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ABSTRACT
Cars will eventually be equipped with a control sys-
tem to either warn the driver when he gets too close
to another car, or even to keep him automatically at
an adequate distance.

In both cases automatic traffic scene analysis will be
needed. We want to base this on a new optical range
sensor which acquires distance and intensity infor-
mation. We present a detection and tracking scheme
which is fast, simple and operates with a small basic
instruction set. Our region growing algorithm en-
sures robust segmentation and detects objects even
in ambiguous data.

Objects are represented by bounding boxes and
tracked along the image sequence. The tracking
process also provides the velocities for calculating
the time to collision with each object.

We show results of some experiments with simu-
lated traffic scenes.

INTRODUCTION
Modern everyday life is characterized by an ever
increasing interaction between man and machines,
leading to a growing number of potentially harm-
ful situations for human beings. When using pub-
lic or private transportation systems (cars, trains,
buses, etc.), the health of users might be endan-
gered through accidents, malfunctions or human
oversight. Traffic surveillance systems and smart
cruise control systems are of increasing interest.

These problems are being attacked by a number of
research groups. Most approaches use black and
white or color cameras. Obstacles are detected by
their shape (certain edge configurations [1] or sym-
metries [2]), by stereo [3, 4] or by motion [5, 6].
Others have worked with radar, infrared and range
sensors [7].

The MINORA project (a Swiss priority program of
OPTIQUE II, funded by the ETH Council) aims to
develop a new optical matrix range sensor work-
ing in the near infrared which should be fast and
cheap. It will be mounted on a car and acquires
distance and intensity images of the traffic scene in
front of it. We introduce a segmentation and track-
ing scheme that makes use of both sources of in-
formation. The developed algorithms have to pro-
cess the distance and intensity images in millisec-
onds and must be simple enough to be implemented
on dedicated hardware.

Our approach is based on region growing. It is not
possible to obtain a successful segmentation on ei-
ther the distance or the intensity image alone. On
the other hand, the simultaneous use of both data
sources can result in an oversegmentation of the
scene. However, we propose to exploit the respec-
tive advantages of the two types of data in a hierar-
chical scheme.

Each detected object has size, 3D position and ve-
locity vector as attributes. This information is al-
ready sufficient to track the objects in consecutive
images.



SIMULATING THE SENSOR
Our work is based on novel types of active ranging
techniques [8, 9] (coded time-of-flight or AM laser
radar) with which we can measure distances of up
to
�������

and at an accuracy of about
���
	��

. Typi-
cally, the range sensor has a low angular resolution
and covers an angle of about � �
��� horizontally and
about � ��� vertically. The developed segmentation
algorithms have to deal with small, spatially under-
sampled, incomplete and ambiguous data.

As it will need some time until the project partners
can provide the first real range data, we have written
a simulation package to generate artificial data. This
data can be used to develop and test the segmen-
tation and target tracking algorithms. We simulate
a virtual world in which a car containing the range
sensor is driven through scenery that includes roads,
hills, trees, houses, as well as vehicles. The range
sensor is virtually placed in the reference car and
calculates the distance and intensity images at given
time intervals. The distance image is directly calcu-
lated from the information in the scene and a noise
model can be added to create more realistic data.
The intensity image is calculated using a common
computer graphics illumination model [10, 11].

SEGMENTATION BY REGION
GROWING
Region growing is a simple method for image seg-
mentation [12, 13, 14]. Many algorithms have been
proposed based on region growing which use one or
several uniformity criteria to compare the character-
istics of a pixel and its neighborhood.

In our implementation we use the pixel values (in-
tensity or distance values). � is the mean of a
region, which is updated whenever a new pixel is
added to the region.
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The value of the current pixel is � �"!(#%$�& and
�

is
the number of pixels which already belong to the
region. Basically, the growing starts at a seed pixel

and new neighboring pixels are included if they ful-
fill the criterion
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To find all homogeneous regions in an image we
start with the pixel at the top left corner. All pix-
els which belong to the region will be marked. To
determine the next region start pixel, we look from
left to right, top to bottom for the first non-marked
pixel in the image. The segmentation results below
are represented by assigning different color levels to
different regions.

Intensity Images
Using the region growing algorithm on our inten-
sity images, we obtain a number of homogeneous
regions for the background, the bodywork, the li-
cense plate and the reflectors of the car. It is de-
sirable to find a homogeneous region for the back-
ground which makes object tracking much easier.
How many different regions of the car are detected
depends on
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(Fig. 1).
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Figure 1: a: Intensity image; b: Segmented
image with
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which is about 4�5 of the

maximal received intensity; c: Segmented im-
age with
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Distance Images
We can apply the region growing algorithm also to
the distance image. Here, we detect the car as one
object; but we obtain many regions for the road and
the ground, which we would prefer to avoid (Fig. 2).
We are just interested in detected objects on or be-
side the road. The advantage of using the distance
image is that we obtain a uniform region for the de-
tected car.
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Figure 2: a: Distance image; b: Segmented
image with
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Intensity and Distance Images
Using the intensity and distance information to-
gether in the region growing algorithm (two condi-
tions have to be fulfilled), we have to cope with the
disadvantages of the segmented distance and inten-
sity images. We get subdivisions of the car, the road
and the ground (Fig. 3).

HIERARCHICAL APPROACH
For the image segmentation we would like to com-
bine the advantages of the two data modalities.

Our approach is to segment first the intensity image
and then refine the result using the distance image.
Two types of errors occur:

1. A single object is segmented into different
regions because its parts have different re-
flectance properties.

2. Several objects are recognized as one region
since they have similar intensity values and
are close to or occlude each other.
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Figure 3: a: Distance image; b: Intensity im-
age; c: Segmentation using both images simul-
taneously with

/ � � ����� �
and

/61 � ���98
which

is about
	�	 5 of the maximal received intensity;

The first problem is solved by calculating a mean
distance for each region and then combining close
regions with a similar mean distance (see Fig. 4).

For the second problem the regions obtained from
the intensity image are segmented again, this time
using the distance image (see Fig. 5). Regions be-
longing to the background or road are identified as
such and therefore not subject to a second segmenta-
tion step. On the one hand we can extract them with
a threshold or we are able to localize the ground,
as we know the sensor geometry with respect to the
road.
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Figure 4: Combining neighboring regions with
approximately the same mean distances.
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Figure 5: From one homogeneous region –
which we get from the region growing algorithm
on the intensity image – we get two detected
regions on the corresponding distance image.

TRACKING
Two factors make tracking difficult in our case: spa-
tial undersampling and mutual occlusion of vehi-
cles.

1. Undersampling has the effect that we can not
always detect small objects (e.g. a road post)
in consecutive frames. When the object reap-
pears later it will be regarded as a new object.

2. The positions and sizes of occluded objects
change considerably and the tracking process
becomes more difficult.

We use the bounding box of a region for object
representation thus simplifying object management.
Additionally we calculate the 3D center of gravity
and the velocity vector �� . Two objects in successive
frames are matched if their 2D bounding box cor-
ners and the 3D centers are not further apart than a
specified distance
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, respectively
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. We com-

pare the expected 3D center of gravity ���� and the
actual center �	
� at time � .
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For a new object where we can not yet calculate
the velocity vector, we look at the displacement be-
tween the 3D centers of gravity �	
�
� � and �	�� , and
compare this to a threshold � .
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The high frame rate and the comparatively small rel-
ative velocities limit the distance a vehicle can move
between frames. The tracking in a 3D object coor-
dinate system increases the stability of the method.

The tracking process provides the velocities of the
objects. Together with the distance this information
can be used to calculate the time to collision which
triggers a warning signal for the driver or reduces
the speed of the car.

RESULTS ON THE SIMULATED
RANGE IMAGES
We have tested our system on several simulated im-
age sequences and present here the results of one
250-frame sequence.

In Fig. 6, from left to right, we see the simulated
traffic scene, the calculated intensity and distance
images, and the detected objects represented by
their bounding boxes. Tracked objects can be recog-
nized by having the same color value of the bound-
ing box in consecutive frames. Our reference car
has a speed of 40 km/h, the red car drives at 45 km/h
and the velocity of the white car is 50 km/h. This se-
quence has a frame rate of 25 images per second and
an image size of

	 8�� 7��
pixels. The range sensor

has a relatively narrow field of view (
��	���� � �.�
���

)
whereas the driver has a wider field of view.

Exactly as the real intensity the simulated inten-
sity depends on the distance of the viewed ob-
jects. Therefore, with increasing distance the car
gets darker in the intensity column. The intensity of
the reflected light limits the seeing distance of the
range sensor (not considering resolution effects).

At frame 27 we get approximately the same inten-
sity for the dark and bright car. Our system solves
this ambiguity by using the distance information
and continues tracking without any difficulties.
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Figure 6: a: Frame 3; b: Frame 15; c: Frame 27; d: Frame 39; e: Frame 51; f: Frame 63;



CONCLUSION
We designed a robust system for detecting and
tracking vehicles in front of a reference car. The
problems of undersampled, incomplete and ambigu-
ous data is solved by a hierarchical approach with a
simple region growing algorithm, which is fast and
allows to keep the instruction set of the processor
simple. The objects are represented by their bound-
ing boxes. The 3D center of gravity, the velocity
vector and the 4 corners of the box help to track the
objects.
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