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ABSTRACT

Lanedetectionstilldemonstrateslowaccuracyandmissingrobustnesswhenrecordedmarkingsare
interruptedbystronglightorshadowsormissingmarking.Thisarticleproposesanewalgorithm
usingamodelofroadstructureandanextendedKalmanfilter.Theregionofinterestissetaccording
tothevanishingpoint.First,anedge-detectionoperatorisusedtoscanhorizontalpixelsandcalculate
edge-strengthvalues.Thecorrespondingstraightlineisdetectedbylineparametersvotedbyedge
points.Fromtheedgepointsandlanemarkcandidatesextractedabove,andotherconstraints,these
pointsaretreatedasthepotentiallaneboundary.Finally,thelaneparametersareestimatedusingthe
coordinatesofthelaneboundarypoints.TheyareupdatedbyanextendedKalmanfiltertoensure
thestabilityandrobustness.Resultsindicatethattheproposedalgorithmisrobustforchallenging
roadsceneswithlowcomputationalcomplexity.

KEywoRDS
Extended Kalman Filter, Lane Detection, Road Models, Vanishing Point

1. INTRoDUCTIoN

Advanceddriverassistancesystemsaregraduallybeingincorporatedintovehicles.Theycaneither
alertthedriverindangeroussituationsortakeanactivepartinthedriving.Theyareexpectedto
becomemorecomplextowardsfullautonomyduringthenextdecade.Oneofthemainbottlenecks
inthedevelopmentofsuchsystemsistheperceptionproblem.Road,laneandobstacledetection
(Huangetal.,2009;Hilleletal.,2014)areimportantvisionperceptionproblems.Inthispaperlane
detectionisconsidered.Themainperceptualcuesforhumandrivingincluderoadcolorandtexture,
roadboundaries,andlanemarkings.Autonomousvehiclesareexpectedtosharetheroadwithhuman
drivers.Itisunrealistictoexpectthehugeinvestmentstoconstructandmaintainspecialinfrastructure
onlyforautonomousvehicles.Autonomousvehicleswillthereforemostlikelycontinuetorelyon
thesameperceptualcuesthathumandriversdo(Aly,2008;Xiaoetal.,2015).

Theroadandlanedetectiongenerallyincludesthefollowingfivemodules.Theyareimagepre-
processing,featureextraction,roadorlanemodelfitting,temporalintegration,andimage-to-world
correspondence(Mengetal.,2010;Xuetal.,2011).Alanedeparturewarningsystemwasproposed
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byLee(2002)toestimatethesubsequentdirectionoflanethroughanedgedistributionfunctionand
directionchangesofvehiclemovement.Itfailedonroadswithcurvedanddashedlanes.Wangetal.
(2004)providedaninitialpositionforaB-snakemodel,thenthelanedetectionproblemcanbechanged
intotheproblemofcontrolpointstodetermineasplinecurvefollowingaroadmodel.Mechatetal.
(2013)detectedthelaneusingasupportvectormachine(SVM)basedmethod.Inthismethod,the
modelofthelanewasdefinedbyaCatmull-Romcurve,andthestandardKalmanfilterwasadopted
toestimateandtracktheparametersofcontrolpoints.Shinetal.(2015)extendedaparticle-filter-
basedapproachforlanedetection,alsoaddressingchallengingroadsituations.Kortlietal.(2017)
proposedamethodbasedonGaussfilterandCannyedgedetectortoextractlaneboundariesbased
oncolorinformation.Althoughthissystemworkedproperlyonalotofdifferentconditions,there
werestillsomeproblemsforblurlanemarksandcomplexroadsurface.Leeetal.(2017)proposeda
real-timelanedetectionalgorithmusingasimplefilterandKalmanfilterthatcanbeimplementedin
anembeddedsystem.Eventhoughthismethodwasinvariantagainstvariousilluminationchanges,
itwasstilldifficulttohandleseveralextremeconditionssuchasstronglightreflection,blurlane
marks,lowsunanglesituationsandlanecracks.Panetal.(2017)proposedadual-stagedetecting
strategy,which consistedof a fastHough transformbased roaddetectionmethod and a reliable
vanishingpoint-basedmethod.However,anevaluationmethodwasneededtojudgethedetection
resultoftwostages.Thelanedetectionmodulescurrentlyprovidestableresultsingeneral,buttheir
performanceunderspecialconditionsisstillaresearchtopic;thoseconditionsmightbedefinedby
strongsunlight,hardtoidentifylanes,shadowscausedbytreesorotherobjects,sidewalks,zebra
crossings,ortextlogosontheroad.

Inviewofthis,alanedetectionalgorithmisproposedbycombiningaroadstructuremodel
withanextendedKalmanfilter.Considering thecharacteristicsof the laneandaccording to the
roadwaygeometry,anewlanemodelisproposedwhichenhancesthestabilityandanti-jammingof
thelane-detectionsystem.Theparameterspaceisdefinedtoaccommodatethealgorithmforthelane
model.DuetoalgorithmicdevelopmentsintheareaofHoughtransforms(Xuetal.,2015),thereis
goodprogresstoimprovetheprocessingspeed.TheextendedKalmanfilterisusedtoestimateand
trackthelane,whichisthemajorfactorforimprovedaccuracyintheproposedlanedetection.The
effectivenessandrobustnessofthealgorithmisdemonstratedinthispaper.

Thestructureofthispaperisasfollows.Section2reportsabouttheusedroadmodel.Section3
describesthelanedetectionalgorithmbasedonroadstructureandextendedKalmanfilter.Section
4informsabouttheexperimentsandtheperformedevaluation.Section5concludes.

2. THE PRoCESSING oF BASIC LAyER

Theestimatedparametersofthelanedetectioninthispaperarerelatedtothelaneshapeandthe
postureofthedrivingvehicle.Theseparametersinvolvelanewidth,theshiftingofvehicle,pitch
angle,horizontalangleandlanecurvature,etc.Figure1showstheflowchartoftheproposedlane
detectionalgorithm.Theparameterestimationisdividedintotwoparts.Thefirstpartistheposture
ofthecameraandtheroadenvironmentinformationobtainedfromthein-vehiclecamera.Thesecond
partestimatestheparametersoftheroadusingtheroadlaneinformation.

Theflowchartofthealgorithminthispaperbeginswithreadingaframeofimage.Theadaptive
edgedetectionoperatorbasedonthescanlineisusedtoextracttheimageedgepointsfromtheR
channeloftheimage.Theregionofinterestofthealgorithmisselected.Theimagepixelcoordinate
systemismappedtotheroadplanecoordinatesystem.Theedgepointsarevotedincustomparameter
spacetogetcandidatelines.Thegeometricalcharacteristicsandspatialcontinuityofthelaneare
collected.Thenon-lanelinescanbeexcludedusinglaneinformationintheimagepixelcoordinate
systemandlaneroadplanecoordinatesystem.Theinner-boundarypointsandextendedKalmanfilter
arecombinedtoestimateandupdatelanemodelparameters.
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2.1. The Region of Interest
Inordertoexcludetheinterferenceinformationintheoriginalinputimage,theproposedalgorithm
focusesontheimageinfrontofthevehicleandonbothsidesofacertainspatialextent.Thisgreatly
reducestheimageprocessingregiontofacilitatethefollow-upoperationofthelanedetectionand
extraction.

Imagesproducedbynormalcamerashaveaperspectiveeffect.Theparallellinesthatarenot
paralleltotheprojectionplanewillintersectintheimagetoapoint,whichiscalledthevanishing
point(Xuetal.,2015)(seeFigure2).Intherealworld,thetwolanelinesthatareparalleltoeach
otherintersectatvanishingpointafterperspectivetransformation(McDonaldetal.,2001),which
maybeinsideoroutsidetheimage(Xuetal.,2015).Theregionofinterestisselectedbasedonthe
coordinatesofthevanishingpointoftheimageintheproposedmethod.

Thecoordinatesofvanishingpointintheworldcoordinatesystemare:

WC = [sin / cos , cos / cos , ]ξ ψ ξ ψ 0  (1)

whereξ andψ arethepitchangleandtiltangle.Inthisway,thecalculationformulaforthevanishing
pointmatrix(Aly,2008;Kazuietal.,2010)isasfollows:

VP F P S WC= × × ×  (2)

wherePistherotationmatrixofcamerapitchangle,Sistherotationmatrixofcamerahorizontal
tiltangle,Fistheoffsetmatrixofcamerafocallength:
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Focallength f
x

, f
y

aretheproductofthephysicalfocallengthofthelensandthesizeofeach
cellintheimage.c

x
andc

y
aretheopticalcenteroffsetofthecamera.

Afterdeterminingthecoordinatesofthevanishingpoint,itisnecessarytoreducethecomputation
oftheprocessedimageandinterferenceinformation.Theregionofinterest(ROI)fortheimagecanbe

Figure 1. Schematic diagram of lane detection algorithm
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obtained,accordingtotheordinateofthevanishingpointandtherelevantparametersofthecamera.
ImageonlyintheROIisusedintheprocessofimageprocessingandtransformation.Figure3isthe
regionofinterestintheproposedmethod.

2.2. Gray Processing
ConsideringthedifferentvisualeffectsofinputRGBimage,thefollowingconversionformulais
usedtogetthegraylevel:

Grayscale R G B� �� � � �� � � �� �0 299 0 587 0 114. . .  (4)

ThesumofR,G,Bthreechannels’coefficientis1.
Thelanelineistheonlylockedtargetinthelanedeparturedetectionprocess.Thecoloroflane

isyellowandwhite,whichisdifferentfromtheroad.Therefore,theEquation(4)willbeusedto
reducethecomputationalburdenandimprovethedetectionefficiency.

SincetheconversionformulainEquation(4)isafloatoperation.Intheproposedalgorithm,it
ismodifiedtoreleasemorehardwareresourcesandreducetheamountofcomputationasfollowing:

Grayscale R G B= + +( ) 3  (5)

Althoughthequalityoftheimageischangedbythetransformationformula,itstillpreservesthe
edgefeaturesofthetargetlanelineintheimage.Thisnewformulasignificantlyreducestheamount
ofalgorithmiccomputation.

Figure 2. The vanishing point
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2.3. Detection of Edge Points
Duetotheperspectiveeffectofthecamera,visibleinformationdiffersfordifferentrangesinthe
imageoftheroadplane.Wedividetheregionsofinterestintoseveralareas.Apresetareaisselected
accordingtotheimagecoordinateswhichareconvertedusingthevanishingpointcoordinatesand
therealcoordinates.

The customized edge-detection operator is based on scan-line processing for reducing the
amountofcomputations.Animagerowformsascanningline.Ifthenumberofcalculatedscanlines
isgreaterthanthemaximumvalue,thescanlinesaresetunderthereal-worldcoordinateswiththe
samedistanceofeachline.Theselinesaretranslatedintotheimagepixelcoordinatesystem.Aset
ofscanlinesisshowninFigure4,left.

Byscanning througheachpixelof the selectedscan line, theedgestrengthofeachpixel is
calculatedbythefollowingequation.E i( ) isanedgestrengthofpixelinthescanningline. I i( ) 
representsthevaluesofthei-thpixel.Listhescaleofpixel:

E i I i k I i k
k L k

L

( ) ( ) ( )= − + + +
=−

−

=
∑ ∑
1

1

 (6)

Thismethodisdifferentwiththemethodwhichusesthesamescaletocomputeallthepixels.
ThepixelscaleLoftheadaptiveedgedetectionoperatorchangesbasedonthepositionofthepixels
intheimage.Theperspectiveeffectofthelaneintheroadimageisconsidered.Thelengththateach
pixeldenotinginworldcoordinatesonthescanninglinesiscomputedaftercoordinateconversion.
Thewidthofthelaneisusedtobedividedbytheproportionforeachscanlines.Thenthepixelsused
tocomputetheedgestrengthcanbegotten.Thepixelswhichhavethemaximumortheminimum
valueofedgestrengthareedgepoints.Thecustomedgedetectionoperatorscangreatlyreducethe
processingtime.EdgedetectionresultsareshowninFigure4,right.Itcanbeseenthattheoperator
candetecttheedgepointsofalllaneswithverygoodaccuracyandefficiency.

Figure 3. The region of interest
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2.4. Get the Candidate Lane From Voting in Parameter Space
Afteredgepointsaredetected, theyneed tobeaggregated intoacandidate lane.Theamountof
computationsforthetraditionalHoughtransform(Hough,1962)islargebutcanbereduced(Xuet
al.,2015).Aimingatthelanemodel,theparameterspaceisdefinedconvenientlyforouralgorithm.
Theedgepointsarevotingintheparameterspace.Adiagramofthecustomizedparameterspaceis
showninFigure5.Theparameterspaceisspannedbytwoparameterspandq.Thelaneintheregion
ofinterestisdefinedby x p y q d� � � �/ .Parameterprepresentsthepositionofthelineonthe
xaxis;parameterqidentifiestheslope,i.e.thelateralposition.Theflowchartofourvotingalgorithm
includesthreeparts:

1. Thecoordinateofedgepointsaretransformed.Theedgepointsobtainedfromtheedgedetection
areintheimagepixelcoordinatesystem.Theedgepointsneedtobeconvertedtotheworld
coordinatesystem,inwhichtheperspectiveeffectisremoved;

2. Alltheedgepointsintheselectedareaaretraversedbyparameterq.Thecorrespondingpwas
obtainedthroughthelook-uptable.Theaccumulatorincreases1.qistranslatedfromthetilt
angleofthelanes.qisdiscretizedandtherangeofvalueis −


88 88� �, .pisdiscretizedandthe

rangeofvalueis[-5m,5m]intheworldcoordinatesystem;
3. Differentp,qdenotedifferentlines.Fromthemappingrelationshipoftheparameterspace,the

largerthevalueoftheaccumulatorofp,qis,themoreedgepointsthereareinthelanewhich
arerepresentedbythisparameter.Allpossiblecandidatelinesareidentifiedbysearchingforthe
maximumvalue.

Thewrongcandidatelinesareparalleltotherightlaneboundaryinmanycases.Aftersearching
foralllocalmaximumvalue,itneedstocheckwhetheranypairofcandidatelineiscrossed.Ifapair
ofcandidatelinesiscrossed,thelinewithasmallervalueintheparameterspacewillbediscarded.
Thejudgmentfordeterminingcross-lineisasfollows:

p p p p q q
A B B A B A
−( ) ⋅ − + −( ) ≥ 0  (7)

Thecandidatelinescanbegottenbyvotingalgorithmintheparameterspace.Thegeometrical
characteristicsandspatialcontinuityofthelanearestillneededtoexcludetheunwantedpointsand
unwantedlanes.Thedualinformationoflaneintheimagepixelcoordinatesystemandthelaneroad

Figure 4. Left: A set of scan lines. Right: Examples of detected edge points; input image is as shown on the left.
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planecoordinatesystemisusefultoo.ThefinalcandidatelanesareshowninFigure6,left,which
detectthecurrenttwolanesaccurately.

Thelaneedgepointsneedtobeselectedforthelanemodelaftertheabovesteps.Allthepoints
shouldbeselected,butonlytenpointsareselectedifthetotalnumberofedgepointsisgreaterthan
ten.Thetenpointsareselectedbysamedistances.TheselectedpointsareshowninFigure6,right.
Theperspectiveeffectintheroadlineimageshouldbeconsideredintheselectionofboundarypoints
whichcanensurethereasonablenessandaccuracyofthelanetrackingandestimatinginthelater.

Besidethesinglesolidline,thedashedlineanddoublelinearedetectedintheproposedalgorithm.
Theboundarypointsofsolidlinearecontinuous,whiletherewillbeagreaterdistancebetweenthe
boundarypointsinthedashedline.Thedifferenceoftwoadjacentboundarypointsiscalculated.
Theaveragesofthedifferencesareusedtodiscriminatethesolidordashed.

Figure 5. The diagram of parameter space

Figure 6. Left: Candidates of lane boundary lines. Right: Selected boundary points.
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3. LANE DETECTIoN CoMBINED oF LANE MoDEL 
AND EXTENDED KALMAN FILTER

Vehicleshaking,lightchangingandvehicleinterference,allcanleadtothejitterofthecollected
images.Oneorseveralframescan’tidentifythelanelinesduetothereasonsofbrokenlane,dirty
road,shadows,andsoon.Thefilteralgorithmisusedtotrackthelane,whichcangreatlyimprove
theabilityofstabilityandanti-jammingforthesystem.Therefore,theinformationofroadstructure
modeliscombinedwithextendedKalmanfilter.TheextendedKalmanfilterisusedtotrackafterthe
lanelinesweredetected,whichgreatlyimprovedtheaccuracyoflaneidentification.Theeffectiveness
androbustnessofthealgorithmareensuredtoo.

3.1. Lane Model
Thelanemodelisbuiltaccordingtotheroadwaygeometryandvehicledynamics(Dickmannsetal.,
1992,Watanabeetal.,2009).Theroadboundarymodelisdefinedasfollows:

x z kW e z c z c zt k t t t t t, , ,
( ) � � � � �

1

2

1

2

1

6
0

2

1

3�  (8)

x zt k, ( ) isthepositionforthepointoflaneboundarywhichhasadistanceofzfromthevehicle
attimet.kdenotestheleftorrightsideofthelanewith k � �1 or k =1 . et isthelateraloffset
betweenthecenterofthevehicleandthecenterofthelane.θt istheyawanglebetweendriving
directionandthelane. c t0, , c t1, arethecurvatureandthechangerateofcurvature.φt isthepitch
anglebetweentheopticalaxisandtheplaneoftheroadplane.Theestimatedparametersaredescribed
asfollows:

x t e e c c Wt t t t t t t t� � � � �

� � �, , , , , , ,
, ,1 0

 (9)

The‘-’on the letters in theformulaexpresses thechangerateofcorrespondingparameters.
Comparedwiththemodels(Dickmannsetal.,1992,Watanabeetal.,2009),themodelinthispaper
increasestwonewestimatedparameters,thatis,thechangerateoftheyawangle θt andthelateral
offset et .Theincreaseofthetrackestimationparametersofthelaneinformationcancorrespondingly
improvethestability,anti-interferenceanddetectionrateofthelanedetectionsystem..

3.2. Extended Kalman Filtering and Parameter Estimation
Whenthecandidatelaneshavebeendetectedpreliminarily,theyaretrackedandestimatedbyKalman
filter.ThetraditionalKalmanfilterisusefulwhenthestateequationandmeasurementequationof
systemareboth linear system.Thesystemnoiseandmeasurementnoiseareconsistentwith the
Gaussiandistribution(Xiaoetal.,2018).Theparameterscanbeestimatedbytheprincipleofminimum
meansquareerror.Butthestateequationandmeasurementequationofthelanemodelinthispaper
arenonlinear.ThetraditionalKalmanfilterisnotpracticableinthissystem.So,thenonlinearsystem
shouldbeapproximatedbyalinearproblem.TheTaylorseriesexpansionisthemostcommonlyused
linearizationmethod,whichignoresthehigherorderterm.SotheKalmanfilterisreplacedbythe
extendedKalmanfiltering(EKF)(Welchetal.,2001).TheupdateprocessingofextendedKalman
filterisshownasfollowing.
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Theprocesshasastatevectorx Rn∈ .Itisnowgovernedbythenon-linearstochasticdifference
equation:

x t f x t u t w t

y t h x t v t

( ) , ,

( ) ,

= −( ) −( ) −( )( )
= ( ) ( )( )








1 1 1
 (10)

wheretherandomvariablesw v( ), ( )⋅ ⋅ representtheprocessandmeasurementnoisewithzero-mean.
Theu t −( )1 isthedrivingfunction.Thetimeupdateofstatevectorandtheobservationvectorfor
extendedKalmanfilterareasfollowing:

ˆ ( ) ( (̂ ), ( ), )

( ) ( ) ( ) ( ) ( ) ( )

x t f x t u t

P t A t P t A t W t Q t
p

p
T

= − −

= − + −

1 1 0

1 1WW t T( )








 (11)

ˆ ( )x t
p

istheprioristateestimateattimetwhere (̂ )x t istheposterioristateestimate.A t( ) and
W t( ) aretheprocessJacobiansattimet.WhereP t

p
( ) istheprioriestimateerrorcovariance,P t( ) 

istheposterioriestimateerrorcovariance.Q t( ) istheprocessnoisecovariance.TheKalmangain
intheupdateofmeasurementisshownasfollowing:

K t P t H t H t P t H t V t R t V t
p

T
p

T T( ) ( ( ) ( ) )( ( ) ( ) ( ) ( ) ( ) ( ) )= + −1  (12)

where H t( ) andV t( ) are themeasurementJacobiansat time t. R t( )  is themeasurementnoise
covariance.Thecovariancematrixofposterioriestimationerrorinthemeasurementupdateisshown
as:

P t P t K t H t P t
p p

( ) ( ) ( ) ( ) ( )= −  (13)

The updated estimation of observation vector in the measurement update is the following
expression:

(̂ ) ˆ ( ) ( )( ( ) (ˆ ( ), ))x t x t K t y t h x t
p p

= + − 0  (14)

Accordingtothechangeoftrafficvariablesandvehicledynamics,systemmatrixcanbeobtained
asfollows(Dickmannsetal.,1992):
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 (15)

whereVisthevehiclespeed,theobservationvectorissetas x
road

.Becausetheestimationpoints
whichareselectedtoestimateparametersareimagepixels,thepointsneedtobeconverted:

y f h z f

x f x z
img road t

img road road

= − ⋅ − ⋅
= ⋅








/

/

φ
 (16)

Inkeepingwithroadplane, x
img

isimage’sordinateandy
img

isabscissa.Thejacobianmatrix
forthepartialderivativesofhrespecttoxisdefinedasfollows:
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So,from(16)thereare:
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From(8),wecangetthat:

x kW e z c z c z
road t t t road t road t road
= + + + +
1

2

1

2

1

60
2

1
3θ

, ,
 (19)

Andfrom(9),weobtainthat:
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Sincethereisnoφ
t
in(19),x 6


 canbecomputedby:

∂
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∂
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∂
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x
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road

road

[ ] [ ]6 6
 (21)

Accordingtotherelationshipbetweenangleandordinateinimage,from(9)(16)itcanbegotten
that:

∂

∂
=

⋅

+ ⋅( )
x
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road

img t
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φ
 (22)

Notethedefinitionofx t( ) in(9),itcanbeobtained:

∂

∂
= + +

x

z
c z c zroad

road
t t road t road
θ

0 1
21

2, ,
 (23)

So,from(16)(19)(23)wehave:
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Then:
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 (25)

The7thitemintheJacobianmatrixHcanbeobtainedbytheaboveformula.Theparametersof
lanemodelcanbeexpressedbythestatevectorandthecovariancematrixofestimationerror.The
abscissasofthelaneboundarypointsintheoriginalinputimageselectedfromtheabovesteps,are
gottenbytheextendedKalmanfiltertoconductiterativeestimation.Iftheextractedlanecandidate
boundarypointsincludethenoiseintroducedbyobservation,butnotincludewrongidentification
points,thentheunitofstandarddeviationfornoiseispixel.Ifthevalueofthevarianceforestimation
errorisσ2 ,thenthemaximumchangeofeachparameteris3σ .Assumingthatthestandarddeviation
ofx

img
isσ ,thesearchareaofcandidatepointsis x y x y

img img img img
−( ) +( )3 3σ σ, ~ , forthenext

time.Theselectionoflanecurvaturealsocanbenarroweddowntoo.

4. EXPERIMENTS AND ANALySIS

Thenumerousexperimentswereimplementedtoverifythevalidityoftheproposedalgorithmwith
theprogrammingdevelopmentenvironmentVS2010ontheplatformofIntelCorei5-6500processor
at3.2GHz8GBcache.TheoperatingsystemisWindows7.Thealgorithmisbasedonmonocular
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vision.Thefocallengthis8mm.Themaximumframerateofimageis30framespersecond.The
sizeofimageis1280×720inpixels.Experimentsshowthatproposedalgorithmtakeslessthan
34mstoprocessaframeofpicture.

Toverifytheeffectivenessandrobustnessoftheproposedalgorithm,theroadvideodatacaptured
fromWuhanisselectedtotest.Thesedataincludeavarietyofroadconditions,suchastreesshadow,
pedestrian,vehicleinterference,stronglightandshadow,curveandsoon.Testresultsoffourvideo
sequencesareshownasexample.It isdifficult tofindopensourcecodeontheInternetbecause
ofthecomplexityoflanelinedetectionalgorithmengineering.So,thecomparisonalgorithmsare
RANSACalgorithmbasedontemplate(Aly,2008)andourpreviouslyproposedalgorithmbasedon
BeamletTransformationandK-meansClustering(Xiaoetal.,2015).Table1isthestatisticsresult
forthelanedetection,whichincludethetotalnumberofthetestframesandtherecognitionrate.

FromthedatainTable1,therecognitionrateoftheproposedalgorithminthispaperis2%to3%
higherthantheRANSACalgorithmandis3%to5%higherthantheBeamletandK-meansalgorithm.
Thealgorithmhasgoodstabilityandhighrecognitionrateupto94.6%.Theproposedalgorithmin
thispaperhasgoodaccuracyandrobustnessforthestructuralroadenvironment.Accordingtothe
geometryofroadandthemovingofvehicle,anewdrivewaymodelissetup.Theevaluatedparameters
ofdrivewayinformationareincreased.Atthesametime,thelaneinnerboundaryisobtainedusing
thevariousconstraintsofthelaneinordertoeliminateinterferencelines.Thecoordinateparameters
oflaneedgepointsaretrackedandestimatedbytheextendedKalmanfilter,whichcanensurethe
stabilityandrobustnessofthealgorithm.Hence,thedetectionresultisverystableandtheproblems
ofjitterandlowfittingprecisionintraditionalalgorithmaremissed.

Next,itisnecessarytodiscusstherobustnessofthelanedetectionalgorithmunderdifferent
roadenvironment.Thecomparativeanalysisoflanedetectioneffectforcomplexroadenvironment
isshowninFigures7-9.Itincludeslane-changing,curve,characterinterference,stronglightand
shadowtrees,vehicles,andsoforth.

InFigure7,theRANSACalgorithmandtheBeamletandK-meansalgorithmhavemistaken
identificationduringchanginglanes,whiletheproposedalgorithmsolvestheproblemwellinFigure
7,bottom.TheRANSACalgorithmandtheBeamletandK-meansalgorithmhavetheproblemof
instabilityandinaccuracyfittingincurvelaneinFigure8,whiletheproposedalgorithmstillhashigh
stabilityandrobustness.InthecaseofclosingtothecharacterinterferenceinFigure9,theRANSAC
algorithmandtheBeamletandK-meansalgorithmmakeamistakeindetection,buttheproposed
algorithmhasabetterresult.InFigure10top,thelengthofleftlanedetectedbyRANSACalgorithm
isgreatlyreducedbecauseofthevehicleinterferenceandthedetectionresultoftheBeamletand
K-meansalgorithmisnotaccurate,whilethedetectionresultoftheproposedalgorithmisstillvery
accurateinFigure10,bottom,althoughtherearelotsofmistakenedgepoints.Withthestronglight
inFigure11,theRANSACalgorithmdetectedtherightlaneonly,andtheBeamletandK-means
algorithm’sdetectionresultsarenotaccurate,whilebothlanesaredetectedbytheproposedalgorithm.
InFigure12,theRANSACalgorithmcandetecttheleftlanecorrectlywhichhaslessshadow,but

Table 1. The detection efficiency

Number 
of Video

Total 
Frames

Correctly Detected Frames Recognition Rate

Proposed Xiao (2015) Aly (2008) Proposed Xiao (2015) Aly (2008)

1 1805 1691 1608 1651 93.7% 89.1% 91.5%

2 1377 1283 1250 1246 93.2% 90.8% 90.5%

3 2222 2102 2033 2070 94.6% 91.5% 93.2%

4 1286 1196 1138 1157 93.0% 88.5% 90.0%
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Figure 7. Detection results for lane-changing. Top to bottom: Aly(2008), Xiao(2015), proposed.

Figure 8. Detection results for curve. Top to bottom: Aly(2008), Xiao(2015), proposed.
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itisunabletoidentifyrightlanewithseriousshadow.AndtheresultsoftheBeamletandK-means
algorithmaresimilartoit.Theproposedalgorithmcanaccuratelydetectitwithhighrobustness.

Fromthecomparisonofdetectionresultsaboveinvariouscomplexroadconditions,suchas
lane-changing,curve,thezebracrossing,stronglight,shadowtreesandvehicles,etc.Theefficient
andstabilityoftheproposedalgorithmarehigherthantheRANSACalgorithmandtheBeamletand
K-meansalgorithm.Theproposedalgorithminthispapercanaccuratelyidentifythelaneforvarious
specialroadconditions.Atthesametime,itcanachievereal-timeprocessingspeed(30framesper
second),whichhashigherrecognitionrateandreliabilitycomparedwithRANSACalgorithmand
BeamletandK-meansalgorithm.Figures13and14showthedetectionresultsofdashedlineand
doubleline.Ofcourse,theproposedalgorithmalsohassomeshortcomings.

Forexample,inFigure15,whenthevehiclechangesthelaneandtherearelonginterferencelines
whichareparalleltothelanesatthesametime(Figure15,top),therewillbeamistakendetection
(Figure15,bottom).Furtherresearchwillbeneededlater.

5. CoNCLUSIoN

Anewlanedetectionalgorithmbasedonmonocularvisionwasproposedinthispaper.Theroad
structureandvehicledynamicsareusedtosetupanewdrivewaymodel,wheretheparametersof
drivewayinformationtobeevaluatedareincreased.Asuitablecustomparameterspaceisestablished
intheproposedalgorithm.ThetraditionalHoughtransformisimprovedintheproposedalgorithm
toincreasetheprocessingspeed.ThecombinationoflanemodelwithextendedKalmanfilterforthe
lanedetectionguaranteeseffectivelythestabilityofthealgorithm.Theproblemofinstabilityand
theaccuracyforlanefittingisimprovedheretoo.Experimentsshowthatthealgorithmhasgood
recognitionrateandrobustnessinvariouscomplexroadenvironments.Thealgorithmdidnotgive
accurateconfidenceleveloflanedetection.Itwillbefurtherstudiedinthefollow-upwork.

Figure 9. Detection results for character interference. Top to bottom: Aly (2008), Xiao (2015), proposed.
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Figure 10. Detection results for vehicle interference. Top to bottom: Aly (2008), Xiao (2015), proposed.

Figure 11. Detection results for strong light. Top to bottom: Aly (2008), Xiao (2015), proposed.



International Journal of Digital Crime and Forensics
Volume 12 • Issue 2 • April-June 2020

16

Figure 12. Detection results for shadow. Top to bottom: Aly (2008), Xiao (2015), proposed.

Figure 13. Detection results for dashed line
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Figure 14. Detection result of double line

Figure 15. False detection results for the proposed method
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