
Road Detection and Vehicles Tracking by Vision for an

On-Board ACC System in the VELAC Vehicle

R. Chapuis, F. Marmoiton, R. Aufr�ere,

F. Collange, J-P. D�erutin

LASMEA, UMR 6602 CNRS, Universit�e Blaise Pascal, F-63177 Aubi�ere Cedex

email: fchapuis,marmoito,aufrere,collange,deruting@lasmea.univ-bpclermont.fr

Abstract - This paper presents a method designed

to detect and track vehicles on highway in a safety

improvement purpose. The goal of this kind of sys-

tem is to regulate the speed of a vehicle so as to re-

spect safety distances relative to vehicles ahead. The

method is exclusively based on monocular computer

vision and uses two algorithms. The �rst one is able

to locate the lane borders in the image, and to de-

duce the 3D shape of the road axis. The second al-

gorithm detects, tracks and compute the 3D location

of vehicles ahead by using �xed lights embedded on

these ones. By combining the results of the two al-

gorithms, a fusion step permits to know were are

the most dangerous vehicle according to its position,

speed and circulation lane. The method has been im-

plemented on our experimental vehicle VELAC and

the whole system operates in real-time conditions.

Keywords: Road following, Vehicle tracking, Real-time

computer vision

1 Introduction

For several years now, the scienti�c community has
been under pressure to engage in projects relating to
car driving, road safety and the improvement of traÆc
ow. Projects such as the "automated motorway" and
PATH aim to develop systems capable of regulating the
speed of road vehicles (longitudinal control) or their
driving lane position (lateral control). On the basis of
this work, research has begun to be oriented towards
applications such as stop-and- go, adaptive speed reg-
ulation and convoy driving.

Our laboratory has been actively involved in
projects of this kind, and work has been put in hand
to develop a device for adaptive speed regulation (or
ACC - Adaptive Cruise Control [16]) on an experimen-
tal vehicle. This vehicle and its on-board architecture,
are currently under development (cf.x5).

In this article, we consider the problems of percep-
tion for ACC systems. The purpose of this type of
system is to regulate the speed of a vehicle so as to
respect safety distances relative to vehicles ahead. It
must be able to calculate the position of obstacles in
the scene, and of the driving lanes, and then to pick
out the vehicle representing the greatest danger. To

be able to do this, the perception system, and in par-
ticular the sensor, must be able to take in the entire
scene. RADAR and LIDAR type sensors [17, 2] give
good estimates of the distance between vehicles, but
do not provide enough information about there driv-
ing lane position. The camera sensor gives an overall,
2D image of the scene. Information about obstacles
and the driving lanes are contained in the image, but
the camera sensor provides no direct 3D information.

The GRAVIR group in LASMEA is conducting re-
search on sensors of these types. Our purpose in this
article is to assess a purely vision-based approach em-
ploying vehicles bearing visual marks. This enables
targets to be located in 3D from the known con�gura-
tion of the marks. We therefore gave our attention to
the detection, location and tracking of target vehicles
equipped with visual reference points. Our laboratory
has already done a considerable amount of work on this
theme [12, 9].

Nevertheless, detecting the 3D position of the vehi-
cle ahead could not be suÆcient. Indeed, slow vehicles
may be not dangerous if they are located on di�erent
lanes than ours. Moreover, it could be dangerous to
start a braking in an overtaking case.

We then need to know if the detected vehicles run
on the same lane than ours. This knowledge involves to
detect where the lanes are in the image and to combine
this information with the 3D position of the detected
vehicles.

All the devices developed operate within the con-
straints imposed by real calculation time on board, and
have been installed, and tested under real conditions,
on the demonstration vehicle.

The paper presents �rst the road recognition pro-
cedure. The next part shows the obstacles detection
algorithm. The cooperation stage is then presented.
Finally, we present our experimental vehicle VELAC
and we show the results concerning the collaboration
of the two algorithms.

2 Road Detection Algorithm

The problem to locate the roadsides is essential in driv-
ing assistance problems because it permits thereafter
to verify the vehicle position on the roadway, and to
eventually warn the driver. Furthermore, recovering



the 3D shape of the road could be mandatory to antic-
ipate dangerous situations (hard bend for example) or
to classify obstacles extracted by other sensors or other
algorithms (as it is the case here) in order to take into
account only vehicles which are located in the driver's
lane.

Existing works relate for the most part to marked-
roads (motor-ways) and use a monochromatic camera,
suÆcient to detect the contrast between the white lines
and the road. Most of the methods use a model to char-
acterize the roadsides in the image. This model often
permits, after the updating of its parameters, to locate
the vehicle and is often included in a prediction / up-
dating loop in order to achieve local features detections
[5, 14, 11, 8].

The principal defects of these various approaches are
a weak precision if the model is simple or a strong sensi-
tivity to the noise and a diÆcult updating if the model
is more complex. Furthermore, since most of these
approaches run in a prediction/updating principle by
using state evolution, they need an initial parameters
estimation. Most of the cases, this step is achieved
arti�cially and a \following loss" could be diÆcult to
manage in these cases.

The 3D road reconstruction problem, by itself, re-
mains diÆcult. DeMenthon [3] and Kanatani [7] have
�rst tackled this problem. These methods are well
suited to our problem because the hypothesis are real-
istic whatever the road used. However, the drawbacks
lie in the instabilities involved by the numerical inte-
grating and in the computational times. Moreover, the
method is very sensitive to noise detection because of
the derivation use.

2.1 Our approach

Our goal is mainly to design an algorithm able to esti-
mate the bird-eye view of the road in order to charac-
terize obstacles detected by our vehicle detection mod-
ule.

Our method is based upon two stages : the road
detection stage which provides the roadsides location
in the image, and the 3D lane reconstruction stage.

2.2 Road detection principle

Our method (described in [13]) is based on a recursive
recognition of the roadsides driven by a probabilistic
model de�ned by a parameters vectorX and its covari-
ance matrix CX . The recognition is done in optimal
interest zones deduced from the current update of the
model. The road is considered recognized when a min-
imum number pf of features is reached.

2.2.1 Road model

The statistical model is composed of 2n parameters
(n = 10 in our case). This number can vary accord-
ing to the application (highways, main roads, country
roads, etc). The model is represented by a vector X
given by:

X = (u1l : : : ; unl; u1r; : : : ; unr)
t

and its covariance matrix CX . (u1l:::unl) and
(u1r:::unr) represent the image X-coordinates of the
left and right roadsides for di�erent image rows vi
(i 2 [1; n]) �xed once and for all. The matrix CX

de�nes the variations of coordinates uil and uir.
Vector X(0) and its covariance matrix CX(0) de�n-

ing the initial model are established by a training
phase. This calculation is carried out as a preliminary
and doesn't enter in the recognition process.

2.3 Search procedure

Figure 1 presents the organization chart of the algo-
rithm. After the training phase, the best interest zone

Training phase

Definition of the 
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Detection step

detection ?

nb detection
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X Cx,
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Figure 1: Organization chart of the algorithm.

is located in an optimal way in the image. In this zone
a segment is detected for this analysis depth p = 0.
This procedure is iterative: the model is updated, a
new optimal zone is located and the algorithm works
now at a depth p + 1. The algorithm considers that
the roadsides are found in the image if pf (pf = 10)
coherent detections could be isolated. A re�ning stage
allows, thereafter, to improve the search result.

2.3.1 Interest zones

The interest zone corresponding to the smallest con�-
dence interval I is chosen and is de�ned by extracting
from the diagonal of CX the smallest variance �2i .

I = [ui � �i; ui + �i]

The interest zone is then de�ned by a trapezoid of
nodes (see �gure 2) : P1 : (ui � �i; vi); P2 : (ui +
�i; vi); P3 : (ui+1 � �i+1; vi+1); P4 : (ui+1 + �i+1; vi+1)

vi is the ordinate of the image row corresponding to
the X-coordinate ui.

Figure 2 shows an image with the initial model re-
sulting from the training phase as well as the best in-
terest zone.

2.3.2 Detection

This phase consists in detecting the features, in the
interest zone de�ned previously.
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Figure 2: image with the initial model and the �rst
interest zone

For each row inside the interest zone, the point of
maximum gradient is localized. With the whole points
thus made up, a line segment is �tted by median least
squares method which takes into account a constraint
of slope deduced from CX . This detector tries in fact
to �nd a segment according to the need of the current
model. This detection then provides a measurement
y = (ûi; ûi+1)

t.
It can happen that no segment can be detected in

the interest zone. In this case, the detection is tempted
in a new interest zone de�ned by the next smaller vari-
ance of the covariance matrix and so on.

If no segment could be obtained in spit of these 2n�
p attempts (number of remaining interest zones for a
given depth p), the algorithm leaves this branch and
goes up at previous depth: p� 1.

2.3.3 Updating

The detection phase gives for a depth of analysis p a
measurement y(p) = (ûi(p); ûi+1(p))

t which permits to
re�ne the model (X(p� 1);CX(p� 1)) for the current
depth p.
Updating consists in calculating a new vector X(p)
and a new covariance matrix CX(p) deduced from the
observation y(p) and preceding state X(p � 1) and
CX (p� 1) by the following way :�

X(p) = X(p� 1) +K[y � x(p� 1)]
CX (p) = CX(p� 1)�KHCX(p� 1)

with:

� K = CX(p� 1)Ht [HCX(p� 1)Ht +R]
�1

� xi = (ui; ui+1)
t

� H =

�
0 � � � 1 0 � � � 0
0 � � � 0 1 � � � 0

�
H is in fact such that xi = (ui; ui+1)

t = HX,

� y
i
= (ûi; ûi+1)

t = x+w. Vector w is the detection
error (�xed here at a 5 pixels value) with covari-
ance matrix R = E[wwt] (here R = 52I where I
is the identity matrix of size 2�2).

2.3.4 Evolution of the algorithm

The search process is recursively restarted at each new
iteration and stops when the analysis depth p = pf is
reached.
Figure 3 presents an example of the algorithm evolu-
tion on an image. The search zone of the lines in the
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Figure 3: Evolution of the algorithm on a single image.

image, characterized by the covariance matrix CX(0)
resulting from the training phase, is represented in
�g. 3-a. Fig. 3-b shows the �rst interest zone deduced
from CX(0) and the detection made inside. Thanks
to this detection, X(0) and CX(0) will be updated to
limit the search zone in the next analysis depth (p = 1).
In �g. 3-c, we present the case where the �rst and the
second zone de�ned by CX(1) do not provide any de-
tection. In this case, a detection could be carried out in
the next zone and thus, the vectorX(1) and the matrix
CX(1) can be updated. The process is repeated until
p = pf . �g. 3-d shows the �nal result (18 iterations of
the algorithm).

At the end of the preceding process, pf coherent de-
tections have been carried out and the roadsides are
assumed to be found. Nevertheless, in order to ob-
tain an optimal precision we look for remaining zones
not scanned yet. In this re�ning phase, we restart the
search process from the vector X(pf ) and the matrix
CX(pf ).

The �nal result of our algorithm corresponds to the
vector X resulting from the greatest depth of analysis
(30 algorithm iterations).

2.4 Road detection results

The used images have a 512�512 pixels size. The
model vector is composed of 20 parameters and cor-
responds to 18 analysis zones (9 for both left and
right sides). The camera used have a focal distance
f = 12mm and was placed at a height z0 = 1:2m.

Figures 4 presents results relating to this �rst mod-
ule applied on several kinds of images (both marked
and non-marked roads). First and third �gures present
the road original image and the second and fourth
show the best estimated model. Computational times
are about 40ms to 150ms (measures issued from a HP
workstation implementation).



Figure 4: Road detection results

2.5 Road shape reconstruction

The roadsides detection module previously presented
is able to recognize the road in the image and our goal
is now to compute the vehicle location on its lane and
to calculate the 3D shape of the road axis.

Figure 5 shows the 3D space frame of reference in
use. Coordinates system R : (x; y; z)t is linked to the
road with the left side of the road tangent to the Oy
axis. Coordinates system Rc : (X;Y; Z)t is linked to
the camera with the XZ plane parallel to the image
plane and the Y axis de�ned by the optical axis.
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Figure 5: De�nition of the coordinate systems: side
view on left and bird eye view on right

It can be shown (using several hypothesis, cf. [15])
that a 3D point Xm belonging to the road axis could
be expressed by:

Xm =

�
L(ul + ur)

2(ur � ul)
; eu

L

ur � ul
;
eu
ev

vL

ur � ul

�t
(1)

Where ul and ur are abscissas of left and right edges
of the lane at a row v. This information is available in
the vector model

X = (u1l; : : : ; unl; u1r; : : : ; unr)
t

coming from detection module for given vi (i = 1 : : : n)
coordinates. Then 3D road axis coordinates are com-
puted and collected in a vector :

X3D = (Xm1; : : : ; Xmi; : : : ; Xmn)
t

L parameter is the lane width. It can be calculated
by using our detection module. Indeed, the road model
(x2.2.1) can be completed by L parameter to give :

XL =

�
X
L

�
and CXL =

 
CX

...
: : : �2L

!
(2)

XL is linked to X by: X = MXL with M =
(In�n0n�1)

This new model could be learn in a same way than
explained in x2.2.1 to give XL(0) and CXL(0). When
the road has been recognized, X vector and its covari-
ance CX are known. A simple way to extract L is
to update XL(0) by using measures vector X and its
associated error CX .

In order to obtain a bird eye view of the lane for
every distance Y , an interpolation stage is necessary.
3D coordinates (X;Y; Z) extracted fromX3D are �tted
to a polynomial model such as:

X = x0 + x1Y + x2Y
2 + x3Y

3

Z = z0 + z1Y + z2Y
2 (3)

This �tting will provide vector Xpoly =
(x0; x1; x2; x3; z0; z1; z2)

t. This is achieved by a
least squares method using the covariance matrix
CX3D of X3D. This matrix is calculated using CX

(X covariance) and the jacobian matrix of vector X3D

with respect to X denoted by J2D:3D :

CX3D = J2D:3D :CX :J
t
2D:3D

The covariance matrix CXpoly associated with the
polynomial parameters vector Xpoly could also be cal-
culated using the same method in order to obtain the
3D con�dence interval of the road axis.

3 3D/2D vehicle tracking

Much work today is devoted to the problem of detect-
ing road vehicles in movement with respect to images
of varying brightness [18, 10, 6]. On the other hand,
little attention is given to location of vehicles, only a
very approximate estimation of the positions of tar-
gets being achieved at times [1]. In all these cases,
when we are limited to monocular vision techniques,
location requires knowledge of a model object. We use
three markers on target vehicles (see �gure 6).

Figure 6: Bright marks positions on a tracked vehicle

In this section, we �rst explain how we tracked the
vehicles, endeavoring to obtain reliable tracking with
acceptable calculation times. We then give a general
description of the unit that makes it possible to track
multiple targets.

3.1 Target tracking

The function of the tracking module is to solve the
problem of temporal matching of vehicles already de-
tected to the measurements taken from the image. It
is able to associate three detections in the image with
each target vehicle tracked, a problem of some delicacy
for two main reasons :



� erroneous detections during the acquisition phase
(measurement noise, reections, poor luminosity
conditions),

� interference between targets.

In response to these diÆculties, we propose a pre-
diction and veri�cation approach based on Kalman �l-
tering theory. This method seeks to meet real time
objectives and the need for robustness and tracking re-
liability by endeavoring to combine techniques of local
matching of primitives with broader techniques, based
in this case on tracking a 2D model of the object.

The algorithm proceeds in �ve stages detailed be-
low.

3.1.1 Stage 1: prediction

The state of the target is predicted by an evolution
model at constant speed. The state vector at time k is
described by V k (vehicle reference):

V k = (Tx; Ty; Tz; vx; vy; vz ; Rx; Ry; Rz; !x; !y; !z)
(4)

The evolution model permits to predict the position
and orientation of the targets.

The acceleration, braking and steering commands
acting on the vehicles cannot at present be either mea-
sured or estimated, and therefore are not introduced
into the evolution model. These commands are taken
into account during the stage 5 (updating).

3.1.2 Stage 2: local matching

Local matching enables the primitives detected in the
image to be sorted, only those compatible with the tar-
get being retained. Prediction of the state of the tar-
get, with its associated covariance matrix, locates and
de�nes the size of the zones in the 2D image within
which the search for primitives is conducted. The
model of the car comprises three primitives, so three
positions for primitive search zones are designated for
each car. Only detections inside these windows are re-
tained, so that all primitives that are distant from the
target can be eliminated.

3.1.3 Stage 3: overall matching

The overall matching stage pairs up the primitives de-
tected in the search zone windows with those of the
vehicle being tracked. This stage enables three primi-
tives to be associated with each target vehicle. In order
to select one primitive from each search zone window,
we calculate the Mahalanobis distance between the 2D
shape predicted and the shape formed by the primi-
tives detected. All the combinations of primitives are
tested, taking one primitive from each search zone win-
dow.

The combination giving the shortest distance below
a threshold is selected. If no combination can be se-
lected, the algorithm is downgraded to function with 2
spots or 0 spots (location with predictions).

3.1.4 Stage 4: location

In order to simplify these location calculations, we
chose a method based on three markers, a method de-
veloped by DeMenthon and Davis [4]. We call Pi the
marks on the target vehicles where P0 is the left rear
lamp, P2 the right rear lamp and P1 the roof lamp (cf.
�gure 6).

The method of location is based on an approxima-
tion to perspective projection, designated "orthoper-
spective" by its authors. In the context of the appli-
cation, this approximation is realistic, since the depth
of the model is small in relation to the distance from
camera to target vehicle.

Figure 7 shows the projection of the three markers
P0, P1 and P2 in orthoperspective projection.
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Figure 7: Orthoperspective projection

As the end result of this method, we can calculate a
measurement vector associated with each vehicle. This
vector takes the following form:

Ok = (Txm; Tym; Tzm; Rxm; Rym; Rzm)

where Txm; Tym; Tzm are the translations measured
and Rxm; Rym; Rzm are the rotations measured. The
covariance matrix Cok is associated with this measure-
ment vector. The matrix Cok is a function of the dis-
tance from camera to obstacle.

3.1.5 Stage 5: updating.

The updating stage consists in using the measurement
vector Ok to estimate the state vector V k=k . This up-
date is e�ected in accordance with the formalism of
Kalman �ltering with the following state equations:�

V k+1 = MV k + q
Ok = HlV k + wo

With:

� q: evolution noise with covariance matrix Q,

� Hl =

�
I3�3 03�3 03�3 03�3
03�3 03�3 I3�3 03�3

�
: observa-

tion matrix,

� wo: measurement error (covariance matrix Cok),

� M: evolution matrix such as:

Txyz = Txyz + vxyz�t
vxyz = vxyz
Rxyz = Rxyz + !xyz�t
!xyz = !xyz



� �t: sample time between two images.

The state of the target is then updated by:

V k=k = V k=k�1 +K(Ok �HlV k=k�1)

with:

K = Cvk=k�1H
T
l (HlCvk=k�1H

T
l +Cok)

�1

and
Cvk=k = (I �KHl)Cvk=k�1

Cvk=k is the covariance matrix associated with the
estimated vector V k=k .

The innovation signal Ok �HlV k=k�1 is checked to
detect manoeuvre movements. If a manoeuvre is de-
tected, the matrix Q is reevaluated axis by axis, rota-
tion by rotation and translation by translation. This
correction is proportional to the amplitude of the ma-
noeuvre.

3.2 The vision system

To be able to track several vehicles in movement in a
road scene, it was necessary to develop a vision system
capable of taking into account the appearance and dis-
appearance of the targets. As soon as a car enters the
�eld of view of the camera, it must be detected and
its kinematic parameters initialized. As soon as a car
leaves the �eld of view of the camera, the system must
be capable of ceasing to follow its trace. These diÆ-
culties led us to construct three modules, operating in
parallel:

� a vehicle detection module,

� a tracking module,

� a supervision module.

The tracking module was described above. Here we
give a brief description of the detection and supervision
modules. Obviously the visual marks are an essential
aid to each of these modules.

The function of the vehicle detection module is to
detect any vehicle that enters the �eld of view of the
camera. It provides an overall surveillance of the scene.

The supervision module manages the appearance
and disappearance of vehicles as a function of the in-
formation provided by the detection module (for the
initialization of new traces) and the tracking module
(for the disappearance of a trace). This module also
controls the synchronization of the whole system

3.3 Results

The method is implanted on our specialized architec-
ture in the demonstrator vehicle. It permits to track 2
targets in real time (40 ms).

We describe the behavior of the algorithm in the
case of multiple-target tracking. This real sequence
(�g 8) comprises 2,000 images (25 images per second).
The distance separating the camera from the vehicle
equipped with markers varies from 15 to 40 meters.

Im. 25 Im. 390 Im. 625

Im. 775 Im. 825 Im. 900

Im. 1050 Im. 1350 Im. 1550

Figure 8: Multiple targets sequence

Our purpose with this sequence is to show the be-
havior of the algorithm when the target executes a ma-
noeuvre or is obscured.

At the beginning of the sequence, only one car ap-
pears in the �eld of view of the camera. A second
car appears and overtakes the �rst (images 25 to 390).
This second vehicle moves over from the left-hand lane
towards the right-hand lane and is then masked by the
�rst car (images 300 to 625). The �rst car then moves
across from right to left, and overtakes. The second
moves over from right to left (825), thereby masking
the other vehicle (900). The �rst car reappears, the
other overtakes and continues to move away (1,050 to
2,000).

Multiple-target tracking enables us to test tracking
when the target is masked or parasitic markers make
their appearance in the �eld of view. The �rst fea-
ture we note concerns tracking quality. During the
phases of vehicle crossover, the visual marks interfere
with each other, but the nearer vehicle is always cor-
rectly followed. This shows that the algorithm is ro-
bust with respect to parasitic lamps. This tracking
sequence shows two di�erent cases of target masking.
When the vehicle further from the camera is masked in
images 800 to 900, the trace is lost. The vehicle disap-
pears from the �eld of view of the camera and tracking
is terminated.

Figure 9: Location results. Longitudinal position in
meters on left, and speed (m/s) on right

In images 1,100 to 1,200, the more distant vehicle



is masked by the nearer one. The trace is predicted
during the period of invisibility, and tracking resumes
when the vehicle reappears in the �eld of view of the
camera. The improved accuracy of speed estimation
enables the trace to be picked up again when the target
reappears. In the same way, divergences in tracking are
detected quickly (images 1,400 to 1,600).

4 Data cooperation

4.1 principle

As we have seen, our �rst module is able to reconstruct
the bird-eye view of the circulation lane. Our second
module detects and tracks target vehicles in front of
the camera vehicle. The purpose is now to take into
account only vehicles located in the same lane than
ours.

In our case, using eq. (3), 3D lane edges location
will be approximately given by (see [15] for used as-
sumptions) :

Xl = x0 � L=2 + x1Y + x2Y
2 + x3Y

3

Xr = x0 + L=2 + x1Y + x2Y
2 + x3Y

3

Using eq. (4), a target vehicle location is given (in
the vehicle reference) by :

V i = (Txi; Tyi; Tzi)
t

A simple constant translation vector T will permit
to obtain target vehicles coordinates V ci in the camera
reference:

V ci = (Xvi; Yvi; Zvi)
t = V i + T

So a vehicle i will be assumed as belonging to the
circulation lane if :

Xvi 2 [Xl; Xr] for Y = Yvi

The ACC is then achieved by distance and speed
analysis of this target.

4.2 Results

Figure 10 presents collaboration results. Left images
show the lane model superimposed on the real road
sides and the detected marks given by the vehicle track-
ing module. This module provides the distance of the
two target vehicles.

Right drafts present the reconstructed bird-eye view
of the road and show the detected target vehicles in
the camera reference. In �g.10-a, the two targets are
located in the same lane as the camera vehicle. Fig.10-
b shows the case where a target vehicle is on the left
lane. This vehicle will then not be taken into account
for ACC control. Fig.10-c shows a con�guration were
the target vehicle is on the right lane but the camera
vehicle just begins an overtaking. This explains the
high value of the steering angle.
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 10 m 
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 1 m 
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Figure 10: data cooperation examples

5 The experimental vehicle
VELAC

For the last decade, the LASMEA has been in-
volved in research projects aimed at improving
automobile safety. Following the experience of
the PROMETHEUS project, the laboratory has
been equipped with a vehicle: VELAC (V�ehicule
Exp�erimental du LASMEA pour l'Aide �a la Conduite)
for the purpose of validating its scienti�c developments
in a real context (cf �g 11).

Research on intelligent vehicles covers a broad spec-
trum of problems, from perception of the environment
(sensors, signal processing) to problems of decision-
making (what decision to take and in what circum-
stances), of vehicle control (establishing control laws
for steering,

Figure 11: The VELAC vehicle

The VELAC vehicle is �tted with a variety of sen-
sors and an architecture dedicated to vision applica-
tions. The architecture handles real-time processing.
The actuators are controlled via the CAN bus. Steer-
ing column and accelerator controls will be available
shortly.



6 Conclusion and perspectives

We describe in this article a method designed to detect
and track target vehicles located on a same circulation
lane by computer vision. Our method is mainly based
on two modules.

The goal of the �rst one is to detect the road in the
image. A model of the road sides in the image (ini-
tialized by a preliminary training phase) is updated in
a recursive but optimal way after each detection. The
method is easily adaptable to not-marked roads. A
second stage allows the 3D shape of the road to be de-
duced. This stage both permits to compute the vehicle
location on its lane and to evaluate the 3D shape of the
lane.

The second module is able to detect, locate and
track vehicles equipped with visual markers. The
method successfully tracks the target vehicles in 3D
space and estimates their speed relative to the cam-
era. The various diÆculties, such as an uncontrolled
environment and changing luminosity levels, led us to
develop a method of adaptive tracking. This work val-
idates a method of perception by camera intended to
be used to control the camera vehicle, since it con-
�rms that this vision system estimates the kinematic
parameters (relative position and velocity) with suÆ-
cient accuracy for that purpose.

Finally, a cooperation system is able to identify the
obstacles representing the greatest danger.

The method has been implemented on our experi-
mental vehicle (VELAC) and the whole system oper-
ates within real-time constraints.

Recognition and tracking of target vehicles could be
improved by combining the vision method with other
types of sensor, such as GPS or RADAR. An accelera-
tor control strategy for the camera vehicle would then
be the �nal element required to complete this ACC
system.
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