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Abstract

We present a lane detection algorithm that robustly de-
tects and tracks various lane markings in real-time. The first
part is a feature detection algorithm that transforms several
input images into a top view perspective and analyzes local
histograms. For this part we make use of state-of-the-art
graphics hardware. The second part fits a very simple and
flexible lane model to these lane marking features. The al-
gorithm was thoroughly tested on an autonomous vehicle
that was one of the finalists in the 2007 DARPA Urban Chal-
lenge. In combination with other sensors, i.e. a lidar, radar
and vision based obstacle detection and surface classifica-
tion, the autonomous vehicle is able to drive in an urban
scenario at up to 15 mp/h.

1 Introduction

Detecting lane markings on roads in an urban environ-
ment is a difficult but very important task. Towards this
goal, we present a lane detection system that is capable of
analyzing several high-resolution images simultaneouslyin
real-time. Our lane fitting algorithm uses a very versatile
lane model and is robust against outliers and artifacts. It
also takes into account lane markings of adjoining lanes. It
copes with different road setups, lane markings and light-
ing situations. The lane detection process is divided into
four subsequent parts, Fig. 1. First, the raw images are
downloaded from the cameras via the IEEE1394b interface.
Second, they are uploaded to graphics hardware, the color
information is retrieved from the raw Bayer pattern, and the
images are transformed into a single top view perspective,
Fig. 2. Third, lane marking features are detected in the im-
age, Fig. 4. In the last step, a lane model is fitted to match
the found features.

2 Related Work

During the last ten years, many techniques for process-
ing and analyzing images for lane detection purposes have
been proposed. Although the idea of transforming a single
camera image into a top view perspective using dedicated
hardware was introduced in [1, 2], most approaches work
on the original images. Many consider edges in grayscale
images as sufficient features for lane markings [6, 8, 10].
Other methods for feature detection include morphological
filters [1], steerable filters [7] and histogram analysis [4]. A
challenging task is to create a lane model based on the fea-
tures found in the image. Simple approaches try to fit a sin-
gle line to the data [5], more complex approaches model the
street as B-Snakes[10] or concentric circular arcs [6]. Sur-
prisingly, only very few attempts have been made to work
on color images [3] which is indispensable when colored
lane marks should be detected. In order to cope with limita-
tions of monocular systems, the use of additional geometric
information has been proposed [5]. Graphics hardware can
be used to accelerate image processing and detection [9].

3 Preprocessing

The preprocessing stage of the lane detection system
provides an HSV top view image of the region ahead of
the vehicle, Fig. 2.

3.1 Data Acquisition

Three cameras with field of view of58
◦ cover the area in

front of the car. A22
◦ tele lens camera provides a high-

resolution view of the street ahead of the car. The four
1376x600 8-bit raw Bayer images are synchronously ac-
quired via the IEEE1394b interface at 14 frames per second.
The images are uploaded to the graphics card and converted
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Figure 1. The four stages of the lane detection algorithm.

to the RGB color space using bilinear interpolation. As the
lane fitting algorithm works in a global coordinate system,
the position and rotation of the vehicle, also referred to as
’Ego State’, must be available. A transformation function
fego : pcar 7→ pworld can be defined if the Ego State is
known, wherepcar is a point in the car’s reference system,
andpworld is a point in a global Cartesian reference system.
An Inertial Measurement Unit corrected by a GPS signal
was used to generate the EgoState.

3.2 Multi-View Fusion

Because local changes of the light intensity are an in-
dicator for white lines, and local changes in the saturation
indicate colored lane markings, the RGB images are con-
verted to the HSV color space. This color space encodes
saturation and color in separate channels. Knowing the in-
trinsic and extrinsic parameters of the camera, and includ-
ing the orientation of the vehicle (pitch and roll), a lookup
function that converts top view coordinates to image coor-
dinates can be used to create a single HSV top view image.
The lookup operation is applied to each source image. In
regions where the projected images overlap, the precedence
Itele > Imiddle > Ileft > Iright is maintained, Fig. 2. The
region of interest covers the area of up to 30m in front of the
vehicle and 12m to the left and right at a scale of 35 pixel
per meter.

4 Features

Lane markings can be described as a thin pattern of lo-
cal differences of the road surface that cover long distances.
Therefore, the basic idea of the feature detection is to iden-
tify these local differences in regions of 8x8-pixels that re-
semble road patches of approximately 25cmx25cm. Ana-
lyzing the HSV top view image, the feature detection’s out-
put is a downsampled feature image that encodes the qual-
ity, the direction and the color, i.e., white or yellow, of the
lane features, Fig. 4. As lane markings exist in various
colors, qualities as well as widths, and appear differently
under changing lighting conditions, only few stringent as-

sumptions apply. When analyzing the top view image for
features, we check three criteria that have to be present:

1. The local contrastvdiff must exceed a certain thresh-
old. The local contrast is the difference between the lo-
cal minimal and maximal valuevdiff = vmax− vmin.

2. Analyzing a local adaptive histogram, the distance
bdiff between the two largest binsbhigh andblow must
have a minimum value. This is because it can be as-
sumed thatblow contains pixels depicting the street and
bhigh identifies the lane marking.

3. The pixels inbhigh must have an evident shape and
orientation. For several discrete orientations, the ratio
of the variances of the pixels’ x- and y-coordinates is
checked.

A detailed description is given in algorithm 1. As this
algorithm is prone to discretization errors, supersampling
improves the quality of the feature detection.

(a) RGB top view (b) HSV top view

Figure 2. The four different images (a, RGB color space used
for visualization) are merged to a single HSV top view image (b).

5 Lane Tracking

The main goal of the lane fitting algorithm is to find a pa-
rameter set for a lane model that explains the features found
in the current top view image and the previous frames. In
order to create a global model of the lane, all feature points
are mapped to world space coordinates and inserted to a list
lp. This is done using the functionfego : pcar 7→ pworld de-
fined by the current Ego State. Old data, i.e. feature points
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Data: An 8x8 region of a HSV top view image, thresholds
tcon, thist, tdir andtcol

Result: A feature qualityq, directiona ∈ {0, 22.5, ...,157.5} and
color c ∈ {white, yellow, undecided}

for the saturation and lightness channeldo
vdiff = vmax − vmin; vmax andvmax are the maximal
and minimal values of the current channel
if vdiff < tcon then

break;
compute adaptive histogram;
determine two largest binsbhigh andblow, Fig. 3b ;
bdiff = bhigh − blow;
if bdiff < thist then

break;
set of pixelsphigh = pixels inbhigh;
determine center of massR of phigh;
initialize rmax andamax to 0;
for i = 0; i <= 157.5; i = i + 22.5 do

rotatephigh aroundR by i degrees. determine ratio of

variancesr =
V ar(X)
V ar(Y )

;

if r > rmax then
rmax = r; amax = i;

if rmax < tdir then
break;

label this region as a feature;
if current channel is lightnessthen

qwhite = bdiff ; awhite = amax

else
qyellow = bdiff ; ayellow = amax

if qwhite > tcol & qwhite > qyellow then
c = white; a = awhite

if qyellow > tcol & qyellow > qwhite then
c = yellow; a = ayellow

q = max(qwhite, qyellow);
Algorithm 1: Feature Detection Algorithm

gathered during previous frames, may be kept if the features
of a single image are too sparse.

5.1 Lane Model

The lane model consists of connected lane segments.
Each segmentsi is described by a lengthli (given param-
eter), a widthwi and an angledi = αi − αi−1 describing
the difference of orientation between this segment and the
previous one, Fig. 6. The first segment is initially placed on
the current coordinates of the vehicle and facing the driv-
ing direction, assuming that the vehicle is actually located
on the street. Knowing the positionc0 of the initial seg-
ment as well as the lengthsli and the angular changesdi

of all segments, the positionpi and global orientationαi

of each segment can be computed. Each segment contains
information whether the vehicle’s lane is confined by lane
markings and whether additional lanes to the left and right
exist. Straight streets, sharp curves and a mixture of both
can all be described by the model.

(a) 8x8 regions are analyzed(b) 8 bin histogram of the 8x8 region

Figure 3. 8x8-pixel regions of the top view image (a, up) are
tested for possible features. The distance between the two largest
binsblow (b, blue) andbhigh (b, red) of the histogram determines
the quality of the feature. The pixels gathered inbhigh must be
arranged in a directed shape (a, red area).

(a) direction informa-
tion (red channel)

(b) color information
(green channel)

(c) quality information
(blue channel)

Figure 4. The direction (a), color (b) and quality (c) of the fea-
tures are encoded in a RGB image downloaded from the graphics
card. For visualization purposes, the channels encoding the direc-
tion (a) and color (b) are colorized

5.2 Lane Fitting

For each frame, the existing lane model or an initial
guess is used to define four regions of interest, Fig. 5a.
These are the regions expected to contain the own lane’s
markings and the lane markings of the adjoining lanes. If a
feature is inside such a region, it is labeled asouter left,
left, right or outer right. Otherwise, it is discarded. Af-
terwards, features from previous frames are mixed with the
new data, Fig. 5b.

The first currently visible segmentsf of the lane model is
determined, older segments are no longer considered. If the
list of lane segments is empty, it is initialized withs0 ← sf .
Starting fromsf , each segmentsi is estimated (or reesti-
mated if it has already been estimated previously). There-
fore, an initial guess of the orientationαi of si is made, Fig.
6. All local features relevant for estimatingsi are rotated by
αi around the starting pointpi of si. A RANSAC algorithm
is used to estimate the parameterdi andwi: Iteratively, two
feature pointspx andpy are chosen. Assuming that they
lie on the lane markings they were labeled for, the gradient
gi = mi/li as well as the widthwi are derived from their
coordinates. All features that are also sufficiently described
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(a) labeling and discarding (b) mixing

Figure 5. Regions of interest (a, blue boxes) determine to which
lane marking features are assigned. Afterwards, old and newfea-
tures are mixed (b).

.

(a) estimating segmentsi (b) RANSAC fitting

Figure 6. pi, αi, li andlgap identify the features relevant for
si. After rotating aroundαi, a RANSAC fitting eliminates outliers
among the features.

by gi andwi are counted as inliers. This process is repeated
n times and the parameter set with most inliers is used to de-
fine si. A quality functionq takes into account the ratio of
inliers and outliers, the amount of inliers, the quality of the
features and states the quality of the segment. The quality
is computed for every region of interest (outer left, left,
right andouter right). If the maximum of these qualities
exceeds a thresholdtq, the segment is considered as valid
and the next segmentsi+1 is estimated. After all segments
are estimated, Fig. 7, a proposal about the lane markings’
colors can be made by looking at the inliers’ average color.

Figure 7. The lane model reprojected onto the original images.

6 Results and Evaluation

The algorithm has been thoroughly tested on several sites
in Northern Germany and Texas. Its output enabled an au-
tonomous vehicle to stay in lane while driving at 15 mph. A
frame rate of 10 fps could be maintained using a 2 GHz Pen-

tium with a GeForce 7600 GTS graphics card. The testing
sessions included different weather and lighting conditions.
The amount of false positives could be reduced significantly
by utilizing the vehicle’s other sensors. The objects detected
by lidar and radar sensors were used to mask out regions in
the feature image where other cars, walls, cones and poles
caused irritating artifacts in the top view image. The vehi-
cle was one of eleven finalists of the 2007 DARPA Urban
Challenge.

7 Conclusion

We presented a multi-camera lane detection algorithm
that makes use of a conventional PC and a graphics card.
Our approach is capable of detecting lane markings at 10
fps. The feature detection and lane fitting approach are able
to cope with different lighting situations, weather condi-
tions, road layouts and lane markings. Extensive tests have
shown that the quality of the algorithm can be improved by
considering other sensor inputs. Laser scanners may gen-
erate height maps in top view space which can be used to
correct image fusion in uneven terrain. Another promis-
ing approach is a post-processing pass of the feature image.
First experiments with a line enhancement using probabilis-
tic Hough lines yielded good results and stabilized the algo-
rithm.
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