the new positionand(c) new intenals positions.
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Z'gt and Zgght areupdatedaccordingo theresultof the processingThe averagevalueof left

andright lanemarkingsabscissavithin abottombandof 2 is computedseefigure6.b). Resulting
valuesfor left andright markingsareusedto move /" and 279" wherenext framemarkingsare
supposedo be found (seefigure 6.c). This mechanismallows to also copewith varying width
lanes.

A morecomple stratey is usedwhenthe driving systemis executinga lanechangeln such
a casef'a‘ﬁft or Zg)ght move outsideD. Whenthis eventoccurs,namelywhenthe left or the right
markingleavesthefield of view, a new markingis supposedo entertheimagefrom the opposite
side.The new markingis searchedor assuminghe samewidth for differentlanes.At eachstep

the lanewidth W is computedasthe averagedistancebetweenfg)ght and Elgﬂ in the previous

5 frames.For example,whenexecutinga left lane change,f'gft and Zg)ght move rightward until
Z%ght exits . ThenE/e" is assumedisthe new Zr@'ght, while anew E/€" is placedat distancen

ontheleft.

4 Discussion

Thesystemhasbeenimplementedandtestedon anAthlon 1.3 GHz architectureusingLinux. The
whole processinganbe carriedoutin 8.6 ms,namelyata 116 Hz ratewithout consideringmage
acquisition.

Thealgorithmhasbeenestedandprovento berobustin differentconditions withoutobstacles,
on straightand curved roads,in differentillumination conditions.Figure 7 shavs a numberof
partial and final resultsof the processingFigures7.aand 7.b showv the original image before
and after the removal of the perspectie effect, while figures7.c and7.d presentthe final result
superimposedn 7.aand7.h

The mostcritical behaior correspondso the absencef markingsin presencef very strong
curvesandto the presencef vehiclesthatoccludemarkings.Figure8 shavs sucha situation:the
borderof a marking-occludingrehicleis wrongly detectedasthe lanemarking.Neverthelessthe
misdetectioronly affectstheportionof theimagewherenomarkingis detectablewhile thevisible
portionof the markingis alwayscorrectlydetected.

Figure9 shownvs a comparisorbetweertheresultsobtainedthroughthis approachandthe ones
obtainedby a previously developedfully-deterministicalgorithm[11]. In particular the mostcrit-
ical situationfor the deterministicapproachs the presencef obstacleccludinglane markings
that could leadto the misdetectiorof the whole markingasshown in thefirst row of figure 9.a.
Corversely the new stochasticapproachhas evidencednot only a fasterexecutiontime in all
conditions,but alsoa betterprecisionandrobustnessvenwith differently positionedvehiclesor
obstaclesOntheotherside,ant’s pathsarelesssmooththanthe onesdeterministicallycomputed.
Anyway, aninterpolationusinghigh orderfunctionsis currentlyunderimplementation.

A moresophisticatedanetrackingsystemis currentlyunderdevelopmentThe mainideais to
boundtheregionin which antscanfreely move accordingto theresultof previousframes.
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Figure7: Overview of theprocessing(a) originalimage,(b) binarizationaftertheremoval of theperspectie
effect, () resultsuperimposedn theimagewithoutthe perspectie effectand(d) resultssuperimposednto
originalimage.
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Figure 8: Exampleof critical situation (occludingobstacle):(a) original image, (b) binarized,(c) result
superimposedntotheimageobtainedby theremoval of the perspectie effectand(d) resultsuperimposed
ontooriginalimage.
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Figure9: Differentapproachesomparison(a) resultsof the deterministicapproacti11] and(b) resultsof
the stochastidechnique.
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