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ABSTRACT

Lane detection is important for the lane departure warning (LDW) for
advanced driver assistance systems (ADAS). Several approachesfor lane
detection were suggested in the past. However, robustness is still an
issue, in casethe markings are not arranged in astraight line or when they
are occluded. This paper presents a robust vision-based lane detection
method. Thekey ideaisto apply methodsfrom thetarget tracking domain
to identify lanesin the image space; we use an I nteracting Multiple M odel
(IMM) approach to increase robustness. Our method is based on two
phases: a preprocessing phase to extract areas that potentially represent
markings and a tracking phase to identify the lanes. In the preprocessing
phase, we use regions of interest, median filtering, Otsu’s algorithm, and
image erosion. The tracking is performed in spatial dimension and based
on the Interacting Multiple Model (IMM) approach to estimate the lane
pixel positionsin the image. Two models are used: one for straight lines
and one for curves. The smulation results show that this method has
good robustness under various road scenarios.
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INTRODUCTION

In the past years, active safety systemswerein-
creasingly introduced into carsto lower the number of
accidents. TheU.S. Department of Transportation re-
ported 33, 963 fatalitiesin the year of 2009; 59% traf-
fic accidentswere caused by lanedeparture¥. There-
fore, road lane detection technology becameahot is-
sueintheintelligent vehicleresearch a present’?. Alot
of effort in the research areais spent to increase ro-
bustness; that isto detect lanesad so in case of inhomo-
geneouslightning conditions, non-straight lanes, or lane
occluson.

Severd agorithmsfor lane detection wereintro-
duced. Thesecan begroupedintothreecategories. edge
based methods, parameter spacetransformation based
methods, and model based methods. All these meth-
odshavetheir own limits, asthey areusually restricted
by onerepresentation of lanes.

Edge based methods are widely used, but highly
depend on the methods used to extract the edges cor-
responding to thelane boundaries; when theroad con-
ditioniscomplex and especialy in case of lane occlu-
sionthemethodsmay faill*9,

Parameter space transformation, such as Hough
transformation, isanother approach to get thelanein-
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formation inlane departure systems. A mgjor i ssue of
Hough transformationisthe necessity to stick to one
particular geometric shape, in the context of lanede-
tection usually aline. Hence the Hough-based trans-
formation agorithm cantypically only detect straight
lanes.

Model based methods® try to map detected fea-
tures of theimageto amodel by adapting model pa-
rameters. Severa mode scan bedefined and themethod
selectsthe best-fitting model per lane. However, itis
not possibleto combine modelsfor onelaneand im-
age.

To overcometheidentified limitations, this paper
suggestsusing an Interacting Multiple Model (IMM)
approach known from thetarget tracking domain(*4,
Withthisapproach, itispossibleto fusetheestimations
of severd modelssimultaneoudly to obtain an optimal
match of thelane. Thisleadsdirectly to an increase of
robustness.

Our detection agorithm can be divided into two
steps. preprocessing phase and atracking phase for
laneidentification.

The preprocessing phase consists of four stages.
Thefirst stageisbased on regionsof interest to reduce
theimagesize. Inthe next step, theimageis processed
by amedianfilter to reducenoiseandretainthedetalls.
Otsu’sagorithmisusedin thethird stageto identify
areasthat represent potentially markings. Findly image
erosonisusedtoremoveoutliers.

Thetracking isperformed in spatial dimension,
meaning that it tracksthelanewithin oneframe. Track-
inglanesusinginformation of consecutiveframesisnot
the scope of this paper. During tracking two models
areused for theIMM approach: onefor straight lines
and onefor curves. Eachlaneistracked by aninstance
of an IMM-based filter.

Theadgorithmisevaluated using testimagesfrom
the Carnegie M lon database. The experiment results
indicatethat the proposed method achievespreciselane
markingsinformation fromthevideo.

Theremainder isorganized asfollows: Sec. Il briefly
discussesrelated work. Thealgorithmisdescribedin
thefollowing sections: Sec. 11 describesthe prepro-
ng phase, Sec. IV thetracking phase. Experimen-
td resultsarediscussedin Sec. V. Findlly, the paper is
concludedin Sec. VI.
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Related work

Jianwel Gong et a.® used the edge detection, dy-
namic windows and Hough transform method to ex-
tract thelaneinformation. Most resultsare good ex-
ceptinsmall ringroadsor blind bend. And the previous
position information cannot be used to guidethe ve-
hiclewhen theroad lanemarkingsarenot very clear.

Shengyan Zhou et a ¥ used thegeometrical mode
and gabor filter to represent theroad. According to his
paper, thea gorithm achieveshigh accuracy andisro-
bust to the noise and other interferences. However, the
modules arefixed and the numbersof modulesislim-
ited by real timerequirements. So thesituationisthat
theadgorithm could not fit well with theroad laneif the
number of modulesisnot enough. But if thenumber of
modulesisincreased thereal timerequirement could
not be satisfied.

computethelikelihood probability through fitting
the detected features to model and”® found the ex-
tremeva ue of theenergy functiontolocation thelane
then the Kalman filter was used for prediction the pa-
rametersof themodd. Theseagorithmswouldbetime-
consuming because of theiterative operation.

I mage pr eprocessing stage

Image preprocessing stage playsanimportant role
in thelane detection method. Theimageisfirst pro-
cessed in order to reduce processing time. In most
scenes, theroad region and non-region areas have ob-
viousboundaries, andtheroad regionismainly inthe
lower part of theimage™. We used the ROI (Region
of Interest) approach to maketheimage of thelower
part asthemain disposed region. Inthisway, wecould
satisfy the efficiency and feasibility of the detection
method. AsshowninFigurel, theimageisdividedinto

(a)

Figurel: Initialization of regionsof interest (ROI).

(b)
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two partsby the ROI.

Theimageisthen processed by amedianfilter to
retainthedetallsand removethenoises. Otsu agorithm
can cal culate the adaptive threshold and remove the
cluttersfromthe grayscaleimage*?. Figure 2 shows
the segmentation resultson theimage after using Otsu
agorithm.

Figure2: Imageafter median filter and Otsu algorithm.

After themarking region has been extracted, we
useasmplified way to search current laneboundaries
and extract thelanefeaturesfrom theimage. We start
searching for lane pixelsfrom theleft to theright on
each row. Thenwe search the next pixel from bottom
totopintheframe. Thepixe isidentified asalanepixe
if itisconnected by at |east three pixds. Figure 3illus-
tratestheresullt.

Figure 3 : Theresult after image processing in the first
stage.

Tar get tracking approach

Todistinguish thenoise and thelane pixelsinthe
frame, we usethetarget tracking method to solvethis
problem. Considering that thelanepixesintheimage
arethetarget tracks on 2-D Cartesian coordinate. For
example, al thepixelsin onelane module can be con-
Sidered asonetarget track on the 2-D Cartesian coor-
dinate. Using thismethod, we do not need to fix the
pointswith thefixed number of modulesor to worry
about the complex scenesthat Hough transform could
not get good performances. Theonly thingweneedto

doisthat just estimatethetarget (lanepixd) positionon
the Cartesian coordinate, distinguish the pixelswhich
bel ong to onetarget track and the pixelswhich belong
toclutter.

With theimageswhich were processed intheim-
age preprocessing stage, the pixelsare considered as
themeasurement of thetarget and itscoordinate (X,Y)
Isalso considered asthe measurement’sposition. We
read the pixelsfrom thebottom lineup and in each row
formleft toright oneby one. Oneimportant thingisthat
we consider themeasurement’sordinate asits step. For
example, if onemeasurement’spositionis (13, 56) then
we consider thismeasurement’s step as 56.

Track management
Temporary track:

Themeasurementsare added to the set of tempo-
rary tracksonly after the updates of confirm tracksare
finished and unassoci ated measurementsareexisted in
thepreviousscan. Theset of temporary tracksisinitial-
ized by using two point differencing method*3. Oncea
temporary track was set up and updated by the mea-
surements at |east threetimes, then we could add the
temporary track to the set of confirm tracks.

Confirmtrack

Each confirmed track representsonetarget and it
isassoci ated with themeasurementsto update. Besides,
two confirmed tracks are merged if the distances of
thesetwotracksinthex andy directionsislessthana
threshold (such as5). If themeasurementsare not as-
sociated with the confirmed track in along time, then
wedeletethetrack.
ModelsConfiguration

Thetarget motion modd in Cartesan coordinateis

X1 =FX +Lw, k=0,12.. @)

Ze = HX o+ Vi @

wherex = (x, XY, Y) denotesthetarget’s stateinclud-
ing the position and theveocity. x, x aretheposition
and thevelocity of thetarget with respect to x-axis, and
v,y aretheposition and thevelocity of thetarget with
respect to y-axisin Cartesian coordinates, and w is
the acceleration processnoise, z=(X,Y)' isthemea
surement, v istherandom measurement noise. Sup-
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pose the target motion is described by two models:
Congtant velocity model (CV) and constant turn model
(CT). Then we could use the IMM approach to esti-
mate each model and combinetheresultstogether in
order to get the precise estimate of thetarget.

Constant Velocity (CV) Modd:

2
1T OO T? 0
01 00O T 0
F= = T2
0O 01T 0 > (3)
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Congtant Turn (CT) Modd:
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where T denotesthediscretesampleperiodand @ is
theangular velocity.

I nteracting multiplemode (IMM)

ThelMM agorithmiswell known to have good
performancewith respect to thetarget maneuvering a-
thoughitisasub-optimal filter based onthe Markov
chain whosetransition dependsonthelatest sate. The
detailscontent arewell explained in®, Themainele-
mentsof theIMM dgorithm areasfollows:

Themodetrangition probabilities, which arerelated
to Markov chain, aredefined as

Ty = P{m<j+1 mlk} ©)

wheren denotesthe event that model matchesthe
systemat time k.

BioTechnologqy —

M odd conditional reinitialization:

Initially, the statesfrom the previous step of each
mode are mixed mixingweightintheIMM filter. The
mixing weight can bewrittenas

i 7 ji:ukj—l

Hhea =
k-1

i,j=12. ©)

where 4/, isthemode probability of themode j in
thepreviousstepand 7 ;; isthe probability for thetran-

stionfrommodd | tomodd j.

Hy. 1isthe predicted mode probability
,Uli(\k-l = Z”jiﬂkj-l =12 @)
Themixing estimate Sate >_<;_1k_1 andthemixing cova

riance ﬁi(_ﬂk_l of themodedl are

H 2 . Al .
Y‘l—ﬂk—l - Z )(li—ﬂk—lll’llj‘—ﬂk—l =12 ®)
=1

FI)<|—]Jk—1 = Zluli‘—l [ FI)<J—]Jk—1 + ()q(—ﬂk—l - Xli—]Jk—l)

j=1
L . ©
(Xk—:qk—1 - Xli—:uk—l)-r } =12
where >‘<L_l‘k_l and ij,uk,l arethestateand covariance
of themodel j of the previous step, respectively.

M odel conditional filtering

Usingthemixinginitia stateand covarianceof pre-
vious process, the KF of each model predictsand up-
datesthe mode state and covariance.

Predict the state and the covariance matrix

)A(liqk—l = Fki—lili—llk—l + rilelva—li

i i B i i i i 10
Pk\k—l = Fk—lR(—l‘k—l(kal)T +Fk—1Qk—l(rk—1)T (10
Computethe kaman gain and theinnovation
K =Ry ,H (S)™ (12)
S =HR,H"+R (12)

Update estimatewith measurement
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X:(\k = Xli(‘k—l + KL (Zk - HXL\k—l) 13
Updatetheerror covariance
Ry =R~ K& (KD (14)

Model probability update:

Thelikdihood function of eechmodej atimek,
under the Gaussian assumption, isgiven by

L, =P =Nz ,08) (15)
where 2, isthe measurement residual
?.k =4 Hlif{qm (16)

Themode probability updateisdoneasfollows:

130] :;ﬂ 2

é e 3
1|

+ Ian=poesis s e noises | N
1

u=u1msuznm;m3§]:m

@ (b)

(e) ®)
Figure4: Lanedetection resultsin singleframe
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Estimation fusion:
According to the Gaussian mixture equation, the

(17)

combined state ﬁk‘k anditscovariance P‘k arecalcu-
lated as

= z ":( X L\ k (18)
2 o i Y i
Pk\k = le‘L [Pll\k +(Xk\k = Xk Xxk\k = Xkl )T] (19

Experimental results

Wetest our algorithm under avariety of different
road conditions, when there are bend lanes, shadow
and vehicleontheroad. Thetestimagesarefromthe
Carnegie Méelon database.

AsshowninFigure4(a), whenavehicledrivingin
the straight road which havefour lanes, the approach
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Figure5: Lanedetection resultsin consecutiveframes
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detectsfour targetsfrom theimage. Each color repre-
sentsonetarget’strack and thefirst three pixelswere
used for track initiation. (b) showsthe detection result
on video frame. (c) showsthe result when there are
curvelanesontheroad and (d) isthe detection result
onvideoframe. (€) and (f) showsthe performanceun-
der the shadows.

Result in consecutiveframes

Wetested our algorithmin consecutiveframesin
videofile. Someresultsareshownin Figureb.

Figure 5(e) shows the result under the shadow
scene. From theabovefigure, we can seeafter theim-
age processed stagetheright lane haslittlelane mark-
ing information according to the shadows. Thetradi-
tional method may have poor performance under this
Situation whileour approach can till keep high perfor-
mance and robustness.

Either from thesingleframe, or from the consecu-
tiveframes, theresultsshow that thea gorithm success-
fully detected road |ane even under ill-lighting condi-
tionsincluding shadows.

CONCLUSION

Using visual sensorsfor lanedetection hasagreat
sgnificancefor red timevehiclenavigation. Thispaper
focuses on this topic and presents a target tracking
method to detect the lanesfrom theimage. It can suc-
cessfully detect bend laneswhich Hough transform could
not detect, and it can al so distinguish thenoiseand the
lanepixelsontheimageby using target tracking method.
That isvery important for the system’s accuracy and
Sability effectively. However, therearetill many prob-
lemsto be solved. For example, werecord the pixel’s
ordinateasthe step of themeasurement. Asamatter of
fact, it requiresthat each target should have no more
than one measurement at each step, which meansthat
each lanetrack should have only one measurement on
eachrow of theimage. If onelanetrack isturnright and
back towardsthe bottom on theimage. Thelanede-
tection algorithm would consider thiswholelanetrack
astwo lanesby mistake. Follow up work would focus
onthisproblem. Nevertheless, it can till detect thelanes
at thissituation and thereare no special requirements
for camera parameters, background models, or any

other road surface models. Thismakestheagorithm
more adaptiveto variousroad environments.

REFERENCES

[1] U.S. Department of Transportation. http://
www.dot.gov/

[2] L.Chen et al.; Block-Constraint Line Scanning
Method for Lane Detection, presented at the IEEE
Intelligent Vehicles Symposium, 21-24 June, 89-94
(2010).

[3] B.Yu, A.Jain; Lane boundary detection using a
multiresol ution hough transform, in Proceedings of
International Conference on Image Processing, 26-
29 Oct, 748-751 (1997).

[4] A.Gern, R.Moebus, U.Franke; Vision-based lane
recognition under adverse weather conditions us-
ing optical flow, in Proceedingsof IEEE Intelligent
Vehicles Symposium, 17-21 Jun, 652-657 (2002).

[5] Q.Lin, Youngjoon Han, Hernsoo Hahn; Real-Time
Lane Departure Detection Based on Extended
Edge-Linking Algorithm, in Proceddings of Inter-
national Conference on Computer Research and
Development, 7-10 May, 725-730 (2010).

[6] ZuWhan Kim; Robust Lane Detection and Track-
ingin Challenging Scenarios, | EEE Transctionson
Intelligent Transportation Systems, March, 9, 8, 16-
26 (2008).

[7] Y.Wang, E.K.Teoh, D.Shen; Lane Detection and
tracking using B-snake, Image Vis.Comput., Apr.,
22(4), 269-280 (2004).

[8] JungKang, J.Won Choi, In So Kweon; Findingand
Tracking Road lanes using Line-Snakes, in Proceed-
ings of Conference on Intelligent Vehicles, Japan,
189-194, (1996).

[9] Jianwei Gong, Anshuai Wang, Yong Zhai; High
Speed L ane Recognition under Complex Road Con-
ditions, inProceedings of IEEE Intelligent Vehicles
Symposium, 4-6 Jun., 566-570 (2008).

[10] Shengyan Zhou, YanhuaJiang, Jungiang Xi; A Novel
Lane Detection based on Geometrical Model and
Gabor Filter, in Proceedings of IEEE Intelligent
Vehicles Symposium, 21-24 Jun., 59-64 (2010).

[11] W.N.Lu, Z.K.Shi; Synchronous Detection of the
Lane Marking and Road Boundary on Monocular
Vision, Chinese Journal of Sensors and Actuators,
20, May, 1171-1175 (2007).

[12] N.Otsu; A Threshold Selection Method from Gray-
level Histogram, IEEE Transctionson System Man

BioTechnology —

Hn Tudian Jounual


http://
http://www.dot.gov/

BTAIJ, 8(7) 2013 Dong Shashacet al. 949

e, FyLL PAPER

Cybernetics, SMC-9(Np 1), 62-66, (1979). Trans. Aerospace and Electronic Systems, Oct.,
[13] Y.Bar-Shalom, X.R.Li, T.Kirubarajan; Estimation 41(4), 1255-1321, (2005).

with application to tracking and navigation, Wiley,

(2001).

[14] X.R.Li, V.PJilkov; Survey of Maneuvering Target
Tracking. Part V: Multiple-Model Methods. |IEEE

s LBioTechnology

An Tudian Yourual



