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(54) Title: LANE DETECTION BASED ON LANE MODELS

(57) Abstract: An improved tracking of a lane for a vehicle shall be provid-

ed. Thus, there is proposed a method including the steps of providing frames
of the lane, extracting lane features (8) from the frames and providing a first
lane model (10). Then, the first lane model (10) is updated (12) with the lane
features. A second lane model (13) based on an outlier detection algorithm is
provided. A tracked confidence value is calculated for the updated first lane
model and a static confidence value for the static second lane model (13). On
the basis of both confidence values it is decided whether to use the updated first
lane model or the static second lane model for calculating actual information
about the lane.
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Lane detection based on lane models

The present invention relates to a method of tracking a lane including the steps of
providing frames of the lane, extracting lane features from the frames and providing a lane
model. Furthermore, the present invention relates to a driver assistant system and a
device each being configured to perform such a method. Additionally, the present
invention is directed to a computer program product which is capable of performing the
method of tracking a lane.

Diverse driver assistant systems are known from the prior art. Such driver assistant
systems can have different automation levels, starting from level 1 such as for example
the ACC (Adaptive Cruise Control), up to level 5, fully autonomous driving. For
implementing these driving functions assisting the driver or also fully autonomous driving
functions, it is required that such systems are able to detect objects, obstacles or other
traffic participants ahead. In addition, it is also important in most of the systems to
estimate whether such objects or obstacles are located in the lane or the driving area
presumably to be travelled by the ego vehicle, for example to adapt the speed and/or to
maintain a certain safety distance to a preceding vehicle. For example, if a preceding
vehicle is detected, but it is not in the lane of the ego vehicle, thus, it either is not required
to warn the driver or to automatically decelerate the vehicle in such a case. Therefore, it is
required to know not only at a time whether objects ahead such as for example preceding
vehicles are basically present, but also to know at a time as reliably as possible whether
or not a vehicle preceding the ego vehicle is in the lane area to be travelled by the ego
vehicle. Other specific applications for using a method of tracking a lane are possible.

Lane detection using camera systems was one of the first computer vision ADAS
(Advanced Driver Assistance System) functions developed. Such lane detection systems
may be based on lane models for multi-camera and fish eye camera systems.

Document WO 2013/022153 A1 describes an apparatus and a method for detecting a
lane. The apparatus includes a camera module capturing an image. Further, the
apparatus includes a control unit extracting a plurality of feature points from the image,
carrying out lane fitting to connect the plurality of feature points with a single line and
tracking the lane fitted. A display unit displays the lane tracked, wherein the lane fitting
includes carrying out short-range fitting on the basis of feature points present in a short-
range region among the plurality of feature points, determining an off-set representing
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lateral inclination of the lane on the basis of a result of the short-range fitting, and carrying
out curve fitting on the basis of the offset.

Furthermore, document US 2013/0141520 A1 discloses a lane tracking system with a
camera. The camera is configured to receive images of a road from a wide-angle field of
view. One or more lane boundaries are detected, wherein each lane boundary includes a
plurality of lane boundary points. A reliability-weighted model lane line is fitted to the
plurality of points.

The object of the present invention is to provide a method of tracking a lane in an
enhanced quality. Furthermore, a corresponding device and computer program product
shall be provided.

According to the present invention this object is solved by a method, a device and a
computer program product as defined in the independent claims.

Thus, there is provided a method of tracking a lane including the steps of

— providing frames of the lane,

— extracting lane features from the frames and

— providing a first lane model,
as well as

— updating the first lane model with the lane features,

— providing a static second lane model based on an outlier detection algorithm,

— calculate a tracked confidence value for the updated first lane model and a
static confidence value for the static second lane model and

— deciding on the basis of both confidence values whether to use the updated
first lane model or the static second lane model for calculating actual

information about the lane.

For instance, a vehicle driving on or at a lane may have to track the lane in order to
provide assistance information for the driver as actual information about the lane. The
vehicle may include one or more cameras (e.g. a multi-camera system or a fish eye
camera system) for providing images (also called frames) of the lane. Lane features like
heading angle, lateral position (with respect to the vehicle), lane width and curvature, are
extracted from the frames. A first lane model for preferably predicting a lane position etc.
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is provided. The first lane model is updated with actual lane features (like heading angle,
lateral position, lane width or curvature).

Moreover, there is provided a static second lane model. The feature “static’ means that
the model is not updated with actual lane features. The second lane model is rather based
on a fixed outlier detection algorithm. This algorithm distinguishes between outliers and
inliers in accordance with pre-given criteria. With respect to the extracted lane features a
confidence value is calculated for each model, for example on the basis of a statistical
hypothesis. Specifically, there is calculated a tracked confidence value for the updated
first lane model and a static confidence value for the static second lane model. With the
aid of these confidence values it is decided to use the updated first lane model or the
static second lane model for further calculations with respect to the lane tracked.
Preferably, that model is used which delivers the higher confidence value. This
guarantees that the calculated actual information about the lane (for instance the lane
coordinates) is more precise.

In a preferred embodiment the updating of the first lane model is performed by predicting
a new version of the first lane model with the help of Kalman filtering and matching the
new version of the first lane model with the extracted lane features. Such procedure
enables to easily update the model with a plurality of feature elements. These feature
elements describe the lane and form a state vector for the Kalman filter.

Preferably, the first lane model and the second lane model track a lane geometry over
time. Thus the lane models preferably provide actual information about lane dimensions,
lane position and/or lane orientation. Such information may be classified with respect to
the type of the lane.

In a further favourable development the lane features relate to lane markers and before
updating the first lane model with lane markers, the lane markers are split into two
separate sets for a left boundary and right boundary by calculating a separation line with
the help of the first lane model. Preferably, the separation line is a second order
polynomial. The sign of the lateral distance from the separation line may be used to
classify the lane markers into left lane markers and right lane markers. Such separation
into a left and right lane boundary ensures a high quality when fitting the corresponding
lane model.
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In a further embodiment the static second lane model is evaluated based on a best fit lane
hypothesis for the extracted lane features by using a combination of random sample
consensus and least square fit. Particularly, a specific lane model hypothesis may be
calculated for every frame. This may be done in two steps: Random Sample Consensus
(RANSAC) and least square fit. This results in actual model parameters which are used
for the static lane model.

According to a further embodiment for each of a left and right boundary of the lane a pre-
given number of features is used to calculate the static second lane model by performing
polynomial fitting. For instance, six features are picked randomly for each boundary for
calculating a best fit candidate model.

According to a further embodiment one of the first lane model and the second lane model
is used in a first time step and this one model is still used in a second time step
immediately following the first time step, if the direct confidence value and the static
confidence value are below a pre-given threshold. This means that the lane model is fixed
between two time steps. Consequently, a change of the lane model is only performed if
the respective confidence value is high enough, i.e. is lying above the pre-given threshold.

Moreover, the direct confidence value may be calculated for a hypothesis related to the
first lane model and the static confidence value is calculated for a hypothesis related to
the second lane model on the basis of the lane features from the frames. Thus, lane
markers can be reliably classified with respect to the two different models.

In another embodiment the confidence value for each of the first and second lane model is
calculated by first calculating independent confidence values for the left and right
boundary of the lane and then calculating an average of these independent confidence
values for said confidence value for the respective first or second lane model. Thus, the
different lane models can be weighted and compared. Specifically, for each model
hypothesis a confidence value may be calculated in order to weight and compare the
models. The average as a common confidence value is more reliable than each single
confidence value.

In a preferred embodiment detected lane markers are separated into inliers and outliers
with respect to the first lane model and only the inliers are used to update the first lane
model. In this case a model fit is only performed with inlier markers. As a result the model
fit has an improved quality.
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The above-mentioned object may also be solved by a driver assistant system being
designed to perform a method according to any method of tracking a lane as described
above. Any other device for tracking a lane may be configured to perform the described
methods. Modifications and advantages of the inventive method may also apply to the
inventive driver assistant system or the inventive device.

Additionally, the above-object is also solved by a computer program product with program
code means, which are in particular stored in a computer-readable medium, to perform
the method of tracking a lane according to any one of the preceding claims when the
computer program product is run on a computer device of an electronic control unit.

Further features of the invention are apparent from the claims, the Figures and the
description of Figures. The features and feature combinations mentioned above in the
description as well as the features and feature combinations mentioned below in the
description of Figures and/or shown in the Figures alone are usable not only in the
respectively specified combination, but also in other combinations without departing from
the scope of the invention. Thus, implementations are also to be considered as
encompassed and disclosed by the invention, which are not explicitly shown in the
Figures and explained, but arise from and can be generated by separated feature
combinations from the explained implementations. Implementations and feature
combinations are also to be considered as disclosed, which thus do not have all of the
features of an originally formulated independent claim. Moreover, implementations and
feature combinations are to be considered as disclosed, in particular by the
implementations set out above, which extend beyond or deviate from the feature
combinations set out in the relations of the claims.

The present invention will now be described in more detail in connection with the attached
Figures showing in:

Fig. 1 a principle block diagram of a lane sensing system;

Fig. 2 a block diagram of the processing scheme of a lane model module;

Fig. 3 a diagram of a lane model;
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Fig. 4 a diagram for the separation of lane markers;
Fig. 5 a diagram for ego motion compensation and
Fig. 6 an activity diagram for the lane model module of Fig. 2.

The following embodiments represent preferred examples of the present invention.

Fig. 1 shows a lane-sensing system. A system input module 1 provides a front image, a
left image, a right image and a rear image, for example. These images are sent to a lane
mark detection module which detects lane marks from the images (herein also called
frames). A transformation module 3 transforms the image information of the lane mark
detection module 2 into world coordinates, for instance. Afterwards a feature tracking
module 4 tracks the features like lane marks. For this analysis the feature tracking module
4 may receive vehicle geometry data from system input module 1.

The vehicle geometry information from system input module 1 together with feature
tracking information from feature tracking module 4 are input into a lane position logic
module 5, which also can be called lane tracking module. Thus the lane position logic
module 5 receives information about detected lane marks (i.e. bounding boxes and inner
feature positions, for example) preferably in vehicle coordinates. From this information the
module 5 tries to fit a lane that consists of preferably two parallel second order
polynomials as left and right boundaries and the position and orientation of the ego-
vehicle within this lane. Furthermore, the module 5 may track the road geometry over
time. The output of module 5 is passed to a lane boundary classification module 6 which
classifies the type and colour of the lane boundary, for example. In a system output
module 7 a lane type from the lane boundary classification module 6 and an estimated
lane geometry for the current time stamp may be provided as results from the whole lane
sensing system.

Fig. 2 shows a processing scheme of the lane position logic module or lane tracking
module 5 of Fig. 1. Data segments 8 from the feature tracking module 4 are input into a
matching unit 9 which matches a predicted lane from a lane prediction unit 10 with the
data segments 8 from the feature tracking module 4. The lane prediction unit 10 is based
on a first lane model. It may receive odometry data from an odometry unit 11. The
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matching unit 9 delivers information for an updating unit 12 which updates the lane
tracking, i.e. it updates the first line model.

In parallel a computation unit 13 computes a best model from the measurements.
Specifically, it calculates for each time stamp a best fit lane hypothesis from the incoming
lane marker features, i.e. the data segments from feature tracking module 4. For this the
computing module 13 preferably uses a combination of RANSAC and least square fit. The
result may be called “static best model” (herein also called static second lane model).

A decision logic 14 uses confidence values for a pre-given hypothesis to decide whether
to use the updated or tracked first model from updating unit 12 or the static second lane
model from computing unit 13 to correct the lane tracking. For this correction, a correction
unit 15 receives the respective information from the decision unit 14. As a result the lane
model is updated for the lane prediction unit 10 or the lane model remains unchanged with
respect to the previous time step. It is preferred to stick with the result of the previous time
step if both the static second lane model and the tracked first lane model deliver too low
confidence values. The actual lane model finally delivers output information 16 which may
include classification information like the lane type or lane geometry.

A lane model class may combine two line classes for left and right boundary to a lane
model. It contains methods for fitting the lane model through the 2D-feature positions. This
class also calculates the overall confidence for the lane.

In the following an algorithm for the inventive method of tracking a lane is described in
more detail. Preferably, the tracking of the first lane model is done with the help of Kalman
filter. The Kalman filter state vector X, that describes the lane consists of the following
feature elements:

heading angle

%= lateral position
lane width
curvature

where heading angle h (compare Fig. 3) describes the rotation of the vehicle 17 within
lane 18. Lane 18 has a left boundary 19 and a right boundary 20. These boundaries 19
and 20 define the lane width w of the lane 18. The lateral position It of the vehicle 17 is the
Euclidian distance of the vehicle origin from centre line 21 of the lane 18. The curvature of
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lane is the quadratic amount a of the second order polynomial of the road boundaries (see
following description of least-square model fitting).

The state parameters are estimated based on 2D-features of the lane makers in vehicle
coordinates. In contrast to what can be found in literature, in the present sensor model the
2D-features are not used directly to modify the state. Instead the 2D features are used to
fit a lane for the current time stamp as an intermediate step. This fitted lane is the actual
measurement for the filter update step. This leads to a sensor model in which the
measurement vector zx consists of the same elements as the state vector which simplifies
the observation model Hxto a unit metrics. For simplification all elements of the state
vector are estimated independently from each other. This means that in fact there are four
independent Kalman filters — one for each element of the state vector.

The disadvantage of this model is that use is not made of any possible co-variants
between the elements of the state vector. This means that the state co-variants matrix Px
is in fact reduced to a variance vector px with the same dimensions as xj;. On the other
hand, the configuration of the filter is much simpler because each element of the filter can
be tuned independently. The risk of over fitting problems is reduced, too.

In the tracking system (compare Fig. 2) always two measurements (i.e. two lane models)
are calculated in parallel for each time stamp:

- the first lane model, i.e. the update model which is calculated by using lane marks
of the current time stamp filtered by the help of the predicted lane model and

- the second lane model, i.e. the static (best) model, being calculated using lane
marks of the current time stamp filtered by the help of a RANSAC

Later — in the lane position logic block 5 (compare Fig. 1) — it is decided by the help of
confidence values which of the two measurements is used to update the Kalman filter
state.

A separation of lane makers for left and right lane boundaries is performed before fitting
the lane model. The lane markers 22 are split into two separate sets for the left and right
boundary. This is done by calculating the separation line 21 from the predicted lane
model. The separation line 21 is (like the model boundaries: predicted left boundary 19
and predicted right boundary 20) a second order polynomial with the same parameters as
the two lane boundaries 19, 20 except that the constant amount ( ¢ ) of the polynomial is
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set to mean value of the left and right boundary 19, 20 so that the line passes through the
centre of the predicted lane. The sign of the lateral distance of the centre of the lane
marker 22 to the separation line determines, if a lane marker 22 lies within a left boundary
assignment area 23 or a right boundary assignment area 24 and thus will be assigned to
the left or to the right boundary list.

In a preferred embodiment a calculation of a static lane model hypotheses is performed
for the current frame. For example, the probability of the hypotheses is calculated that a
lane marker of the current frame belongs to the left boundary of the lane. For every frame
a best hypotheses lane model may be calculated. This is done in two steps. First a
RANSAC (Random Sample Consensus) is used to select inlier features from the left and
right feature sets. With these inliers a least square fit is performed to find the actual model
parameters.

First, a pre-filtering using model-driven RANSAC is performed. From the list of features
from the left and right boundary, n features (6 by default) are picked for each boundary.
With these features a best fit candidate model is calculated using a polynomial fit (see
calculations below). If a valid candidate was found, a confidence value for the fit is
calculated and it is tested which of the left and right lane markers are close to the fitted
polynomial. These steps are repeated until either all lane markers have been classified as
inliers or the number of iterations reach a certain value which is configurable and may be
100 by default.

Furthermore, least-square model fitting is performed. This means that a model fit for each
hypothesis model is done by a least square fitting method. The goal is to find a solution for
the following equation:

Ax =B (0.1)
where

A= X'X (0.2)
and

B=X'Y (0.3)

The solution vector x contains the polynomial coefficients of the fitted parabolic curve.
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The matrix X is a (n; + n,.) x 4 matrix that is build out of the feature samples where n; the
number of features for the left lane boundary is and n,. is the number of features for the
right lane boundary. The matrix has the following form:

—_

2
Xin xl,n
X — { {

Xfn. Xpp. 0 1
With x; ,and x, , being the feature x-coordinates of the left and right feature positions.
Matrix Y is a (n; + n,-) x 1 matrix containing the y values of the sample points:

Yi1

yl,nl

Y= Yra

Yr.n,

Therefore we can write for4 = X'X:

xf

2.7 2 ),
Y S S Y
S w o
Yo o on

And forB = X'Y:

> ey
2.5+
> w
dw

Where x;, x, and x refer to the x-positions for the left, right and both boundaries

B =

respectively and y;, y,- and y refer to the y-positions for the left, right and both boundaries.

To solve equation (0.1) one can use Cramer’s rule or any other valid mechanism.
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A confidence value is calculated for each model hypothesis in order to weight and
compare the models. The confidence value for the model is carried out by first calculating
independent confidence values for the left and right boundary and then calculate the
average as common confidence. The calculation of a confidence value is a usual
statistical method for estimating a hypotheses concerning the belonging of a parameter to
a pre-given interval.

A further essential step is to update the tracked first model. It has to be noted that the
following notation X, represents the estimate of the filter state at time n given

observations up to and including attime m < n.

Once the match of a lane model was successful, this model is kept and updated for
subsequent time steps. In general, tracking with a Kalman filter is carried out in two steps:
in the first step — the prediction step — the model state is transferred from the previous
time stamp t-1 to the current time t by the help of a system model. In the present case the
system model assumes that the lane model is fixed between two time steps. This is
approximately true, if we assume small enough time increments between two successive
processing steps. The error that is introduced by this assumption is indirectly inherited in
the state variance py -, . So in the present case the prediction step consists only of the
compensation of the vehicle ego motion (see next paragraph) and updating the model
state variance values (i.e. increasing by the variance of the process noise gk . )

Prik-1 = Pr-1jk-1 T Gk (0.4)

After the model has been transferred to the current time, the next step is to assign lane
markers that have been detected in the current time step to the existing model. This step
separates the lane markers in inliers and outliers with respect to the tracked model. With
the inlier markers one can perform a model fit similar as for the static best match except
that one does not need to perform RANSAC prior to the least square fit.

Ego motion compensation is now described in connection with Fig. 5. The left part of Fig.
5 shows vehicle 17 at time step t-1. The right part of Fig. 5 shows vehicle 17 at time step t.
It follows lane 18 which lies between the left boundary 19 and the right boundary 20.

Before assigning lane markers of the current time step to the existing model the
movement of the ego vehicle 17 has to be compensated. This ego motion compensation
is performed in three steps:



WO 2019/224103 PCT/EP2019/062641

12

1. From both lane boundaries 19, 20 of the t-1 lane model, select three points of the
polynomial at x =-1m, x = Om and x = +1m.

2. With the help of a given ego motion information (translation vector s and dw), transform
these three points to the current vehicle coordinate system. This is done by first rotating
the points around the new vehicle center with - §w , and then shifting by -5.

3. Perform a parabola fit through the three points for the left and right lane boundary 19,
20.

In a next step an association of lane markers to the existing model is analysed. This
means that after the ego motion compensation has been carried out, the next step is to
assign lane markers to the predicted model.

Afterwards an update-model is calculated e.g. on the basis of the following calculation
steps. With the pre-filtered list of lane markers from the previous processing step a lane
model is fitted with the help of the least square method. This least square operation is
done in a similar way as for the static lane model but with some differences:

- If the association step before found lane marks for one of the two boundaries only,
the lane is reconstructed by fitting the polynomial for this side and then mirror it to
the other side with the help of the known lane width.

- In equation (0.2) of the least square estimator an additional weight for each feature
is introduced. This weight is derived from, for example, the position variance of the
feature or the detection confidence of the feature. In both cases a higher position
variance/confidence leads to a lower weight on the result.
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where w is all of the weights, w; is the weights for the left points and w, is the weights of
the right weights.

In the least square estimator an additional regularisation factor is introduced for the
curvature of the model, which prevents the curvature value from getting too high, i.e.
overfitting of the model to the lane data is avoided. The regularization parameter is very
straightforward to add. The cost function takes the additional parameters below :

2 2
S=yr Wr,j(yr,i - a3x$,i — Az Xy — a1) + Z;n=1 Wl,j(}’l,j - a3x12,j — QzXy; — ao) +  (0.6)

/1212=1 alzc

Equivalent matrix form
(X'X+ADA=X"Y (0.7)

And with the weights described in (0.5) :
(X'WX +ADA = X"wy (0.8)

See https://www.cs.ubc.ca/~schmidtm/Documents/2005_Notes_Lasso.pdf. Solving (0.8) is
equivalent to minimising by (0.6) if one of the diagonals in the I above is set to zero
(equivalent to ay).

(XTWX + AK)A = X"WY (0.9)

Where K diagonal is set to zero in all elements except the one we want to suppress. For
example, if we wish to suppress the curvature parameter, we would set the upper left
element of Kto 1, and all other entries to 0.

The lane position logic (LPL) block 5 (compare Fig. 1) decides whether to take the tracked
first lane model or the static second (best fit) model to update the system output model
based on the availability and the confidence of the calculated models. Fig. 6 shows the
activity diagram for this LPL function block. The function starts at start point 25. At first an
initial parameter concerning a valid update model is set to “false” in block 26. Then, in a
first decision block 27 it is decided whether the input data relate to a first frame. If yes, a
decision block 28 determines whether a static (best) lane model is valid. If no, the activity
ends at exit 29.



WO 2019/224103 PCT/EP2019/062641

14

If the decision in decision block 27 is no, a further decision block 30 determines whether
the tracked first lane model is valid. If yes, a decision block 31 decides whether the static
second (best) lane model is valid. If yes, a decision block 32 checks whether the static
confidence value is higher than two times the tracked confidence value. If yes, and
additionally if the decision from decision block 28 is yes, a variable concerning the update
model is set to static second (best) lane model in block 33.

If the decision in decision block 30 is “no”, a decision block 34 decides whether the static
second (best) lane model is valid. If yes, a further decision block 35 decides whether the
static confidence value is higher than the tracked confidence value. If yes, the prerequisite
for block 33 is fulfilled to set the variable concerning the update model to “static second
(best) value lane model”.

If the decision in decision block 34 is “no” and also the decision of decision block 35 is
“no”, the algorithm ends at endpoint 36. The algorithm also ends at an endpoint 37 if the
decision of decision block 31 is “no”.

Furthermore, if the decision in decision block 32 is “no”, the variable concerning the
update model is set to “tracked first lane model” in block 38. As a consequence of blocks
33 and 38 the parameter relating to the presence of a valid update model is set to “true” in
block 39. After block 39 the algorithm also ends at end point 36.

If necessary, a model update takes place. l.e. the last step of the tracking may be the
update or correction step. Here the state vector (heading, lane width, lateral offset
and curvature) is updated with the help of the selected model from the LPL block. For
each of the four independent filters one can calculate four independent Kalman gain
factors which may be bundled in the vector kx

P;ceﬁlctﬂ

Kkfeat = W v feat € {heading, lateral offset, width, curvature}

Prik-1

(0.10)

where rie8t is the variance of the observation noise for each feature.
The Kalman gain is then used to update the new state and state variance:

X = X + ki (Zie — Xpeppe—1) (0.11)
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Pre = (I — Ki)Prjre—1 (0.12)
where the measurement vector z;, used in eq. (0.11) consists of the estimated model

parameters for the fitted model that have been chosen as best measurement in the LPL
module (see previous section).
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Claims

1. Method of tracking a lane (18) including the steps of

— providing frames of the lane (18),

— extracting lane features (2) from the frames and

— providing a first lane model (10),
characterized by

— updating (12) the first lane model (10) with the lane features,

— providing a static second lane model (13) based on an outlier detection
algorithm,

— calculate a tracked confidence value for the updated first lane model and a
static confidence value for the static second lane model (13) and

— deciding (14) on the basis of both confidence values whether to use the
updated first lane model or the static second lane model for calculating
actual information about the lane (18).

2.  Method according to claim1,
characterized in that
the updating (12) of the first lane model (10) is performed by predicting a new
version of the first lane model with the help of Kalman filtering and matching the new
version of the first lane model with the extracted lane features.

3. Method according to claim1 or 2,
characterized in that
the first lane model (10) and the second lane model (13) track a lane geometry over

time.

4.  Method according to one of the preceding claims,
characterized in that
the lane features relate to lane markers (22) and before updating the first lane model
(10) with lane markers, the lane markers (22) are split into two separate sets for a



WO 2019/224103 PCT/EP2019/062641

17

left boundary (19) and a right boundary (20) by calculating a separation line (21)
with the help of the first lane model (10).

5. Method according to one of the preceding claims,
characterized in that
the static second lane model (13) is evaluated based on a best fit lane hypothesis
for the extracted lane features by using a combination of random sample consensus

and least square fit.

6. Method according to claim 5,
characterized in that
for each of a left and right boundary (19, 20) of the lane (18) a pregiven number of
features is used to calculate the static second lane model (13) by performing
polynomial fitting.

7.  Method according to one of the preceding claims,
characterized in that
one of the first lane model (10) and the second lane model (13) is used in a first time
step and this one model is still used in a second time step immediately following the
first time step, if the tracked confidence value and the static confidence value are
below a pregiven threshold.

8.  Method according to one of the preceding claims,
characterized in that
the tracked confidence value is calculated for a hypothesis related to the first lane
model (10) and the static confidence value is calculated for a hypothesis related to
the second lane model (13) on the bases of the lane features from the frames.

9.  Method according to claim 8,
characterized in that
the confidence value for each of the first and second lane model (10, 13) is
calculated by first calculating independent confidence values for the left and right
boundary (19, 20) of the lane (18) and then calculating an average of these
independent confidence values as said confidence value for the respective first or
second lane model (10, 13).
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11.

12.

13.
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Method according to one of the preceding claims,

characterized in that

detected lane markers (22) are separated into inliers and outliers with respect to the
first lane model (10) and only the inliers are used to update the first lane model (10).

Driver assistance system being designed to perform a method according to one of
the preceding claims.

Device being configured to perform a method according to one of the claims 1 to 10.

Computer program product with program code means, which are in particular stored
in a computer-readable medium, to perform the method of tracking a lane (18)
according to any one of the preceding claims when the computer program product is
run on a computer device of an electronic control unit.
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