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S UMMARY
This paper presents the current status of the ARGO Project, whose main target is the development
of an active safety system and an automatic pilot for a standard road vehicle. First the ARGO
project is briefly described along with its main objectives and goals; then the autonomous vehicle
prototype and its functionalities are presented. An overview of the computer vision algorithms for
the detection of lane markings, generic obstacles, leading vehicles and pedestrians is given.

I NTRODUCTION
Automatic Vehicle Driving is a generic term used to address a technique aimed at automating –
entirely or in part– one or more driving tasks. The automation of these tasks carries a large number
of benefits, such as: a higher exploitation of the road network, lower fuel and energy consumption,
and –of course– improved safety conditions compared to the current scenario.
Two main cooperative solutions are possible to achieve automatic driving functionalities: they
require to act on infrastructures or vehicles. Both scenarios have their own pros and cons, depending on the specific application; the research documented in this paper is focused exclusively on
vehicles.
The Sensing Devices
The main problems due to the use of active sensors –besides the pollution of the environment–
include inter-vehicle interference amongst the same type of sensors and the wide variation in reflection ratios caused by many different reasons, such as obstacles’ shape or material. Moreover,
the maximum signal level must comply with some safety rules and must be lower than a safety
threshold.
On the other hand, the use of active sensors, which involves the measurement of the alteration of
signals emitted by the sensors themselves, possesses some specific peculiarities:
• active sensors can measure quantities in a more direct way than vision. As an example, a
Doppler radar can directly measure the relative movements between an object and the viewer,
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whilst vision can detect movement only through a complex processing of sequences, or –more
generally– sets, of images;
• active sensors require less performing computing resources, as they use a considerably lower
amount of acquired data.
Unfortunately, when several robots are moving within the same environment, active sensors may
interfere with each other, thus decreasing their reliability and usefulness.
Hence, with a massive and widespread use of autonomous sensing agents, the use of passive sensors, such as cameras, obtains important advantages over active ones. Obviously machine vision
can fail –and therefore cannot be used– when humans cannot see (e.g. in foggy conditions or during the night with no specific illumination). In fact, while the use of other sensing agents would
have the advantage of extending sensing capabilities besides human possibilities, the use of vision
allows the building of a system able to act as the human driver: for example, an active safety
system that helps the driver when he fails (e.g. in the lack of concentration).
Nevertheless, although being extremely complex and highly demanding, thanks to the great deal
of information that it can deliver, computer vision is a powerful means for sensing the environment and has been widely employed to deal with a number of tasks in the automotive field: Road
Following (which involves Lane Detection [7] and Obstacle Detection), Platooning (the automatic
following of a manually driven vehicle by an automatic one [14]), Vehicle Overtaking [12], Automatic Parking [9], Collision Avoidance, and Driver Status Monitoring [8].
To accomplish these tasks several quantities must be measured and/or patterns recognized before
the closing of the control loop: the relative position of the vehicle with respect to the lane and
the check for obstacles on the path or for known road signs [1] for Road Following; the recognition of specific vehicle’s characteristics and the computation of the time-to-impact for Platooning;
the sensing of multiple lanes [13] as well as obstacle detection for Vehicle Overtaking and Collision Avoidance; the distance amongst parked vehicles for Automatic Parking; the position and
movements of the driver’s eyes and head for Driver Status Monitoring.

T HE ARGO P ROJECT
The main target of the ARGO Project is the development of an active safety system which can also
act as an automatic pilot for a standard road vehicle.
According to the previous discussion, in the implementation of the ARGO prototype vehicle the
use of passive sensors only, such as cameras, has been considered.
A second design choice was to keep the system costs low. These costs include both production
costs (which must be minimized to allow a widespread use of these devices) and operative costs,
which must not exceed a certain threshold in order not to interfere with the vehicle performance.
Therefore, the prototype installed on ARGO is based on low-cost cameras and a off-the-shelf PC.
The ARGO Vehicle Prototype
ARGO is an experimental autonomous vehicle equipped with vision systems and an automatic
steering capability, developed within this project.
It is able to determine its position with respect to the lane, to compute the road geometry, to detect
obstacles on the path, and to localize a leading vehicle. A computing system located in the boot
analyzes images acquired by a stereo rig behind the windscreen in a real-time fashion. Results are
used to drive an actuator coupled with the steering wheel and other driving assistance devices.

Figure 1: The ARGO prototype vehicle.
The Data Acquisition System
The ARGO vehicle is equipped with a stereoscopic vision system consisting of two synchronized
cameras able to acquire pairs of grey level images simultaneously. The installed devices are small
low cost cameras that can receive the synchronism from an external signal. The cameras lie inside
the vehicle at the top corners of the windscreen, optical axes are parallel and, in order to also
handle non flat roads, a small part of the scene over the horizon is also captured. The images are
acquired by a PCI board, which is able to grab three 768 × 576 pixel images simultaneously. The
images are directly stored into the main memory of the host computer thanks to the use of DMA.
The acquisition can be performed in real-time, at 25 Hz when using full frames or at 50 Hz in the
case of single field acquisition.
A Hall effect-based speedometer is used to determine vehicle speed. It has been chosen due to
its simplicity and its reliability and has been interfaced to the computing system via a digital I/O
board with event counting facilities.
Moreover, a button-based control panel has been installed enabling the driver to modify a few
driving parameters, select the system functionality, issue commands, and interact with the system.
The Processing System
The architectural solution currently installed on the ARGO vehicle is based on a standard 450 MHz
MMX Pentium II processor. Software performance is boosted exploiting the MMX enhancements
of the instruction set, which permits processing in parallel multiple data elements using a single
instruction flow.
The Output System
Four different output devices have been installed on ARGO: some of them are actuators, some were
integrated in order to test their usefulness, and a few were included just for debugging purposes.
Figure 2 shows an internal view of the driving cabin.
The acoustical devices: a pair of stereo loudspeakers are used to issue warnings to the driver in
case dangerous conditions are detected. The possibility of using the loudspeakers individually is
exploited in order to enhance the effectiveness of the acoustical messages.
The optical devices: two different optical devices have been installed: a led-based control panel
and a color monitor.
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Figure 2: An internal view of the ARGO vehicle.
The former is used to display the current functionality and some information about the relative
position of the vehicle compared to the lane, namely the vehicle offset with respect to the road
center line.
The latter is mainly used as a debugging tool, since its integration on a commercial vehicle would
distract the driver’s attention: a visual feedback is supplied to the driver by displaying the results
of the process on a 600 on-board color monitor. The monitor presents the acquired left image with
markings highlighting lane markings as well as the position of obstacles. Moreover, it can also
display images representing intermediate processing results and the value of some basic parameters
for debugging purposes. It also presents a bi-dimensional reconstruction of the road scene, showing
the position of obstacles and lane markings.
The mechanical devices: a single mechanical device has been integrated on ARGO to provide
autonomous steering capabilities. It is composed of an electric engine coupled to the steering column by means of a belt and it is used to steer the vehicle autonomously. The output provided by
the GOLD vision system, such as the vehicle lateral offset, the vehicle yaw relative to the road
centerline, upcoming road curvature, and the position of the preceding vehicle are combined together and the steering wheel is turned according to specific objectives, described in the following
section.
Functionalities
Thanks to the control panel the driver can select the level of system intervention. The following
three driving modes are integrated.
Manual Driving: the system monitors the driver’s activity; in case of potential dangerous situations the system warns the driver with acoustic and optical signals.
Supervised Driving: in case of dangerous situations, the system takes control of the vehicle in
order to keep it in a safe position.
Automatic Driving: the system maintains the full control of the vehicle’s trajectory, and the two
following functionalities can be selected:
Road Following: consisting of the automatic movement of the vehicle inside the lane. It is based
on: Lane Detection (which includes the localization of the road, the determination of the relative
position between the vehicle and the road, and the analysis of the vehicle’s heading direction)

and Obstacle Detection (which is mainly based on localizing possible generic obstacles on the
vehicle’s path).
Platooning: namely the automatic following of the preceding vehicle, that requires the localization and tracking of a target vehicle (Vehicle Detection and Tracking), and relies on the
recognition of specific vehicle’s characteristics.

V ISUAL P ERCEPTION OF THE E NVIRONMENT
The GOLD system is able to perform the following functions: Lane Detection and Tracking, Obstacle Detection, Vehicle Detection and Tracking, and Pedestrian Detection.
In the following a brief description of the above functions is given.
The Inverse Perspective Mapping
The Lane Detection and Obstacle detection functionalities share the same underlying approach:
the removal of the perspective effect obtained through the Inverse Perspective Mapping (IPM) [6].
The IPM is a well-established technique [3, 10, 11, 4] that allows to remove the perspective effect
when the acquisition parameters (camera position, orientation, optics,...) are completely known
and when a knowledge about road is given, such as a flat road hypothesis. The procedure aimed
to remove the perspective effect resamples the incoming image, remapping each pixel toward a
different position and producing a new 2-dimensional array of pixels. The so-obtained remapped
image represents a bird’s eye view of of the road region in front of the vehicle.
Lane Detection
Lane Detection functionality is divided in two parts: a lower level part, which, starting from iconic
representations of the incoming images produces new transformed representations using the same
data structure (array of pixels), and a higher level one, which analyzes the outcome of the preceding
step and produces a symbolic representation of the scene.
The first phase is based on the localization of features of interest in the acquired image, which is
remapped thanks to the IPM geometrical transform. After the first low level stage, in which the
main features are localized, and after the second stage, in which the main features are extracted,
the result (a list of segments potentially representing lane markings) is now processed in order to
semantically group homologous features and to produce a high level description of the scene.
This process in divided into: filtering of noisy features and selection of the feature that most likely
belong to the line marking; joining of different segments in order to fill gaps caused by occlusions,
dashed lines, or even worn lines; selection of the best representative and reconstruction of the
information that may have been lost, on the basis of continuity constraints; the result is kept for
reference in the next frames and displayed onto the original image.
Figure 3.a presents a few results of lane detection in different conditions ranging from ideal situations to road works, patches of non-painted roads, the entry and exit from a tunnel. The systems
proves to be robust with respect to different illumination situations, missing road signs, and overtaking vehicles which occlude the visibility of the left lane marking.
Obstacle Detection
The Obstacle Detection functionality is aimed at the localization of generic objects that can obstruct the vehicle’s path, without their complete identification or recognition. For this purpose a
complete 3D reconstruction is not required and a matching with a given model is sufficient: the

model represents the environment without obstacles, and any deviation from the model detects a
potential obstacle. In this case the application of IPM to stereo images [2], in conjunction with an
a-priori knowledge on the road shape, plays a strategic role.
Assuming a flat road hypothesis, IPM is performed on both stereo images. The flat road model
is checked through a pixel-wise difference between the two remapped images: in correspondence
to a generic obstacle in front of the vehicle, namely anything rising up from the road surface,
the difference image features sufficiently large clusters of non-zero pixels that possess a particular
shape. Due to the stereo cameras’ different angles of view, an ideal homogeneous square obstacle
produces two clusters of pixels with a triangular shape in the difference image, in correspondence
to its vertical edges [6].
Unfortunately due to the texture, irregular shape, and non-homogeneous brightness of generic obstacles, in real cases the detection of the triangles becomes difficult. Nevertheless, in the difference
image some clusters of pixels with a quasi-triangular shape are anyway recognizable, even if they
are not clearly disjointed. Moreover, in case two or more obstacles are present in the scene at the
same time, more than two triangles appear in the difference image. A further problem is caused
by partially visible obstacles which produce a single triangle. The triangle can also be used to
estimate the obstacle distance.
Figure 3.b shows the results obtained in a number of different situations. The result is displayed
with black markings superimposed on a brighter version of the left image; they encode both the
obstacles’ distance and width.
Vehicle Detection
The vehicle detection algorithm is based on the following considerations: a vehicle is generally
symmetric, characterized by a rectangular bounding box which satisfies specific aspect ratio constraints, and placed in a specific region of the image. These features are used to identify vehicles
in the image in the following way: first an area of interest is identified on the basis of road position
and perspective constraints. This area is searched for possible vertical symmetries; not only gray
level symmetries are considered, but vertical and horizontal edges symmetries as well, in order
to increase the detection robustness. Once the symmetry position and width has been detected,
a new search begins, which is aimed at the detection of the two bottom corners of a rectangular
bounding box. Finally, the top horizontal limit of the vehicle is searched for, and the preceding
vehicle localized.
The tracking phase is performed through the maximization of the correlation between the portion of
the image contained into the bounding box of the previous frame (partially stretched and reduced to
take into account small size variations due to the increment and reduction of the relative distance)
and the new frame.
To get rid of reflections and uniform areas, vertical and horizontal edges are extracted and thresholded, and symmetries are computed into these domains as well.
After the localization of the symmetry, the width of the symmetrical region is checked for the presence of two corners representing the bottom of the bounding box around the vehicle. Perspective
constraints as well as size constraints are used to reduce the search.
Sometimes it may happen that in correspondence to the symmetry maximum no correct bounding
boxes exist. Therefore, a backtracking approach is used: the symmetry map is again scanned for
the next local maximum and a new search for a bounding box is performed.
Figure 3.c shows some results of vehicle detection in different situations.

Pedestrian Detection
A new functionality, still under development and test, allows to detect pedestrians in a way similar
to what happens for Vehicle Detection.
In a similar way, a pedestrian is defined as a symmetrical object with a specific aspect ratio. With
very few modifications to the Vehicle Detection algorithms presented in the previous section, the
system is able to locate and track single pedestrians.
Moreover a new phase, based on stereo vision, aimed to the precise computation of pedestrian
distance is currently under study.
Figure 3.d shows a few examples of correct detection.

C ONCLUSION
The vehicle and its equipment have been tested with a 2000 km test on the Italian road network in
1998. At that time only basic versions of the Lane Detection and Obstacle Detection modules were
integrated on ARGO, but proved to be sufficiently reliable. The vehicle drove itself in automatic
mode for about 95% of the route [5]; the analysis of the data collected during this test were used
to improve the system and to remove the bottlenecks and the problems encountered.
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Figure 3: Results of: Lane Detection, Obstacle Detection, Vehicle Detection, Pedestrian Detection.

