
Journal of Korea Multimedia Society Vol. 17, No. 6, June 2014(pp. 655-670)

http://dx.doi.org/10.9717/kmms.2014.17.6.655

Model-Based Robust Lane Detection for Driver Assistance
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ABSTRACT

In this paper, we propose an efficient and robust lane detection method for detecting immediate left

and right lane boundaries of the lane in the roads. The proposed method are based on hyperbolic lane

model and the reliable line segment clustering. The reliable line segment cluster is determined from the

most probable cluster obtained from clustering line segments extracted by the efficient LSD algorithm.

Experiments show that the proposed method works robustly against lanes with difficult environments

such as ones with occlusions or with cast shadows in addition to ones with dashed lane marks, and

that the proposed method performs better compared with other lane detection methods on an CMU/VASC

lane dataset.
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1. INTRODUCTION

Lane detection is a fundamental ingredient for

Driver Assistance systems which provide aid or

assistance to the driver while driving such as Lane

Departure Warning, Driver-Attention Monitoring,

Automated Vehicle-Control Systems, and etc. [1].

Lane detection systems are based on various sen-

sors including camera sensors, internal vehicle-

state sensors, line sensors, LASER radio detection

and ranging (RADAR) sensors, global positioning

system (GPS) sensors, and so on. Since the camera

sensor-based one can operate under various envi-

ronments whereas the other lane detection systems

work well under some special environments, re-

search interests about the lane detection have been

concentrated more on vision(camera sensor)-

based systems during the past two decades [1-19].

The task of vision-based lane detection is rela-

tively easy when the texture of the road is uniform

and when the lanes present very clear markings.

However, since road lanes usually have environ-

mental variations in addition to shape variations

(straight or curved), the task becomes non trivial.

Lanes can be marked by segmented lines, circu-

lar reflectors, physical barriers, or even nothing at

all as well as well-defined solid lines. The road

surface can be comprised of light pavement, dark

pavement, or even combinations of different pave-

ments. The roads can be under various weather

conditions (cloudy, foggy, rainy, snowy, etc.) and

illumination conditions (sunny, cloudy, dark). In

addition to these, neighborhood vehicles, trees or

buildings can cast shadows over lanes or the other

vehicles or obstacles can occlude the lanes and dis-

tract the tracking system. Most of vision-based

lane detection works in the past two decades [1-19]

have focused on dealing with such difficulties of

the road environments.

The lane detection in this paper is defined as a
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problem of estimating the left and right boundaries

of a lane that are designated by the solid or the

dashed markers, and finds only the immediate left

and right lane boundaries of the lane, which may

be only interests for the driver.

In this paper, we propose an efficient and robust

lane detection method based on hyperbolic lane

model and line segment clusters. Hyperbolic lane

model is known to represent well a parametric

model of the projective projection of the natural

lane borders for most of lane applications [12]. The

proposed method firstly localizes a horizon. The lo-

calized horizon is used in two ways; first for re-

stricting ROI and second for hyperbolic lane model.

One does not have to search line segments above

the horizon since the line segment coming from the

lanes cannot be above the horizon. Next, the pro-

posed method applies LSD(Line Segment Detector)

[20] for extracting line segments, which is more

robust to noises and faster than the conventional

line extraction technique of Canny edge detector

[21] followed by Hough transform[22]. LSD also

provides endpoints of each extracted line segment

so that one can calculate the slope of the line

segment. Since line segments coming from lane

marks are only concerned, the proposed method

eliminates the infeasible line segments which have

length less than a minimum threshold or almost

horizontal angle. Next, the proposed method clus-

ters the remaining feasible line segments based on

slope and distance, and then determine the most

probable left and right lane cluster candidate by

calculating the weights of line segments belonging

to each cluster. Since line segments coming from

lanes head toward vanishing points, the weight for

each line segment is defined in relation with van-

ishing points. The vanishing point in this paper is

only necessary for the calculation of weights of line

segments so that the performance of the proposed

lane detection method is less dependent on the esti-

mation of the vanishing points than the other lane

detection methods where more precise vanishing

point estimation is desirable [13,14,16,18,19].

Finally, the proposed lane detection method fits the

left and right hyperbolic lane model using the most

probable left and right lane cluster, respectively.

Since our proposed method fits the lane model by

utilizing the most probable line segment cluster, it

is more robust compared with other model-based

methods based on control points (including vanish-

ing points) [14,18,19] or on any pairs of edge points

with a distance of the proper value [13], or based

on lane candidate pixels[15]. The precise estima-

tion of control points, lane candidate pixels, and

edges are more erroneous than that of line seg-

ments under difficult environments such as cast

shadows, occlusions, bad weathers, and so on.

Experimental results on a publically available

CMU/VASC lane dataset[27] shows that the pro-

posed lane detection method works robustly

against some worse land environments such as oc-

clusions and cast shadows and performs better

compared with other methods tested on the same

dataset. The proposed method shows a processing

speed of average 146ms per frame on the CMU/

VASC lane dataset. Since the experimental com-

puting environments (CPU speed, DDR memory

size, and etc.) used in the literature are not publi-

cized or not the same as ours so that comparison

of the processing speed of ours with those in the

other works is hardly figured out. For example,

[18] reports the processing speed of lane detection

as below 4 sec per frame on the similar dataset

under Pentium 3 system with 128 MB RAM.

The rest of the paper is organized as follows.

Section 2 describes related works, and Section 3

explains the proposed lane detection method in

detail. Experimental results are explained in Section

4, and finally conclusion is given in Section 5.

2. RELATED WORKS

The goal of vision-based lane detection is to lo-

cate the lane boundary from image sequences.
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During the past two decades, various vision-

based lane detection methods have been proposed

in the literature. These methods can be broadly

grouped in two approaches, namely the feature-

based approach [3-7] and the model-based ap-

proach [8-19].

The Feature-based methods extract and analyze

local lane features in order to separate the lane

from the background pixel by pixel. One of the

most popular lane features is the edges since the

lane boundaries are normally assumed to be clearly

marked with white or yellow paint in high contrast.

However, lane edges may not be clearly detected

due to weak or worn-out paints, or cast shadows

by neighborhood trees, buildings and vehicles or

occlusion by other vehicles or obstacles, or bad

weather conditions. Also, if the edge threshold is

either too low or too high, a large number of irrele-

vant features will be included or correct lane fea-

tures can be missed. As a result, if the driving en-

vironments are noisy or varying, the edges can

mislead the detection algorithms.

On the other hand, lane modeling can greatly in-

crease lane detection performance since through

model fitting, one can eliminate false positives via

outlier removal or recover the lane parts of weak

appearance (due to cast shadows, worn-out paints,

or bad weathers) or of hidden appearance (due to

occlusion). Moreover, the model-based approaches

just use a few parameters to represent the lanes.

Assuming the shapes of lane can be presented by

either straight line [8,9] piecewise linear lines [10],

parabolic curves [11], hyperbolic curves[12-16],

clothoids, splines [17,19], and snakes [18]. The

processing of lane detection is approached as the

processing of fitting those model parameters. In

this way, the model-based techniques are much

more robust against noise and missing data, com-

pared with the feature-based techniques. To esti-

mate the parameters of lane model, the likelihood

function, Hough transform, the chi-square fitting,

and mean square error fitting have been applied.

The classical technology used a simple model–

straight linear lane model [8,9] or extended piece-

wise linear model [10] by considering the lane

marks are straight. This technique is simple but

it works not well to locate the curved lanes. In an

application such as lane-departure warning sys-

tem, it is required to calculate the trajectory of the

vehicle a few seconds ahead. At freeway speeds,

this can require accurate road modeling for 30-40

m or more ahead of the vehicle to catch a TLC

(Time to Line Crossing) of around 1s . Thus, such

an application may require lane detection in the

far-field. In this situation, simple lane models like

piecewise linear model cannot represent the lane

shapes accurately, especially in the far-field so that

more accurate curvature lane models such as para-

bolic, hyperbolic or spline-based model would be

better for vehicle trajectory forecasting.

With Inverse Perspective Mapping (IPM), per-

spective effect on the image is removed and road

lanes are modeled as parallel lines with fixed width

in [17]. IPM technique is based on taking a top

view of the image to remove the perspective effect

with the assumption that the lanes are parallel. The

IPM image is filtered to detect the vertical straight

parallel lines using some optimized filters for en-

hancing the vertical edges. [17] generates a top

view of the road, filtering using selective oriented

Gaussian filters, using RANSAC line fitting to give

initial guesses to a new and fast RANSAC algo-

rithm for fitting Bezier Splines, which is then fol-

lowed by a post-processing step. The big dis-

advantage of this approach is that it requires the

camera is initially calibrated-intrinsic (focal length

and optical center) and extrinsic (pitch angle, yaw

angle) information not to mention the high compu-

tation time. The calibration parameters, especially

extrinsic parameters of the cameras mounted on

the moving vehicles can easily be changing due to

the vibration of the moving vehicles.

In order to support more flexibility in modeling

the arbitrary shape of road, [18] and [19] introduced
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the B-snake and B-spline model, respectively. The

B-snake and B-spline model needs a precise cal-

culation of control points which requires precise

estimation of vanishing points. To estimate van-

ishing points, [18] and [19] apply the CHEVP algo-

rithm which utilizes Canny edge detector and

Hough transform. The Canny edge detector is sen-

sitive to noises and Hough transform may be af-

fected by shadow or weather change.

For more reliable line segments, [9] proposed a

clustering technique of line segments. The pro-

posed method in this paper also adopts the similar

line segment clustering technique, but does differ-

ently from [9] in that it determines the most prob-

able left and right line segment clusters, and it fits

the different lane model of hyperbola as opposed

to the linear regression lane model of [9].

As adopted in the proposed method, many of

the previous research works adopting hyperbolic

lane model have been reported [13-15]. [13] first

detects edges by applying canny edge detector,

which is sensitive to noises so that it can detect

false lane edges. How to classify the edge points

as lane points or not and how to choose a pair of

left lane points and right lane points are not clearly

stated in [13] and The lane detection method in [13]

may be erroneous due to wrong edges detected by

Canny detector. Also, [13] uses linear least square

error method, which is less robust and more slowly

convergent compared with Levenberg-Marguardt

algorithm adopted in this paper. In [14], the image

is divided into horizontal strips. Then, [14] clusters

the road boundary line segments into left and right

groups using both geometrical and statistical

reasoning. Pairs of road boundary line segments－

one from each group－are then used to detect VP

(Vanishing Point) for each image strip. And [14]

fits hyperbolic lane model by solving a weighted

linear matrix equation using multiple VPs obtained

for each image strip. The Hyperbolic lane model

fitting of [14] highly depends on precise estimation

of vanishing points. In [15], each point on each ex-

tracted line under the horizon is compared to the

intensity average of left and right neighbors within

a window defined by maximum lane width. The

pixel having intensity higher than left and right

neighbor pixels with given threshold is selected to

be a lane candidate pixel. Lane candidate pixels are

used to fit hyperbolic lane model using RANSAC

(RANdom Sample Consensus). [16] fits the hyper-

bolic model using the Sobel gradient map and the

steerable filtered feature map based on the Maxim-

um A Posterior (MAP) estimation, which is more

complicate and more computationally time con-

suming than the case of using line segments based

on least square error estimation used in the pro-

posed method.

Most of line segment extraction in the literature

utilizes Hough transformation after they detect

edges by applying edge detectors such as Canny

edge detector. Canny edge detector and Hough

transform together needs some sizable computa-

tional time and Hough transformation has some

drawbacks in detecting line segments which will

be explained later. Instead we adopt LSD(Line

Segment Detector) [20] to extract line segments

from images, which is faster and more robust than

Canny edge detector/Hough transform.

3. THE PROPOSED LANE DETECTION

The Model-based lane detection method pro-

posed in this paper consists of 4 steps; i) horizon

localization, ii) line Segment detection, iii) line seg-

ment clustering, and iv) lane model fitting.

In the below, each step is explained in detail.

3.1 Horizon Localization

Localization of the horizon line in the road

scenes is important at least for two reasons in this

paper. First, the road cannot exit above the horizon

so that searching for lane feature can be confined

below the horizon so that one can save the lane

detection processing time. More importantly, posi-
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Fig. 1. An image of 3×3 window.

tion (y–coordinate) of horizon line (VH in (*)) is

necessary for hyperbolic lane model adopted in this

paper.

[13] and [14] obtain the horizon line based on

the intersection of the lane segments, whose per-

formance depends on reliable estimation of the lane

segments. Even though [14] obtains y-coordinate

of the horizon more reliably by fitting a line to sev-

eral vanishing points calculated by intersecting be-

tween a left line segment and a right line segment,

it is noticed that localization of many vanishing

points and fitting VPs to a line is computationally

heavy. As opposed to [13] and [14], [15] includes

the y–coordinate of horizon line as one of fitting

parameters of the hyperbolic lane model, and [16]

treats it as known since the y–coordinate of hori-

zon line can be calculated from the fixed camera

parameters based on the assumption of a flat road.

In this paper, we develop a simple but efficient

horizon localization based on the notion of the hori-

zon line proposed in [4]. The horizon line divides

the scene into the sky region and the road region.

The sky region pixels usually show higher in-

tensity than road pixels, and it might have a big

difference of intensity as one approaches from sky

to the ground. Nevertheless, the horizon line does

not often happen at the global minimum or the first

local minimum from the above in the curve. Hence,

a regional minimum search had better be utilized

to ensure the correct localization for the horizon

line dividing the sky and road region accurately.

As suggested as in [4], to enhance the effect of

lower intensity around horizon line in the scene

image, a minimum value filter with a 3×3 mask is

first applied to the scene image so that the value

of a pixel in the image becomes the value of the

darkest pixel in the neighbor of 3×3 mask. In the

example of Fig. 1 below, the center value 66 in the

window is changed into 0, which is the darkest in

the window, if one applies the minimum filter of

3×3 mask around the center pixel in the window

in Fig. 1.

Next, a vertical mean distribution is obtained by

computing the average of gray values of each row

in the filtered image, as shown in Fig. 2(b). Instead

of searching the first minimum value along the

vertical mean distribution curve, the curve is div-

ided into n segments to obtain regional minimum

(in this paper, n is chosen to be 10). A regional

minimum S is represented as (m, p), where m is

the average of gray values of the row where the

regional minimum occurs, and p is the number of

the row.

{ }],1[],255,0[|),( hpmpmS iiii ÎÎ= ; .1 ni ££ (1)

where h is the image height, and i increases from

the top of the image. Naturally, the sky region (the

region above the horizon) is always located on the

top of the road image. Therefore, the first region’s

regional minimum m1 is taken as reference mini-

mum and the global mean value mg of the entire

image is calculated to determine the overall change

in intensity. Now, the y-coordinate of the horizon

line, VH is determined as pi where i is the first in-

teger number such that mi satisfying the following

relationship;.

)()()]()[( 111 giiiiii mmmmmmmm £Ç£Ç£Ç£ +- (2)

If there is no such VH satisfying the relation (2),

then we take p1 as the y-coordinate of the horizon.

3.2 Line Segment Detection 

In this paper, we extract line segments as lane

features, which are later utilized to fit the hyper-

bolic lane model.

Line segment detection is an old and recurrent

problem in computer vision. Standard methods first

apply Canny edge detector [21] followed by a

Hough transform [22] extracting all lines that con-
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Fig. 2. Horizon Localization developed in this paper.

tain a number of edge points exceeding a threshold.

These lines are thereafter cut into line segments

by using gap and length thresholds. The Canny

edge detector is sensitive to the low and high hys-

teresis thresholds so that inappropriate choice of

fixed thresholds can lead to a significant number

of false positives or false negatives. Moreover the

Canny edge detector is well know to be computa-

tionally heavy [23], and the Hough transform

method is also well known to have serious

drawbacks. Textured regions that have a high

edge density can cause many false detections [19].

There are many variants of the Hough transform,

each trying to solve different shortcomings of the

standard Hough transform. However, all Hough

transform based techniques require binary edge

map as input, and they usually generate infinitely

long lines - rather than line segments - in (angle,

radius) representation, which must then be broken

down to line segments. A clean input edge map is

very critical for these techniques, but the parame-

ters to be used for edge map generation (for exam-

ple, Canny edge detector’s thresholds) are not au-

tomatic and have to be determined by the user.

This approach is not suitable for such real time

systems. An alternative approach is to use LSD

[20] which shows a clear improvement of HT

method in term of computation cost and false de-

tection control. LSD does not only run in high

speed, but also is capable of detecting the lines in

segment form without the need for any further

processing. Fig. 3 shows the advantage of using

LSD for line segment detection.

3.3 Line Segment Clustering 

3.3.1 Line segment elimination

The line segments extracted from LSD may

contain the infeasible line segments which do not

come from lane markings as shown in Fig. 3(b).

For efficient clustering, the proposed method elimi-

nates some of infeasible line segments based the

following criteria:

Criteria for selection of line segments which can

be candidates for lane marks

- The line segments must have a minimal

length at least (the minimal length is 5 pixels

in our implementation).

- The orientation of the line segments must not

be horizontal or approximately horizontal

(the slope of the line segment is not less than

5 degrees in our implementation).

- The end points of the line segments must lie

under the horizontal line.

Fig. 4 shows a line segment map obtained after

the above criteria is applied to Fig. 3(b).

3.3.2 Vanishing point estimation:

In the previous process, the line segments that

have a very small probability of belonging to lane

marks are eliminated. By checking the slope angle

and length value of the extracted line segments,

many infeasible line segments may be eliminated

further, but this filtering process is not enough
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Fig. 3. (a) original image, (b) line segment image by LSD, (c) Canny edge map (low threshold = 50, high threshold 

= 100, window size = 3), (d) line segment image obtained by applying the probabilistic HT with threshold 

= 50, min line length = 5, max line gap = 5 on Canny edge map (c).

Fig. 4. A line segment map after the horizon-like line 

segements are removed.

since there can still be many line segments far from

parts of lane marks since any fixed threshold for

slope and length of line segments cannot be a pan-

acea working for variant road scenes. In this paper,

we develop a secure criterion on the selection of

the most probable line segment cluster which can

be appropriately used for the lane model fitting

process later. The most probable line segment

cluster is selected as the one which has the max-

imum weight. The weight of a line segment cluster

is defined as the sum of the weight of each line

segment in the cluster and the weight of a line seg-

ment is defined to be based on the vanishing point.

In general, the vanishing point is defined as the

intersection point of the perspective projection of

the set of lines that are parallel in the world, but

not parallel in the image plane. The vanishing point

in the image plane gives important information

about the vehicle’s orientation to the ground (pitch

angle) and to the lane borders (yaw angle), the dis-

tance of the objects in the scene, and so on[23].

Therefore, vanishing point estimation plays an im-

portant role in driver assistance application like

lane detection [13,14,16,18,19,24].

Although there can be several vanishing points

determined by different sets of parallels in the

scene (the vertical and horizontal directions of the

panels, buildings, trees, and etc.), in this paper we

focus on estimation of a dominant vanishing point

since we want to utilize vanishing point in-

formation for a guideline for selecting the most

probable line segment cluster and thus a less accu-
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rate estimation of vanishing point in this paper

does not deteriorate the system performance as

much as those in [13,14,16,18,19] where more pre-

cise vanishing points are better for more correct

lane model fitting.

Estimation of VPs generally utilizes the inter-

section of a pair of line segments, but this approach

is sensitive to outliers (wrong line segments) so

that some method ([24]) assigns a weighting to

each line segment to alleviate the sensitivity. In or-

der to strengthen the reliability of estimating the

dominant vanishing point, we also assign a

weighting for each intersection and choose the in-

tersection point of the maximum weighting as the

dominant vanishing point.

Estimation of the dominant vanishing point

for i-th pair of line segments ( i =0, …, n ) //n=

the number of a pair of line segments,

{ //beginning of “for”

compute the intersection point ),( iii yxp = and

the intersection angle iq of the pair of line seg-

ments ;

if the intersection angle iq >= threshold

{ //beginning of “if”

compute the weight ),( ii yxw of this intersection

point ),( iii yxp = ;

if there exists a registered intersection point group

represented by ),( yx where ip is located within

the neighbor of 5 pixel Euclidean distance around

),( yx ,

{ join the intersection point ),( ii yx into the in-

tersection point group ),( yx ;

update the weight of the intersection point group

(x, y) such that ),(),(),( yxyxyx ii www += ; }

else

{ register a new intersection point group repre-

sented by ),( ii yx ;

join the intersection point ),( ii yx into the inter-

section point group ),( ii yx ;

assign the weight of the new intersection point

group ),( ii yx as ),( ii yxw ; }

} //end of “if”

} // end of “for”

Find the intersection point group ),( yx ))
which has

the maximum weight.

Finally, determine the dominant vanishing point as

the average position of all intersection points

belonging to the intersection point group ),( yx ))
.

In the above estimation algorithm, the weight

),( yxw is defined as
2

1),(
l

l
yx qw º

where q is
the intersection angle in radians between two line

segments , l1 and l2 are the length of two line seg-

ments with condition l1 < l2. If the slopes of two

lines are m1, m2 then the intersection angle q is
calculated from the following formula:

21

21

1
)tan(

mm

mm

+
-

=q
.

Two straight lines with slopes m1≠ m2 are per-

pendicular to each other if and only if 121 -=×mm .

Otherwise, their angle of intersection always sat-

isfied the following inequalities:

2
0

pq <<
.

Fig. 5 shows an example of estimating the domi-

nant vanishing point for Fig. 4.

Fig. 5 shows also the estimated dominant

vanishing point does not match the localized

horizon

Fig. 5. Dominant Vanishing point estimated from Fig. 4. 
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and is not precise but does not usually cause any

big problem for the proposed lane detection method

since the estimated vanishing point is utilized for

calculation of the weight of line segments. Fig. 8

shows an example of correct lane detection for Fig.

4 irrespective of the not precise estimation of van-

ishing point for Fig. 5.

3.3.3 Weighting of a Line Segment

We need to assign a weight for a line segment

for choosing the most probable line segment clus-

ter in the later process. The weighting factors for

line segments are decided from the following ob-

servations:

∙ The longer a line segment, the higher is the

probability that this line segment corresponds

to a lane mark. .

∙ The greater the distance between the domi-

nant vanishing point and the more distant

endpoint of a line segment li , the higher is

the probability that this line segment corre-

sponds to a lane mark.

Based on this observation, we define the weight

of a line segment li as follows:

åå
×º

i

i

i

i
i d

d
w

ln

ln
(3)

where Ini is the length of line segment li , di is

the distance of the line segment li to the dominant

vanishing point, and ∑ (summation) is calculated

for all line segments.

3.3.4 Clustering of Line Segments

In this paper, we cluster the line segments by

their slope and relative locations in two consec-

utive processes:

1) Clustering with respect to the slopes of line

segments

2) Clustering again with respect to the relative

location between line segments

The process of clustering starts with many

clusters where each line segment represents one

cluster, and with different levels of clustering they

get merged according to their closeness with other

clusters. The clustering with respect to the slope

helps to find the set of line segments with similar

slope angles and the clustering with respect to the

relative location merges the closely placed clusters.

The closeness (similarity) measure between any

two clusters plays important role. A brief descrip-

tion about the clustering algorithm utilized in this

paper in the similar way as in [8] is given as below:

Clustering of line segments

Input: a set of line segments L = {l1, l2, l3, ...,

ln} , T-Threshold to stop merging of

sub-clusters

Output: clusters with maximum inter class dis-

tance greater than or equal to T

1. Start with n disjoint clusters {C1,C2, C3, ..., Cn}

, each one containing one line segment, that

is.

Ci ={li } for each i=1, …,n.

2. Compute the distance between each pair of

clusters Ci and Cj ; d(Ci, Cj)

3. Find the most close pair of clusters, Ci and

Cj and merge into one cluster if their distance

is less than T

4. Decrease the number of cluster by 1

5. Repeat step 2, 3 and 4 until either there is no

two clusters with the inner class distance less

than T or reached to single cluster.

The distance d(Ci, Cj) between two clusters Ci

and Cj in the above clustering algorithm is defined

to be the average distance from all the member of

one cluster to all member of other cluster as given

below:

),(),( )( nmxCCji lldmeanCCd
ji

º where

jnim ClCl ÎÎ , (4)

And, for clustering with respect slopes, ),( nm lld

is defined to be the absolute difference between the
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(a) (b)

Fig. 6. (a) clustering on Fig. 3. with respect to slopes, (b) further clustering on Fig. 6(a) with respect to the relative 

location.

(a) (b)

Fig. 7.  (a) the most probable left and right line segment cluster from Fig. 6(b) the end points of the line segments of (a).

slopes of two segments, lm and ln. For clustering

with respect to the relative location, d(lm, ln) is de-

fined to be the minimum one among Euclidean dis-

tances between one of two endpoints of one line

segment lm and that of the other line segment ln.

Different threshold (T) values (for slope and the

relative location) are used to stop the process of

merging clusters.

Fig. 6(a) shows the outcome of clustering on

Figure3 with respect to slope and Fig. 6(b) shows

the outcome of further clustering on Fig. 6(a) with

respect to the relative location where resulting

clusters are painted in different colors.

3.4 Lane Model Fitting

3.4.1 Determination of the left and right lane candi-

date cluster

After clustering the line segments according to

the slope and the relative location, only a few line

segment clusters remain. Thus, the final task is to

determine the most probable line segment cluster

candidate respectively for each left and right lane.

To achieve this task, firstly, we divide the set of

clusters into two groups of left line segment clus-

ters and right line segment clusters based on the

slope of the line segment with the lowest location

in each cluster. Due to the perspective effect, left

lane marks appear to oriented toward left and right

lane marks appear oriented toward right in the im-

age planes. Next, we determine the cluster with the

highest weight from the left cluster group as the

most probable left cluster. Also, we determine the

most probable right cluster in the same way. In

this paper, the weight of the cluster is defined as

the total weight of all line segments belonging to

the cluster and the weight of the line segment is

defined as (3).

Fig. 7 shows the resulting final most probable
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(a) (b)

Fig. 8. (a) the estimated hyperbolic lane model using LM algorithm, (b) the final result.

left and right cluster.

3.4.2 Hyperbolic lane model

The hyperbolic lane model adopted in this paper

is expressed by the following formula:

HH
H

uvvb
vv

ku +-+
-

= )( (5)

where (u, v) is the lane boundary point in the

image plane, vH is the y-coordinate of the horizon;

k,b and uH are the parameters of the curve, which

can be calculated from the shape of the lane on the

ground. Geometrically, (uH, vH) is a vanishing

point, b is a slope of the asymptote of the hyper-

bolic curve, and k controls the curvature of the curve.

The two lines formed by lane markings will

have the same parameters of k and uH if the left

and right lane is parallel in the real world. Assume

that the two lane marking curves can be repre-

sented by

HHrr
Hr

r

HHll
Hl

l

uvvb
vv

ku

uvvb
vv

ku

+-+
-

=

+-+
-

=

)(

)(

(6)

where (ul, vl) is a (u, v) coordinate of the left

lane and (ur, vr) is a (u, v) coordinate of the right

lane. The hyperbolic lane model (5) is characterized

by only three parameters (k,b,uH). The parameter

vH is determined by the y-coordinate of the horizon

localized in Section 3.1. To determine these param-

eters, we use a least squares curve fitting method,

fitting the proposed model to the images acquired

by the camera. This procedure is applied in-

dependently for each lane boundary, and is de-

scribed in next section.

3.4.3 Estimating the hyperbolic lane model parame-

ters

We estimate the hyperbolic lane model parame-

ters β = (k,b,uH) by formulating the estimation

problem as a nonlinear least square curve fitting

problem as follows.

Hyperbolic lane model fitting problem

Given a set of m empirical datum pairs of independent 
and dependent variables, (ui, vi), optimize the parameters 
 β  of the model curve 

HHi
Hi

i uvvb
vv

kvf +-+
-

º )(),( b  so that the sum of 

the squares of the deviations å
=

-º
m

i
ii vfuS

1

2)],([)( bb  

become minimal. 

In our case, m in the above is the total number

of the end points of the line segments in the most

probable line segment cluster.

Levenberg–Marquardt algorithm is a well-

known robust method to solve the nonlinear least

square error optimization problem [25]. In this pa-

per, we fit the hyperbolic lane model of (6) by using

the ’ lmfit – a C library for Levenberg-Marquardt

least-squares minimization library’ [26].

Fig. 8 shows an example of hyperbolic lane
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Table 1. Comparisons of Lane Detection rate

Methods
Detection
rate

The number of
test images

[5] 94.26% 157

[6] 95.54% 157

[19] 82% 567(*)

Proposed method 96.18% 157

(*) [19] tested more lane images from CMU/VASC[28]

in addition to [27], but it does not clearly state which

lane images are used for its experiments from CMU/

VASC[28] .

model fitting by LM algorithm. In Fig. 8(b), left

lane is painted in green color and right lane is

pained in red color both with some thickness.

4. EXPERIMENTAL ANALYSIS

4.1 Experimental Environments

For experiments in this paper, we evaluate the

CMU/VASC lane dataset in [27] in order to com-

pare the proposed method with other methods in

the literature, which has been tested in [5], [6] and

[19] on the same dataset. [18] tested their algorithm

on many datasets including some of CMU/VASC

datasets. [3,4,8-17] tested their algorithm on their

own home-made datasets, and did not publish the

test results clearly. The CMU/VASC dataset con-

sists of 160 images of a sunny 1-lane road, con-

taining curved lane images and cast shadowed lane

images, and all images have the resolution of

256×240. But since this dataset does not contain

lane images under variant road environments such

as foggy lanes, we test our proposed method for

some lane images collected from Internet. The

testing PC in the our experiments has Intel® Core

(TM) 2 Duo E6750 CPU running at 2.66GHz with

2 GB DDR2-800 RAM.

Any works of [1-19] do not provide the criterion

to decide whether the lane is detected or not. In

this paper, we determine that the lane is detected

when the detected lane turns out to follow the real

lane reasonably well by human eyes.

4.2 Experimental Results 

Table 1 of the comparison between the ex-

perimental results on lane detection rate of pre-

vious lane detection methods [5,6,19] and that of

our proposed method shows that our proposed

method performs better than those methods of

[5,6,19] with respect to lane detection rate.

From experiments on CMD/VASC [27], it turns

out that the proposed method can process about 7

frames/sec in average (146ms per frame in aver-

age). A few of works in the literature report proc-

essing speed of their methods. Furthermore, the

experimental computing environments (CPU speed,

DDR memory size, and etc.) used in the experi-

ments are not the same as ours so that we cannot

directly compare the processing speed of ours with

those of the other works. For example, [18] reports

the processing speed of lane detection as below 4

sec per frame on the similar dataset under Pentium

3 system with 128 MB RAM.

Fig. 9 and Fig. 10 show some of success cases

and some of failure cases by our proposed method

on CMU/VASC lane image dataset under variant

road environments, respectively.

Our proposed method fails when lane curves are

steep but lane marks of left or right lane are not

clear as in Figure10 (a) and (b) or when both lane

marks are unclear as in Figure10 (c) (see the area

of ellipse ). In the case of steep lane curves, the

lane marks from the same lane are differently clus-

tered as shown in rectangles of Figure10 (d) and

(e) . Also lane marks in the other lane are not

clearly detected as shown in the area of ellipse in

Fig. 10(d). In Fig. 11 below , left and right lane

marks are clearly detected so that fitting the hy-

perbolic left lane model helps correct fitting of the

hyperbolic right lane model even though the lane

marks from the same lane are differently clustered.

In case of the unclear lane marks of both left and

right lane, the unclear lane marks are not extracted

as line segments as shown in the areas of ellipses
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(a) (b) (c) (d)

Fig. 9. Some of success cases of the proposed method on CMU/VASC dataset under various road environments. 

(a) a lane by other vehicle, (b) a lane with cast shadow, (c) a curved lane, (d) a lane with dashed lane marks.

Fig. 10. Some of failure cases of the proposed method on CMU/VASC dataset.

of Fig. 10(f). Even if we adjust the slope difference

threshold to handle the situations like Fig. 10(a)

and (b), the different threshold may cause some

other spurious (infeasible) line segments included

in the most probable cluster. In the same way, ad-

justing the threshold of LSD algorithm may cause

other spurious line segments detected .

Fig. 12 shows an example of application of our
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(a) (b) (c)

Fig. 11. An example of success case of the proposed method for a steep lane.

Fig. 12. An example of application of the proposed method to a foggy lane.

proposed method to a foggy lane.

4. CONCLUSION

In this paper, we proposed an efficient and ro-

bust method for detecting immediate left and right

lane boundaries of the lane in the roads. The pro-

posed method are based on hyperbolic lane model

and line segment clustering. The more robust per-

formance is achieved mainly by fitting the hyper-

bolic lane model with the most probable line seg-

ment cluster. The most probable line segment

cluster is obtained after clustering line segments

extracted by the efficient LSD. The experimental

results show that the proposed method performs

better compared with other lane detection methods

on an CMU/VASC lane dataset. The processing

speed of the proposed method on the same dataset

was about 7 frames/sec in average on the same

dataset.

Since the proposed method depends on horizon

localization, line segment extraction, and line seg-

ment clustering, currently we are working for im-

provement of those steps (horizon localization, line

segment extraction, and line segment clustering)

in order to achieve further performance gaining

with respect to the lane detection rate as well as

the processing speed.
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