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As part of a driver support system for motor vehicles on freeways an obstacle recognition system
was developed within the EUREKA project PROMETHEUS over the last four years. The
obstacle recognition system uses a single monochrome TV camera and a multi-processor robot
vision system. The recognition system includes a road tracker and an obstacle detector that were
described in previous publications, and an object classification and tracking module presented
here. The module is based on generic 2-D object models. It recognizes obstacles in real time and
from distances of 200 to 300 m, sufficient for high-speed driving. The module was extensively
tested in real-world scenes on the German Autobahn and on various other roads, including city
streets with heavy traffic.

1. INTRODUCTION

A driver support system for road vehicles is a great challenge for the technology of machine
vision. The goal is to relieve the driver from monotonous tasks, to warn him of imminent danger
(for instance, if he is about to fall asleep), and — possibly — to assume control of the vehicle in
precarious situations. The necessary technology is being developed in numerous laboratories all
over the world; there is hope that it will eventually lead to a significantly increased traffic safety
[Masaki 1992]. Among the characteristics demanded of such a system are high reliability, low
costs, and independence of any special infrastructure.

Within the European research project PROMETHEUS the Institute of Measurement Science has
developed real-time vision technology that may be used for a driver support system [Graefe
1993]. Freeways were chosen as the principal domain for testing and demonstrating the visual
recognition of objects that are relevant for the understanding of traffic situations. The reason for
choosing freeways, in spite of the typically high driving speeds, is that the complexity of the
traffic situations and the variety of objects are much lower on freeways than on other roads.

Obstacle recognition is an essential subtask of a driver support system. (In the sequel "obstacle”
refers to any visible object on the road in front of the ego vehicle that is, or could possibly
become, a danger for the ego vehicle.) According to a concept for obstacle recognition proposed
by [Graefe 1989] the task should be decomposed into several largely independent subtasks, or
modules, including the initial detection of possible obstacle candidates, the classification of
obstacle candidates into false alarms (caused e.g. by shadows), and real physical objects, the
tracking of obstacles, etc.. A module for detecting obstacles in distances adequate for high-speed
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drivingwasintroduced by [ Solder 1992] and [ Solder, Graefe 1993], and road modulesby [ Tsinas,
Graefe 1992] and [Wershofen 1992].

A multitude of methods for recognizing obstacles in monocular image sequences has been
described intheliterature. Essentially three different classes of methods have been used. Gestalt
approaches, e.g. [Davies 1990], aim at a direct reconstruction of the 3-D world as a basis for
object recognition. Other approaches, e.g. [Enkelmann 1990], [Carlsson, Eklundh 1990] and
[Young, G. et al. 1992] evaluate displacement vector fields and the differencesin image motion
between points within the road surface and points above the road surface. Due to the large
amounts of computation required by these methods, they have not yet been demonstrated in real
timeand, thus, do not appear suitablefor vehicleapplications. Thethird class of methodsis based
on object models. According to this approach objects are recognized by certain combinations of
visible features. This may be accomplished in a number of different ways.

As one example, [Mori et a. 1989] and [Raboisson, Even 1990] first segment the image.
Irregularitieswithin theroad segment arethen taken asindicationsfor objects. Additional criteria
(edges, color, etc.) are used to minimize the frequency of false detections, while additional
sensors, such aslaser rangefinders[Alizon et al. 1990] or radars[Y oung, E. et a. 1992], may be
used to measure the distance from an object.

[Korn 1989] basesthetracking of vehicleson histograms of edge orientations. [Seitz et al. 1991]
use a hierarchically structured multi-layer representation of edge directions for building object
model s and recognizing objectsinimages. [Hartmann, Mertsching 1992] describe object images
by a"hierarchical structure code.”

[KUhnle 1991] and [Zielke et al. 1992] track vehicles on the basis of edges and symmetry.
[Graefe, Jacobs 1991], [Efenberger et al. 1992], [Solder 1992], and [Solder, Graefe 1993] detect
and track vehicles and obstacles on roads by comparing generic 2-D object models with edges
detected in image sequences. [Thomanek, Dickmanns 1992] and [Schmid, Thomanek 1993] use
spatio-temporal models for tracking objects.

2. THE CONCEPT OF OBSTACLE RECOGNITION

An object-oriented concept for dynamic robot vision has been proposed by [Graefe 1989; 1992].
It is based on the notion that the world is structured, rather than monolithic, and consists of
individual objects. Only a few physical objects in a robot's environment affect the control of the
robot in any instant.

Following this concept, the task of object recognition should, therefore, be structured according
to the relevant objects. This is done by associating one individual object process within the vision
system with each relevant external object. The following object processes are needed for
recognizing obstacles on roads (Figure 1):

» Recognition and tracking of the road (because only objects that are actually sizuated on the
road are relevant as obstacles)

» Detection of obstacle candidates (the corresponding object is either a hypothetical object that
has not yet been found in the image, or an object that has just been detected)

» Tracking of an obstacle; multiple copies of this process may exist in the system to allow
multiple obstacles to be tracked simultaneously.
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Figurel
Structure of an object-oriented obstacle recognition system

Each object process receivesimage data (pixels) from the video section of the vision system and
continuously generates adescription of its assigned object. All object descriptions are evaluated
by the situation assessment module and combined into a situation description. Depending on the
perceived situation, vehiclecontrol commandsor messagesfor the human operator may beissued.

Step by step the information contained in the pixelsis transformed into more and more abstract
forms. Starting with a large number of pixels a chain of data fusion processes eventually leads
to a description of an object or a situation. At each step specific knowledge in the form of
appropriate modelsisintroduced into the process (Table 1).

At thefirst step, thefeature extraction, groups of pixelsare combined into features, such asedges
or corners. Knowledge about characteristics of the camera and of the features being searched is
used in this process. Feature extraction may be supported by the next higher level in the
processing hierarchy, the 2-D object level.

Here, knowledge about the visual appearance of specific physical objects is used to generate
hypotheses regarding the nature of the object being seen and expectations as to which of its
features should bevisible, and wherein theimagethey should show up. Feature extractionisthus
not aform of schematic image processing, but part of amodel- and knowledge-based hypothesis
verification or falsification process; itstask isto provide answersto very specific questionsasto
the presence and location of certain expected features in the image.

A very robust image interpretation may be realized by such an interaction between the feature
extraction and the 2-D object levels. It ispossibleto add additional 3-D or 4-D (spatio-temporal)
levelsif adescription of the 3-D shape of physical objects, or of their motions, is desired.
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Tablel
L evelsof Modeling and Data Fusion

Model Level Data Fusion Performed at that Level
groups of pixels
feature - elementary features

- complex features

groups of features

2-D object ]
- 2-D objects

2-D objects, time, sensor data

4-D object )
- 4-D objects

. o robot state, external objects
environment and situation o
~ Situation

3. THE FALSE-ALARM PROBLEM

For reasons of safety an obstacle detection system must be perfectly reliable in the sense that it
never fails to detect any obstacle that is actually present. Moreover, in order to alow atimely
reaction, obstacles must be detected while they are still far away. These requirements make it
practically unavoidable to generate fal se alarms occasionally, caused, for instance, by shadows,
dirt, markings or patches on the road surface.

Although false alarms are not directly dangerous they must be processed and, thus, constitute an
unnecessary load for the vision system. To minimize thisload, false alarms should be identified
and discarded as quickly as possible.

Distingui shing between actual obstaclesand shadowsiseasy in many cases, but sometimesit can
be extremely difficult. We use a set of heuristics to reject most shadows within the detector
module as quickly as possible. Therefore, al alarms reported by the detection module are
classified by matching the visible features that have been detected in the image against generic
2-D models of obstacles. If afairly good match is possible, the obstacle candidate is accepted as
an actua obstacle. Thisdecisionisfinal.

If, onthe other hand, the detected features do not match the expectations derived from the model,
the obstacle candidate is considered a possible false alarm. A final rejection, however, does not
occur at this point. Rather, the detector is requested to report the same obstacle candidate again
if it can be detected in one of the subsequent images. Due to the motion of the vehicle the
subsequent images will differ from the previous ones in respect of perspective, specular
reflections, occlusions, etc., and, accordingly provide an independent chance to recognize an
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actual obstacleif thereisone. A final rejection thus occurs only if an obstacle candidate has been
classified many times and has not been accepted even once.

If the time required for one cycle of detection and rejection is short, many independent images
may be analyzed while approaching an obstacle candidate. The probability of rejecting an actual
obstacle isthen very small. On the other hand, it is possible that oncein awhilefalse alarms are
accepted as an obstacle. They must be rejected during tracking.

4. GENERIC 2-D OBJECT MODELS
4.1 Effects of Distance on the Visual Appearance

As Figure 2 shows, the visual appearance of an object depends strongly on the distance from
which it is seen. Moreover, for a given camera and object the area of the object’s image is
inversely proportional to the square of the distance.

Images of nearby objects are clear with large contrast and many visible details. Many features
may, therefore, be detected in such an image. A lateral motion of the object causes a significant
motion of itsimage.

Images of distant objects have alow contrast and do not display much internal structure. Their
contours tend to be somewhat blurred. Because of their small size and low contrast hardly any
internal features can be detected. Rotation of the camerais the dominating cause for motions of
objects in the image.

In an intermediate range of distances the contours of objects tend to be clearly visible, but the
object images do not have much internal structure. Motions of the cameraand of the objectshave
similar effects on the motions of the image.

Because of these differences specific models are used to model the appearance of physical
objects, depending on their dis-
tance. Themodelsinclude anum-
ber of free parametersin order to
let them match objects of differ-
ent shapes. Therefore, they are
called generic object models.

Symmetry axis

42 The 2-D Modd for the
Near by-range

Most of the obstaclesthat exist on
freeways display a nearly rectan-
gular contour with vertical and
horizontal sides when seen from
an approaching vehicle. There-
fore, partsof rectangular contours
are searched in the image.

Figure2 _ _ Characteristic points on the con-
Different 2-D object models (top) takeinto accountthe  toyr that may be used for an ob-

S gnlfl cant differencesin theappearanCEOf nearby (l Eft) Ject descri pt| on arethe cornersor
and far away (right) objects.
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the centers of the sides of the rectangle. The upper part of an obstacle is often seen before a
structured background, such astrees, mountains, or other vehicles; thismakesit difficult tolocate
the upper part of the contour in the image. Usually numerous horizontal edges are visible, and it
isnot easy to determine which oneisthe upper edge of an obstacle. Thelower part of the contour
is usually seen before the surface of the road and may, therefore, be detected and tracked more
easily. Recognizing only theleft, right, and lower edgeis sufficient for tracking the object in the
image and for measuring its distance. Therefore, only these edges are looked for in the image.

Nevertheless, the large number of features that are often visible in the images of nearby objects
makesit difficult to single out those bel onging to the contour of the object. A statistical approach
was chosen to solve this problem.

The image of a typical object contains a number of homogeneous areas, delimited by
approximately vertical edges. Many of these homogeneous areas begin, or end, near the left and
right contours of the object. In an area of interest that encloses the image of the object candidate,
the left and right ends of homogeneous areas, and their centers, are counted in each image row.
Local maxima of the distribution of these features indicate a possible location of the object
contour and its center line. Combining these yiel ds strong expectations where the contours of the
object should be found in the image. Vertical edge detectors based on controlled correlation
[Kuhnert 1986] arethen appliedinthevicinity of the expected contoursto find the exact | ocations
of the contours.

Generally, the lower edge of an object isdistinctly visible. In case of vehiclesthe lower edge of
the shadow underneath the vehicle is taken as the lower edge of the object. It may usually be
detected reliably and robustly because the shadow appears much darker than the pavement.

4.3 The 2-D Model for Distant objects

Images of distant objectsaretypically small and of low contrast (Figure 2). Only few featuresmay
beextracted; therefore, astatistical approach isnot feasiblefor recognizing such objects. Theleft,
right, and lower edges are detected directly by applying suitable edge detectors.

Due to the large image motions induced by unavoidable camera motions, the tracking of distant
objects would not be robust if it were based only upon a few local edge elements. Using
additional features, suchascornersand symmetry, improvestherobustness. In contrast tothenear
range where, due to the high spatial resolution of the image, object contours rarely contain any
sharp corners, corners may be detected robustly in the far range. Specific corner masks are used
for detecting the lower left and right corners of objects by the method of controlled correlation.

The images of many distant objects, including the rear-views of vehicles, have a vertical
symmetry axis. Symmetry is, therefore, included as an additional feature in the object model. In
the near range symmetry would be difficult to detect because of the many visible details, and
finding asymmetry axis would be time-consuming due to the large areas in theimage that must
be processed. In the far range, where object images are small and do not contain many features,
symmetry detection is fast and robust.

5. DETECTING VERTICAL SYMMETRY AXES Numerous methods for detecting and
exploiting symmetry have been proposed. If object contours have been determined and converted
into B-splines, symmetriesmay be extracted according to [ Saint-Marc, Medioni 1990]. A method
for detecting symmetries of polyhedrical objects has been described by [Jiang, Bunke 1990].
Shape recognition based on symmetry was introduced by [Yuen 1990]. [Friedberg 1986]
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concentric pairs of pixels determined symmetry by computing a mo-

ment matrix. A known symmetrical object

may be detected by convolvingitsimagewith

L1 amirror image of a model; after detection it

I I I X[ may be localized by convolving it with its
section of an image row own mirror image.

x: pixel being evaluated
All these methods presuppose agood segmen-

tation of theimage (e.g. into object and back-
ground) or have been tested only on synthetic
images or line drawings. Moreover, they
require computing times of tens of seconds.

Figure3
Pairs of pixels, centered around a pixel, X,
are evaluated. For each pair the difference
of thegrey-levelsiscomputed. Theabsolute
values of the differences are added up.
Their sum is the symmetry function at the ~ Methods that are suitable for real-time and
center pixel x. real-world applications have also been pro-
posed. [Zielke et al. 1992] determinefor each
pixel asymmetry measure, based on the even
and the odd part of the symmetry function. A symmetry-based statistical approach has been used
by [Kuhnle 1991] to determine the center of the image of a car as seen from the rear. Histograms
of symmetrical contour pixels, of symmetrical grey-level pixels, and of the lengths of horizontal
edges are computed; local maxima in all three histograms indicate candidates for a vertical
symmetry axis [Marola 1989].

In the sequel a method is described that detects individual symmetry points and then determines
image columns containing a maximum number of symmetry points. For finding a symmetry point
the even part of the symmetry function is determined. To accomplish this the similarity of grey-
levels of pairs of pixels, located symmetrically to the left and to the right of a point in question,

Is studied (Figure 3). The absolute values of the differences of the grey-levels of each pair of
pixels are added up and assigned to the pixel in question. A symmetry function is obtained by
repeating this procedure for all pixels within an area of interest.

Local minima within a row of the symmetry function indicate symmetry points; in Figure 4 the
symmetry points have been marked. Figure 5 shows the corresponding symmetry function,
computed over a 40 pixels by 40 pixels area of

Symmetry function

0 10 20 30 40
Image column
Figure5
Figure4 The symmetry function in an areaof inter-
Symmetry points determined from est covering the car in Figure 4; each

12-pixel wide environments graph corresponds to one image row.
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interest around the vehicle.

When symmetry points are searched, the width of the environment upon which the symmetry
function is based should be somewhat larger than the width of the object. However, if the
environment is chosen too large, many background pixels are included in the computation. A
strongly asymmetrical background may then severely distort the symmetry function.

6. EXPERIMENTAL RESULTS
6.1 Test Environment

A real-time vision system BVV 3 [Graefe 1990] was used for testing the obstacle recognition
system. Each of the 3 sub-processes, road recognition, obstacl e detection, and obstacle tracking,
was implemented on a separate parallel processor within the BVV 3.

The obstacl e recognition system was designed to cooperate closely with other modul esof adriver
support system, for instance modules for modeling the dynamics of the recognized obstacles.
Such a cooperation has been tested earlier and described by [Dickmanns, Christians 1989] and
[Regensburger, Graefe 1990]. Thetestsreported in the sequel were, however, performed without
any additional modules. The results may,
therefore, bedirectly attributed to themodules
described here. The situation assessment
module (cf. Figure 1) was replaced by ames-
sagepassing systemthat allowed communica-
tion between the recognition modules, but did
not perform any additional processing.

6.2 Recognition Distance

Theability to recognize obstaclesfrom agreat
distanceisof critical importancefor driving at
high speed. Experimentshave shown that cars
(moving and resting) can be tracked in dis-
tances of about 200 m; under cooperative
conditions, e.g. high contrast and little camera
motion, cars could be tracked in distances of
over 300 m. As Figure 6 shows, acar in a
distance of 300 m appears rather small in the

Figure 6

cameraimage.

The obstacle tracking module does not in-
cludeany distance measurement. Thedistance
from the obstaclewas, therefore, measured by

Passenger car seen from a distance of 300 m
through the camera of the vision system, with
overlaid markings showing the detected con-
tour and symmetry axis

external means. Visible markers were placed

on the pavement in known intervals. As this was impossible on a public road, the runway of a
closed airfield was used for the experiments to measure the maximum recognition and tracking
range.

6.3 Robustness Although the obstacle recognition system was designed for freeways, dueto the
model-based tracking module it proved to be so robust that it was aso tested on ordinary
highways and furthermorein heavy city traffic. There, other cars, aswell asthe own car, changed
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lanes frequently causing time-varying occlu-
sions, and together with structured back-
groundsand markingson the pavement gener-
ated a high degree of visual complexity. Even
in such difficult scenes (Figure 7) vehicles
could be tracked reliably over extended peri-
ods of time.

The 2-D object models employed by the rec-
ognition system assume a nearly rectangular
object contour and they have been optimized
especially for carsand trucks. Nevertheless, it
could be shown that various other objectsthat
may occasionally be seen on roads, such as
boxes, barrels and, in some cases, persons,
may also be classified and tracked. However,
tracking such objects that do not match the
genericmodelswell islessreliable, especialy  Figure 7

under conditions of poor lighting or when Tracking avehiclein heavy city traffic
they are far away and their images are small.

Increasing the repertoire of different object

models in the system should further improve the system performance in this respect.

6.3 Speed

The computing time required by a module of a real-time vision system is always of prime
importance. The cycle time of the object classifier and tracker was, therefore, measured in a
number of experiments. One parallel processor of the robot vision system BVV 3 using an Intel
386/20-MHz CPU, augmented by aspecial co-processor for fast featureextraction [ Graefe, Fleder
1991], was used as a hardware platform in the experiments. The basic cycle time of the vision
systemistheimagefield period of the camerasvideo signd, i.e. 20 ms. Thus, al cycletimesare
integer multiples of 20 ms.

Tracking adistant object requires always less than 20 ms of computing time; the cycletimeisin
this case 20 ms.

Thetimerequired for tracking anearby object depends on the size of itsimage (see Table 2). On
freewaysthe cycletimeisusually between 40 and 60 ms. Only when the distance to the preceding
vehicleisexceptionally short, e.g. in stop-and-go traffic, acycle time of 80 ms may be observed.
In such situations it would be preferable anyway to evaluate the image of awide-angle camera
instead of the telescopic image used, because the lower edge of the vehicle may not even be
visible if avehicle in such a short distance isimaged by the tel escopic camera.
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Table2
Cycletimesfor tracking near by-objects
Object width Cycletime
< 45 pixels 40ms
45 — 90 pixels 60 ms
90 — 120 pixels 80 ms

6.4 Reliability of Classification

Parameters such as scene complexity or image quality that are essential for judging the
performance of the tracking module are difficult to define quantitatively. Therefore, long image
sequences covering awide variety of situationswere evaluated. A 20-min run on afreeway may
be used as an example. It included 60,000 images processed in rea time without any pre-
selection.

Goal of the classification of obstacle candidates is the discrimination between false darms and
actual obstacles. It should be remembered that primarily it must be avoided to ever mistakenly
reject any actual obstacle as a false alarm. (The other type of misclassification, accepting a
shadow as an obstacle, is much less dangerous.) Table 3 shows the results obtained during the
test.

All objects that were reported by the detector were correctly classified, and only a very small
fraction of the system resources were wasted tracking false alarms.

Table3

Results of object classification during a 20-min run on a freeway

Number of actual objects misclassified asfalse darms 0
Percentage of false dlarms immediately 67%

that were correctly

rejected within afew seconds of tracking 33%

Number of final misclassifications 0
Fraction of time spent tracking false alarms 1.3%

6.5 Quality of Tracking

Becausethetrue motionsof the objectstracked in natural sceneswere not measured, itisdifficult
to determine the quality of the tracking, or the accuracy of the localization of object features,
guantitatively. Figures 8 and 9 areintended to give at | east aqualitative impression of the quality
of tracking.
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Theranges of applicability of the two models, for the near range and for the far range, overlap to
alarge extent. Thisalows adirect comparison between the two models by using an object in the
overlap range. In each of the Figures, 8 and 9, the left graphs show the image coordinates of the
two sides of acar drivinginfront of the vehiclewith the camera. Theright graphs show thewidth
of the car'simagein pixels. The scenewasrecorded on video tape whiledriving in acar, and then
evaluated in real time in the laboratory, using the methods for the near range (Figure 8) and for
the far range (Figure 9) on the same anal og data.

Both methodsyield nearly identical results. The method for thefar rangeyieldsslightly smoother
curves (in both cases raw, unfiltered data are shown). Thisis probably due to the robust locali-
zation of thelower corners. Altogether both curvesindicate that the unfiltered measured dataare
consistent and free from significant outliers, in spite of the image deterioration caused by the
video tape recorder. This may be taken as evidence for arobust tracking.
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Results of tracking a car in an intermediate distance range using the
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7. SUMMARY

As an essential part of a driver support system for road vehicles a module for the robust
classification and tracking of objectson roads has been realized. Obstaclesarerecognizedinreal
timeand from great distances (200 to 300 m) asrequired when driving at high speed on freeways.
The obstacle recognition module was originally designed for the relatively simple scenes on
freeways, but it has proven sufficiently robust to allow the tracking of moving vehiclesevenin
heavy city traffic.

The module is based on generic 2-D models optimized for the rear views of cars and trucks.
However, the generic model s are sufficiently general to also allow thetracking and classification
of various other objects that may occasionally be encountered on roads. For a truly reliable
recognition of arbitrary objects the repertoire of internal object models should be expanded.
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