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Abstract - This paper presents an algorithm that may be used in a Driver’s Assistance System (DAS). Based on the images 
captured with a camera mounted on the vehicle, the algorithm can detect the lane boundaries and at the same time provide 
information about the curvature of the road, such as its degree and orientation. This information can be used to trigger the 
generation of a warning signal for the driver. The algorithm is based on the formulation of the lane detection problem as a 
tracking problem and the use of an efficient tracking algorithm, namely the Interacting Multiple Models (IMM) with suitable 
models, to solve it. Experimental results show that the proposed algorithm can be applied effectively to detect the lane 
boundaries of the road and the changes in its geometry.  
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I. INTRODUCTION 

 

A large number of accidents are the result of the 

failure of human drivers to perceive a danger [1-3]. 

The introduction of robust electronic Driver 

Assistance Systems (DAS) [3-4] became necessary to 

reduce this number. Most of DAS require lane 
detection and tracking algorithms, using video 

sensors. Recently, a lot of research has focused on the 

development of such algorithms. Two approaches are 

used in lane detection [5]: the feature-based and the 

model-based approach. Traditional image 

segmentation techniques are used in the feature-based 

approach [5-8]. In the model-based approach the lane 

detection problem is considered as a problem of 

model parameters estimation. The polynomial model 

is widely used for lane representation. Usually a 

second order equation is used to model the lane up to 
the central horizontal line of the image [1,9]. Beyond 

this line the lane is assumed to be curved and is 

modeled by means of a third order polynomial [10]. 

In [11], the curve model is used to match the shapes 

of the lane; the curve may be quadratic or even cubic. 

The problem of lane detection may be treated as a 

target tracking problem, where the lane white marks 

are considered as the trajectories of two ’fictive’ 

targets that can be estimated by using a tracking filter. 

In [1] for example a Hidden Markov Model based 

tracking algorithm combined with a curve fitting 

algorithm has been proposed for lane detection. A 
recent technique’s survey can be found in [2]. 

The Interacting Multiple Models (IMM) is a well 

known target tracking algorithm [14]; however, to the 

best of our knowledge, its use in ADAS has been 

limited to the navigation and positioning problem. In 

[15] Toledo et al. present a solution based on the 

fusion of several sensors information that feed an 

IMM filter based on the EKF, to provide continuous 

positioning. A single model Kalman tracker 

developed by the Volkswagen research center has 

been upgraded in [16] by using an IMM to improve 

the tracking stability during curves and to detect lane 

changes of the observed target vehicle; the aim of this 

work is to track target vehicles with changing 

dynamical behavior in traffic scenes. The algorithm 

proposed in this paper for lane detection belongs to 
the class of models based techniques. It is inspired by 

Radar data processing techniques. Since the dynamic 

model that fits the trajectories corresponding to the 

white marks of a lane is not fixed, we propose to use 

the IMM to track them. In addition to an accurate 

detection of the lane boundaries, the IMM allows one 

to detect a curvature in the lane and its orientation. 

Once the lane boundaries are detected by the IMM, 

we apply a curve fitting technique, as described in 

[17], to smooth the detected boundaries. Two models 

are used in the IMM. The first one is a Constant 
Velocity (CV) model, for which the state vector 

consists of the position and velocity of the fictive 

target. This model is suitable for the linear part of the 

lane white marks. The second model is a Coordinated 

Turn (CT) model [14], for which the state vector 

includes, in addition to the position and velocity, the 

angular velocity ω of the fictive target. A key feature 

of our lane detector algorithm is its ability to give 

information about the lane curvature. Indeed the sign 

of the angular velocity of the fictive target indicates 

the orientation of the lane curvature (to the left or to 

the right), while its magnitude is related to the degree 
of this curvature. As in [1, 11], we assume that the 

lane is divided into two parts; the first part may be fit 

by a linear model and the second part by a parabolic 

one. To the best of our knowledge, all previously 

published works, such as [1, 17-19], assume that the 

limit between these two parts coincides with the 

central line of the image. In our method this limit is 

automatically determined, as a byproduct of the 

IMM. The rest of the paper is organized as follows: 
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the second section is devoted to a detailed description 

of the tracking filter used in the proposed lane 
detection algorithm. In section three, the three steps 

that compose this algorithm are described. Finally in 

section four, the results of the experiments conducted 

to test and validate our algorithm are presented. 

 

II. DESCRIPTION OF THE TRACKING 

ALGORITHM USED FOR LANE DETECTION 
  

The tracking algorithm used for lane detection is 

presented in the radar framework. How this algorithm 

is applied for lane detection will be explained in the 

next section. 
 

A. Models used in the tracking algorithm 

The problem of lane detection can be reduced to that 

of tracking two single targets, which is a well 

documented problem [14]. In this problem, the target 

dynamics are usually modeled in discrete time, in the 

standard manner, using a state-space model of the 

form: 

 

where kx is the target state vector at time k, that 

includes the quantities to estimate, such as the 

position of the target and its speed of displacement in 

the image, F is the transition matrix and kv  is the 

process noise vector, assumed to be a zero-mean 

white Gaussian process with covariance 

   ,k l k l E v v Q . The measurement equation is: 

 

 
 

where kw is the measurement noise, assumed to be a 

zero-mean white Gaussian process with covariance 

   ,k l k l E w w R and H is the measurement 

matrix. This matrix relates the state to the 
measurements. The process noise and measurement 

noise sequences are usually assumed to be 

uncorrelated:   0k l
 E w v   k and l . The matrices 

F, H, Q and R are assumed to be known. In our 

algorithm, we use the IMM filter with two models: a 
Constant Velocity (CV) model and a Coordinated 

Turn (CT) model. For the CV model the state vector 

consists of the position and velocity along the X and 

Y axis, i.e.  x x yy x   . The transition matrix 

is: 

 

Since only position measurements are available, the 

measurement matrix H is equal to: 

 

 

In practice, the acceleration is never null. If its 

fluctuations around zero are modeled by a white noise 

of variance
2
v  then the expression of the process 

noise covariance matrix is: 

 

 
  

In the case of the CT model the state is augmented 

with the angular velocity i.e.  x x yy  x   . 

The transition and measurement matrices are, 

respectively, given by:

 

 

 

If the angular velocity   is modeled by a random 

walk process, with a variance equal to 
2 2

T  , then 

the process covariance matrix is : 

 

 
 

The Kalman and extended Kalman filter To estimate 

the target state one can use the standard linear 

Kalman Filter (KF) in the CV model and the 

Extended Kalman Filter (EKF) in the CT model. The 

implementation of both filters consists of two steps:  

1) The prediction step: The updated state at time k , 

/ˆ k kx is propagated, using the transition matrix, to get 

the predicted state 1/ˆ k kx  :  

 
 

where, F Fm CV
  in the case of the CV model and 

F Fm CT
 in the case of the CT model; F

CV
 and F

CT

were defined in equations (3) and (6), respectively. 

The covariance matrix associated with the predicted 

state is given by: 
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where 
k k

P  is the estimated covariance matrix at time 

k, associated with the estimated state /ˆ k kx , and 

,F Fx k CV= for the CV model, while for the CT model 

[11] this matrix is given in equation 11.In equation 

(10) Q equals either QCV or QCT, as defined in (5) 
and (8), depending on the model in use.  

 

 
 

The predicted measurement 1/ˆ k kz is obtained by taking the expectation of equation (2) around the predicted 

state 1/ˆ k kx  : 

 

 
 

where 
m CVH H  for the CV model and 

m CTH H for the CT model. 

2) The updating step: When a new measurement 1zk  is available, the innovation 1/
ˆ
k ks , which represents the 

difference between this measurement and the predicted one, is calculated and weighed by the Kalman Gain 

1k K to correct the predicted state. The estimated state 1/ 1ˆ k k x  and the corresponding covariance matrix 

1/ 1k k P  are as follows: 

 
 

III. THE IMM FILTER 

 

The IMM is a well known Multiple Models algorithm that has been widely applied for tracking a maneuvering 

target. It is a recursive algorithm that runs r filters in parallel at each cycle, where r is the number of possible 

modes; each filter being matched to one mode of the system [14]. Each cycle of the IMM algorithm consists of 

four major steps: Interacting, Filtering, Mode probability evaluation and Combination. In the first step the state 

estimates from all filters at the previous time are mixed together to generate the initial conditions for the filters 

in the current cycle.  
 

Fig. 1. One cycle of the IMM with two filters. 
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In the filtering step, r filters, which are mode-matched 

to the r modes, are run in parallel. In the third step, 
the probability of each mode is calculated based on 

the likelihood of each mode and finally, in the fourth 

step, the global state estimate is calculated by 

summing the outputs of the filters, weighted by the 

corresponding mode probabilities. A flow chart of 

this algorithm is given in Fig. 1 and the details for its 

implementation can be found in [14]. 

 

IV. DESCRIPTION OF THE PROPOSED LANE 

DETECTION ALGORITHM 

 

Recall that the problem addressed in this paper is the 
detection of lane boundaries from a video sequence. 

This detection is performed in each frame (image). 

These frames are numbered starting from 1. Frame 1 

is referred to as the first frame. The lane boundaries 

are materialized by white markings painted on the 

pavement. The problem of lane detection is thus 

equivalent to the detection of these white marks in 

each frame. This problem may be formulated as a 

tracking problem: we consider the two lane 

boundaries as being the trajectories of two moving 

fictive  targets, that have to be estimated using a 
tracking algorithm, based on some filter, like the 

Kalman filter. In our case, these trajectories 

correspond to the set of white pixels (one pixel per 

line) that belong to the lane boundaries, as this is 

illustrated in fig. 2. Mathematically speaking, each of 

the two trajectories corresponds to a planar curve, 

which may be represented in some of its parts by a 

linear function and in others by a nonlinear function.   
 

 
Fig. 2.  Formulation of lane detection as a tracking problem. 

 

By assuming that the right and the left lane 
boundaries to be detected are well separated, the lane 

detection problem is reduced to the tracking of two 

single targets in ‘clutter’. We mean by clutter, all 

white pixels that do not belong the lane boundaries. 

Those may be considered as false measurements, 

whereas the true measurements are the white pixels 

from the lane boundaries.   

 

The tracking is performed spatially in each frame. 

Thus, the ‘time k’ in the tracking algorithm represents 

the number of the current line during the exploration 
of a frame from bottom to top. The tracking is 

therefore an intra-frame process, however starting 

from frame two; the initialization of the tracking 

algorithm in each frame is performed by using the 

results from the previous frame. The proposed 

algorithm consists of three steps, as this is illustrated 

in fig. 3: 

 

 
Fig. 3.  Chart of the proposed algorithm 

 

A. Track initiation  

This step is run in the first image only. It is similar to 

the track initiation in the case of Radar data 

processing. Any tracking algorithm must first be 

initialized by using initial measurements (positions of 

white pixels in our case). This represents an 

important step since a bad initialization may lead to a 

misdetection of the lane. If additional information is 
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used in the track initiation, efficient detection can be 

achieved. In order to determine the first 
measurements to be used for the initialization of the 

Kalman filter, one could use the Hough transform to 

detect the two straight lines that represent the two 

boundaries of the lane. The Hough transform is a well 

known method for initiating multiple target tracks. In 

our algorithm, this transform is applied only to a 

small section of the first image, where the presence of 

the white markings is the most likely.  

The image is divided into four zones (see fig. 4), 

unlike in [1] and [3]. The first zone is not considered 

because it is too close to the vehicle; we thus start 

with the second zone. This zone is itself divided into 
three subzones: right (2.R), centre (2.C) and left 

(2.L). By assuming that the boundaries of the lane are 

located on the two sides of the camera mounted on 

board the vehicle, the centre one is excluded. We thus 

apply the Hough transform only in subzones 2.R and 

2.L, which must be binarised beforehand. Assuming 
that the contrast between the white markings of the 

road and the pavement is moderately high, the 

binarisation is achieved by a simple thresholding. 

Limiting the search to a small zone and using a 

simple binarisation speeds up the track initiation 

phase. 

To initialize the tracking filters, the two point 

initialization technique proposed in [11] is applied, 

using the first two points from the lines detected by 

the Hough Transform (H.T), as indicated in fig. 4. 

Once the Kalman filters are initialized the IMM filter 

is run from the bottom of the second zone up to the 
top of the third one in order to detect the lane 

boundaries. The fourth zone is excluded because it is 

too far from the vehicle. The detected lane boundaries 

are then smoothed, by using a curve fitting technique. 

 

 
Fig. 4.  Decomposition of the first image into four zones and track initiation. 

 

B.  Lane detection and curvature localisation 

using the IMM 

Track maintenance is accomplished by means of the 

IMM filter that uses a CV model and a CT model, as 

described in section 2. The initialization is performed 
in the first frame, as described in III.1. For the 

succeeding frames the initialization is done using the 

same two points differencing technique as in the first 

frame, but with the two points taken as the first two 

smoothed positions from the bottom of the previous 

frame’s second zone.  

The pixel used as measurement to update the state in 

the Kalman filters is selected within a validation 

region which is composed of a central pixel and the 

2m pixels on its left and right sides, m on each side. 

In the first frame the central pixel corresponds to the 

predicted pixel, while for the following frames, the 
central pixel corresponds to the pixel situated at the 

next k + 1 line of the smoothed trajectory from the 

previous frame. A square window of size 3x3 is set 

around each pixel in the validation region and the 

mean intensity of the nine pixels inside this window 

is computed. We thus get 2m + 1 mean intensities 

that correspond to the 2m + 1 pixels in the validation 

region; the pixel with the greatest mean intensity, 

higher than a given threshold, is selected as the 

measurement pixel. 

 

The value of m is chosen empirically. Due to the 
perspective effect of the camera the two lane 

boundaries tend to become closer as we move 

towards the top of the image. To avoid a mix-up 

between these two boundaries in the far field, we 

found that it is useful to reduce the value of m, 

starting from a given line in the image. In our 

experiments, we initially set m = 20 then starting 

from the central line of the third zone, we reduce it to 

10. Besides the detection of the lane boundaries, the 

IMM may be used to detect the start of a bend in the 

road. Indeed, starting from the bottom of the third 

zone, if the probability of action of the CT model 
exceeds a given threshold, we declare that this 

corresponds to the start of a curvature in the road. 

Since the curvature starts detected in the two lane 

boundaries may be different, we consider that the first 

one represents the start of the road bend. Fig. 5 shows 

an example of lane detection in a given frame, using 

the IMM. 
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Fig. 5.  Lane detection in a given frame, using the IMM. 

 

C. Smoothing of the detected lane boundaries 

As shown in fig. 5, the IMM’s estimated lane 

boundaries present some undesirable fluctuations. To 

smooth these estimated boundaries we use the curve 

fitting technique presented in [15]. In this technique 

the lane boundary is represented by a linear function 

in the near field and by a parabolic function in the far 

field. By imposing the continuity and the 

differentiability conditions between these functions at 

their joining point, a relationship between their 

parameters can be established. The values of these 
parameters can afterwards be determined by solving a 

least squares minimization problem. Usually, the 

limit between the regions where the linear and 

parabolic models are applied is chosen arbitrarily to 

be the central horizontal line of the image. In our 

algorithm this limit is set to the start of the boundary 

curvature, as detected by the IMM.    

 

V. EXPERIMENTAL RESULTS 

 

The program developed performs for each frame 

three principle tasks: the first is to initialize the 
trajectory, the second is to maintain the lane detection 

and the third is to detect a pronounced curvature of 

the lane. This lane detection algorithm has been 

applied to two sequences of road images. In this 

paper, instead of assuming that the limit between the 

linear and parabolic models, used to represent the 

lane, lies at the central horizontal line of the image, 

we let the IMM algorithm determine this limit. The 

presence of a curvature is detected by the rise of the 

probability of action of the CT model. Starting from 

the beginning of the third zone, if the probability of 
action of this model exceeds a given threshold for 3 

successive updating steps, i.e. if it is rising, we 

consider that this represents the start of a curve. This 

threshold may be adjusted according to the 

application at hand.  In our case this threshold has 

been set deliberately to a low value (0.1), since the 

concern is to provide the driver with an early 

warning. Fig. 6 illustrates the results given by our 

algorithm, for a given frame. In fig. 6.a the horizontal 

line represents the beginning of the curvature while 

the position of the circle indicates its orientation, i.e. 
to the left or to the right. The probability of action of 

the two filters corresponding to the right and the left 

lane boundaries are presented in fig. 6.b and 6.c, 

respectively. We mention here that pixel zero 

corresponds to the pixel detected on the first line at 

the bottom of the second zone of the image. In the 

majority of cases we obtain two different positions 

for the curvature’s beginning, so we choose the one 

which is the nearest to the vehicle. Our algorithm 

gives also information regarding the angular 

velocities of the two fictive targets, which are related 

to the curvatures of the lane boundaries. This is 
shown in fig. 6d, where a positive value corresponds 

to a rotation of the lane boundary to the right, while a 

negative one corresponds to a rotation to the left. If 

the directions of rotation detected for the right and the 

left lane boundaries are different, we choose the one 

having the greatest absolute value. We mention here 

that the lane may falsely appear to have a curvature, 

due the camera distortion in the far region. This 

situation can be detected since it corresponds to 

estimated  values for the two lane boundaries with 

approximately equal magnitudes and opposite signs.     
 

 
Fig. 6. Detected lane and its parameters. (a) Detected lane 

boundaries and curvature signaling, (b) models action 

probabilities for the right boundary, (c) models action 

probabilities for the left boundary, (d) rotation speed for the 

right and left boundaries in the third zone. 

 

In the frames of sequence 1, the lane boundaries are 

continuous, with a presence of shadow in some of 

them, while in the frames of sequence 2, the lane 
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boundaries are discontinuous without shadow. In fig. 

7, the results regarding some frames from sequence 1 
are presented. We can observe that our algorithm 

manages to correctly detect the lane boundaries and 

localize the position of the road curvature and its 

orientation, when the lane boundaries are continuous 

and no shadow is present. In such a situation we have 

100% correct lane boundaries and curvature detection 

rate. Fig. 8 presents the results regarding some frames 

with shadow, taken from sequence 1. Here we also 

obtain good results but in some cases the detection of 

the curvature may be wrong (false detection or false 

orientation), due to the shadow. Our algorithm gives 

satisfactory results even when the lane boundaries are 
discontinuous. This is illustrated by the results 

presented in fig. 9, regarding some frames with 

discontinuous lane boundaries taken from the second 

sequence.  

 

 
Fig. 7. Selected frames from sequence 1 with continuous 

boundaries and without shadow. 

 

 
Fig. 8: Selected frames from sequence 1, with continuous 

boundaries and with shadow. 

 

 
Fig. 9. Selected frames from sequence 2, with discontinuous 

boundaries and without shadow. 

 

VI. CONCLUSION 

 

In this paper, a novel IMM based lane boundaries and 

road curvature detection technique is proposed. By 

using the IMM with appropriate models, a CV model 

and a CT one, we are able to correctly detect the lane 

boundaries. Furthermore, based on the probabilities 
of action of these models, we can detect the 

beginning of a curvature in the road. The degree of 

this curvature and its orientation can also be 

estimated form the angle speed component in the CT 

state model. By applying the Hough transform to a 

small zone in the first frame only and by using a 

simple binarisation technique we get a fast 

initialization phase that gives satisfactory results. The 

results of the experiments conducted using real 

sequences show that the proposed algorithm has good 

performances and is robust, even in complex 

situations such as in the presence of shadow or 
discontinuous boundaries lane markings. Compared 

to the algorithm presented in [1], the complexity of 

our algorithm is lower, and unlike this algorithm it 

provides information about the road curvature.  
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