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Abstract. Most approaches for vision systems use greyscale or color
images. In many applications, such as driver assistance or presence de-
tection systems, the geometry of the scene is more relevant than the
reflected brightness information and therefore range sensors are of in-
creasing interest.

In this paper we focus on an automotive application of such a range
camera to increase safety on motorways. This driver assistance system
is capable of automatically keeping the car at an adequate distance or
warning the driver in case of dangerous situations.

The problem is addressed in two steps: obstacle detection and tracking.
For obstacle detection two different approaches are presented based on
slope evaluation and computation of a road model. For tracking, one
approach applies a matching scheme, the other uses a Kalman filter.
Results are shown for several experiments.

1 Introduction

Modern everyday life, characterized by an ever increasing interaction between
man and machine, leads to a growing number of potentially harmful situations
through accidents, malfunctions or human oversight. Related to this is our inves-
tigation into reliable presence detection systems based on coarse range images.

In the project MINORA, which is part of the Swiss priority program OP-
TIQUE II, a universal miniaturized optical range camera is developed [18,19].
This new sensor, working in the near infrared, will be fast, cheap and can supply
3D information with high accuracy. Necessary trade-offs however, mean that the
sensor provides range images which are coarse (resulting from the need for inex-
pensive sensor and computing hardware) and incomplete (due to insufficient or
saturated reflections from targets). For measuring distances ranging from a few
meters to a few hundred meters the sensor is restricted to a narrow field of view.
As a consequence the entire road width is within the sensor’s field of view at a
distance of about 20 meters. Accordingly, we focus on well ordered environments
such as motorways where this restriction is tolerable.

Two main applications of the universal range camera are targeted in the
project MINORA:



1. Automotive applications such as driver assistance systems with distance
measurements of some hundred meters and a relatively narrow field of view
to increase safety on motorways.

2. Safety and surveillance applications, such as the control of automatic sliding
or revolving doors with distances of a few meters and a wide field of view.

While other project partners work on the electro-optical and computing com-
ponents of the proposed sensor, our task is the development of algorithms for
the interpretation of coarse and incomplete range image sequences. Although
the sensor used in both the safety/surveillance and the automotive applications
is the same, a discussion of the theory behind both applications is beyond the
scope of a single paper. In the following we focus on the automotive application.

The aim of this paper is to present and discuss different methods for obstacle
detection and tracking for a driver assistance system based on coarse range
image sequences. Robust obstacle detection and tracking is performed to ensure
collision avoidance. All potential obstacles have to be recognized within the
scene. Two obstacle detection methods based on vertical slope evaluation and
computation of a road model are presented. Furthermore, obstacles have to be
tracked over time employing a matching scheme or Kalman filtering to predict
dangerous situations. Due to the availability of 3D information and low resolution
of range images a processing in real-time is ensured for all approaches at any
discrete point of time.

We show results with simulated and scaled range images. Real data will be
available later in the project.

2 Types of Range Images

Range imaging is a key technology for many applications where it is important
to know the geometrical description of the observed scene. Although several
measuring techniques exist, for example, stereo, structured light, triangulation,
structure from motion, range from focusing, and time of flight, the literature is
not too abundant. The techniques can be classified as either active or passive,
where active methods involve a controlled energy source. Some ranging systems
have already been successfully applied to niche applications, but none can claim
to be a universal sensor.

Only little research was done on the interpretation of range image sequences
for outdoor applications such as intelligent cruise control. Table 1 gives examples
of current research on this topic and summarizes the advantages and disadvan-
tages of different kinds of range sensors. To the knowledge of the authors, they
have not been described and discussed in sufficient details in the open literature.

As can be seen in Table 1, the optical range camera that is developed within
the MINORA project is, due to synchronous image sensing, well suited for auto-
motive applications. Like other laser range scanners it is insensitive to ambient
light and weather conditions and provides range data with a high accuracy in a
short acquisition time. But novel algorithms have to be developed to handle the
low resolution and incompleteness of the range data.



Table 1. Comparison of different kind of sensors

|Sensor [Lit. |Advantages [Disadvantages
Stereo vision |[3] - high resolution - sensitive to illumination
- brightness and range - calibration necessary
information available - correspondence problem
Light stripe |[1] - high resolution - restricted to indoor appl.
range scanner - dense depth map - calibration necessary
- sensitive to illumination
- long acquisition time
Depth from |[2] - low cost - low accuracy
motion - dependent on motion segm.
- sparse depth map
Millimeter-  |[15], [21]|- long distance detection - long acquisition time
wave radar - high accuracy (for imaging radar)
- insensitive to weather cond. |- incomplete data
- high cost
Ultrasonic [14] - low cost - low lateral accuracy
sensor - sensitive to wind
- short distance measure-
ment
- incomplete data
Mechanically |[5], [20] |- long distance measurement |- long acquisition time
scanned - high accuracy - incomplete data
optical radar - insensitive to weather cond. |- high cost
Optical range |[11],[16], |- low cost - low resolution
camera with |[17] - high accuracy - incomplete data
synchronous - insensitive to weather cond.
image sensing - short acquisition time

3 An Automotive Application

Vision based driver assistance improves traffic safety by warning the driver, e.g.
by an acoustic or visual signal, in case of dangerous situations. An example for
a scenario, in which range imagery is used for vision based driver assistance, is
depicted in Fig. 1. As can be seen, a range camera, is fixed near the front bumper
of a vehicle and acquires a stream of range images over time. The field of view of
the range sensor is described by the angular width of image sensing. Assuming
a geometry of the sensor as shown in Fig. 2, ¢ denotes half of the angular
width in vertical direction and 8 denotes half of the angular width in horizontal
direction. Collision avoidance, then, is a sequence of operations including obstacle
detection and tracking. In obstacle detection, the vision system checks if there
is any object in the sensor’s field of view that interferes with the path of the
sensor vehicle. Such obstacles may be static or mobile. For obstacle tracking a
sequence of frames is considered and feature correspondences are determined to



Fig. 1. Using range imagery for vision based driver assistance (with friendly permission
of A.D.C. GmbH, Germany)

derive a robust estimation of the positions of obstacles and information about
their temporal behaviour.

3.1 Obstacle Detection

Obstacle detection schemes for natural environments should be able to detect
obstacles of any shape, e.g. cars, pedestrians, posts, trees, bushes and traffic
signs. For that purpose a general obstacle model seems to be more appropriate
than several specific 3D object models.

In the context of automotive applications, an obstacle can be defined as any
region the sensor car should not traverse. This criterion can be examined in two
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Fig.2. Geometry of sensor: (a) vertical angular extent and (b) horizontal angular
extent (top view)



Fig. 3. Geometrical relationships for radial slope computation

different ways. On the one hand, the traversability of the environment in the
sensor’s field of view can directly be checked by slope evaluation. In this case a
region with steep slope indicates the presence of an obstacle. On the other hand
obstacles lie on top of the road. From an estimate of the location of the road we
can separate the image into ground and obstacles. Both approaches allow robust
obstacle detection and, combined with a tracking scheme, they can be employed
for collision avoidance.

Radial Slope A straightforward approach to checking the traversability in the
sensor’s field of view is the evaluation of the slope of a region. It can be computed
very efficiently in radial direction. Thus determining a region with steep slope
indicates the presence of an obstacle.

Also in [5] obstacles are defined as untraversable areas. An ideal obstacle
detection method which uses a complete vehicle model is applied to continuous
range data. Specific features, such as discontinuities and slope, are extracted
to indicate an obstacle. In [22] partial derivatives of the range in a spherical
coordinate system are used to indirectly measure the Cartesian slopes. This
approach is used for obstacle detection by an autonomous car.

Based on the sensor geometry illustrated in Fig. 2, for each pair of two
vertically adjacent laser beams with depth r(¢) and r(¢ — A¢), respectively,
slope 8 can be computed based on the following relationships:

B=v—¢ (1)

P =180° — v (2)
r(¢ — Ap) - sinA¢

(¢ — A9) - cosAp —r(9)

The geometrical relationships for radial slope computation are illustrated in

Fig. 3. In our approach obstacles are detected in range image sequences by first

computing the radial slope in vertical direction for each pixel. If the slope value
of a pixel exceeds a predefined threshold, the pixel is labeled as belonging to

tany = —tany =
r



Fig. 4. (a) Range image, (b) radial slope image, (c) thresholded slope image, (d) con-
nected components

an obstacle. Experiments showed that the definition of this threshold, which
characterizes non-traversable object areas, is not critical. We have decided to
define it as 25 degrees. A region growing step is applied next to determine regions
of steep slope. Since obstacles may have flat surface parts in between steep
surface parts, the detected regions are taken as start regions for a connected
component analysis. The objective of our connected component analysis scheme
is to determine point clouds that are connected in 3D space and that have at
least one part with steep slope. For that we consider neighborhood in depth and
neighborhood in 2D image space as well as height information as features. Thus
flat surface parts of an obstacle are merged as well as steep surface parts.

Results for an example scene are shown in Fig. 4. In Fig. 4a the original range
image, with range values encoded as greylevels, is shown. The scene contains two
cars with one of them driving ahead of the sensor car and the other car driving
in the oncoming traffic. On the right side of the road, two posts can be seen.
The computed radial slope image is illustrated in Fig. 4b. In this image, slope
is encoded as greylevel: A slope of 0° is represented as medium greylevel, and
positive (negative) slope as brighter (darker). It can be seen that, depending
on the shape of a car, different parts of the same car may have different slope
values. The road has a slope value of almost zero degrees. The thresholded slope
image is shown in Fig. 4c. As can be seen, pixels belonging to the cars are
labeled as obstacles. Also the posts are detected as obstacles. Road pixels are
eliminated and thus correctly classified as belonging to a traversable object. The
detected connected components are shown in Fig. 4d. Both cars and the posts are
correctly detected as obstacles. Due to the fact that slope values can be computed
in radial direction, the obstacle detection scheme using radial slope is of low
computational complexity. By performing a connected component analysis it is
ensured that obstacles are detected in their entire size even if obstacles have flat
surface parts in between. Furthermore the connected component analysis in 3D
space increases the robustness against noise since simple slope computations are
sensitive to noise. However at least two valid depth measurements in neighboring
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Fig. 5. Separation of image feature

rows are necessary to detect an obstacle. A more detailed description of the radial
slope approach for obstacle detection can be found in [17].

Separating Plane In this alternative approach, the knowledge of the geome-
try of the sensor with respect to the road is used to separate image features into
ground and obstacles introducing a separating plane. We make the assumption
that the road can be locally modeled as a plane, and determine a depth map
of a slightly steeper plane than the current road model (rotated by 0.5°). The
center of rotation is placed vertically under the range sensor (see Fig. 5). Upon
initialization the road model is assumed to be horizontal and the sensor has a
height h. Using an inclined plane has the advantage that noisy ground pixels
and small road elevations are less likely erroneously identified as obstacles. It is
better to use a rotated instead of a vertically shifted plane as our expected noise
depends on the depth. Consequently, near and potentially dangerous obstacles
are completely detected whereas objects far away may be lost. Although hard-
ware limitations allow the development of only a simple road model (e.g. limited
field of view and range), this is sufficient for our purpose.

Similar systems, also using a road model, have been proposed in the litera-
ture. The approaches described in [4] and [10] use the disparity obtained from
stereo image pairs to distinguish features painted on the road and obstacles ly-
ing on the ground. The lane markings are detected and used to update the road
model and the geometric parameters of the stereo cameras. In comparison to
these methods we process much smaller images and 3D information for each
pixel is directly available. On this basis, all the extracted 3D ground pixels are
used to update our simple road model. Given our coarse images, it is not feasible
to use a more complex road model like the one described in [6].

We determine a depth map by calculating the distances the sensor would
measure if only the separating plane were seen. By comparing the measured
depth values (see Fig. 6a) with those from the depth map, we can separate
image features into ground and obstacles. Pixels with a smaller distance belong
to an obstacle, while larger distances are assigned to the ground (see Fig. 6b,c).

However, the car suspension and the road inclination may alter the geometry
of the road model, with small differences potentially producing large errors in
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Fig. 6. (a) Range image, (b) obstacle detection, (c) road/ground detection, (d) con-
nected components, (e) connected regions

the separation of the image features. Therefore, the parameters are updated by
fitting a plane through all pixels marked as ground. We use the least squares
method which minimizes the sum of the squares of the residuals.

As we are dealing with incomplete data, we might not always have enough
pixels to get a robust result. Even if we have enough pixels to perform the fit
(> 3) it can still be insufficient because of incorrectly classified pixels. Therefore,
we calculate the mean distance q of the extracted ground pixels to the fitted plane

_ L ZE
q= N (4)

where N is the number of defined ground pixels and d; is the distance of each
pixel to the plane. If this measure is higher than a specified threshold, the plane
fit is insufficient and the update of the geometric parameters is not reasonable.
In this approach the threshold is set to 0.5m.

An update of the current road model is not necessary for each frame. Noise
and roughness of the road should not cause an adaption of the geometric pa-
rameters. The following two properties are used to decide if an update should
be made:

1. the number of ground points
2. the quality of the plane fit.

All distances which are smaller than the depths of the separating plane char-
acterize obstacles which we group into different objects. This is done by con-
nected component analysis (see Fig. 6d). We use spatial coherence to identify



regions from the depth information. First, we are looking for connected com-
ponents in the 8-neighborhood in the image plane. In the depth dimension a
neighboring pixel is connected if the difference in depth is less than a threshold.

As we have to deal with incomplete data and occlusion, it is possible that
an obstacle will be split into different disjoint regions. If two regions belong
to the same obstacle, they must be close to each other in 3D space. For each
pair of regions we determine a probability measure by the prozimity and depth
similarity. This measure corresponds to the likelihood that the regions belong
to the same obstacle. They are merged if this probability measure is larger than
a specified threshold. In Fig. 6e we see the result after combining close regions
where the roof and the body of the oncoming car are merged to one object.

Within the separating plane method, the choice of a rotated plane eliminates
the problems of noise and uneven roads. The method can also adapt itself to
changes in the environment. On the other hand valid ground pixels are required
to perform an update of the current road model. A flat angle of incidence or a
rough road surface may cause a insufficient reflection of the light. More detailed
information about this approach can be found in [12].

3.2 Tracking

Robust tracking schemes for driver assistance and traffic surveillance have to
cope with several problems, such as occlusion, new appearance, and disappear-
ance of scene objects. Furthermore, system and measurement noise corrupts the
data and thus a tracking mechanism should not rely on perfect data or perfect
low level processing.

However, the use of 3D data allows to treat these problems since accurate
information about the geometrical arrangement is available. Thus the search
space for finding correspondences between consecutive frames can be restricted
to a small depth slice. In this paper two tracking schemes are reported. The
first is a matching scheme using temporally local and global processes. Secondly
Kalman filtering is described. It finds the most likely estimates of the states of
obstacles. Both approaches results in a list of tracked obstacles.

Due to the low resolution of our data, the tracking schemes have to deal
with the problem that narrow obstacles, e.g. posts and trunks, are only visible
at times. Such obstacles can be tracked by means of aging. That means each
obstacle is attached an age as attribute. Age is initialized by zero and reset to zero
if a correspondence is found. If an obstacle disappears, its age is increased by one
and its parameters are updated with estimated values which can be computed
by the Kalman filter or by a weighted regression method. The tracking process
continues if the obstacle reappears within a certain time interval. Otherwise,
if its age has exceeded a certain threshold, it will be removed from the list of
tracked obstacles.

Results of both tracking schemes show that obstacles can be tracked even
under difficult conditions.



Matching features A successful way of determining the position of an obstacle
at the next frame is to find feature correspondences in consecutive frames. In
this procedure the use of 3D data is an enormous advantage since the search
for correspondences can be restricted to a small depth slice. To allow robust
long-term tracking of obstacles, knowledge over larger time intervals has to be
acquired as well. Thus our tracking scheme employs temporal global processes,
such as the prediction of 3D positions, aging, and global merging of obstacles.

A region-based matching approach is also presented in [1]. At each point
of time height maps are computed and segmented into unexplored, occluded,
traversable or obstacle regions. Then height maps of consecutive frames are
matched in order to estimate the vehicle motion and to find moving objects. Also
in [13] feature correspondences are determined to track independently moving
and deformable objects. The correspondence problem is solved locally by assign-
ing individual trackers to each feature and searching for the correspondence in
a small region-of-interest around the feature’s next predicted position.

In our approach correspondences between obstacle hypotheses Hffl, i =
1,..,m that were stored at time ¢ — 1 and connected components C’;, i=1.,n
that were detected as obstacles at time ¢, are determined. To simplify the cor-
respondence problem, we make use of the maximal possible displacement (Fig.
7a), of similarity in object parameters (Fig. 7b), of continuity in motion (Fig. 7c)
and consistency of matching (Fig. 7d). In the first step, connected components
that are located in the relevant depth slice and image space are determined for
each hypothesis H f‘l. The boundaries of the relevant depth slice can be deter-
mined based on the maximum speed of cars and the frame rate. Assuming a
maximum speed of 200 km/h and a frame rate of 25 frames/sec, a displacement
of 2.22 meters for vehicles driving ahead and a displacement of 4.44 meters for
oncoming vehicles is possible. Thus the relevant depth slice can be restricted to
[-4.44 meters, 2.22 meters] surrounding the obstacle hypothesis.

The definition of the relevant image space depends on the sensor geometry
and the distance of the hypothesis. The search window is large for close objects
and small for distant objects. After all relevant connected components are deter-
mined, a grouping step is applied next. Thus groups G% of connected components
are built, which probably belong to the same object. This is done to take into
account that, due to segmentation errors, noise or poor reflection properties,
objects could be split into several parts over time and then are separately de-
tected as connected components. Afterwards all relevant matches H! ' — Gt
are assessed. The assessment is defined based on the weighted sum of individual
assessments, which describe the distance in horizontal and vertical direction, the
similarity with the predicted position, the similarity in object height, the simi-
larity in object width, and the importance of the match based on the volumes
of both. The best five matches are stored for each hypothesis H ffl.

Because each hypothesis is considered independently up to this step, it may
happen that the same connected component is assigned to different hypotheses.
To ensure consistent matching, a consistent subset of assignments is selected.
Based on this subset, a list of hypotheses for obstacles at time ¢ is stored. Con-
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Fig. 7. Constraints for finding feature correspondences

nected components that were detected at time ¢, but that were not assigned
to one of the hypotheses at time ¢t — 1, are added to the list as new hypothe-
ses. Temporally global processes increase the robustness of tracking significantly
by considering larger time intervals. In our tracking scheme we employ aging,
the prediction of 3D positions of obstacles, and global merging of hypotheses as
global processes.

As stated above, aging means that hypotheses for which no correspondence
was found by local matching are kept for a few frames. Thus at each discrete
point of time, it is checked for a hypothesis, if its age has exceeded a maximum
threshold. If this is the case, the hypothesis is deleted. An example is shown
in Fig. 8. Four consecutive frames are illustrated showing one obstacle in the
tracking process. For clarity other detected obstacles are not marked. Focusing
on the white bounding box (label 1, Fig. 8b), which represents a car, it can be
seen that the bounding box is empty at time ¢ + 1 and ¢ + 2. This means that
no correspondence was found in the corresponding frames. The reason is that
the car is driving behind bushes (Fig. 8a) and thus no depth data are measured
during this period. But at time ¢+ 3 the tracking process recovers and the correct
assignment for the car is found.

The 3D position of an object can be predicted based on observations in the
past. It is assumed that the object moves in a continuous way during the ob-
served period. This assumption is valid in our case, because cars do not change
motion abruptly and the range images are captured with a high frame rate by
our sensor. To determine the predicted object position we use weighted regres-
sion as prediction procedure; k = 4 observations are taken into account for the
computation of the predicted value. The observations are not required to occur
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Fig. 8. Example for aging mechanism

in consecutive frames. Due to aging it is possible that measurements are miss-
ing in between. Using weighted regression for prediction, observations that were
made longer ago are less weighted than observations from the near past.

The global merging process is based on the assumption that hypotheses which
move similarly over time and which are adjacent to each other in space probably
belong to the same obstacle. Thus at the beginning of a time point it is checked
for a hypothesis if adjacent hypotheses have similar motion characteristics. Using
range data as input, it is not possible to prevent static objects that are very
close to each other from being merged together, because, due to egomotion,
static objects will have a similar motion characteristic. But this kind of error is
not critical for collision avoidance applications, since obstacle detection and not
object recognition is the task to be solved. An example of the global merging of
hypotheses is shown in Fig. 9. Due to occlusion by a tree, the house is split into
two parts (time ¢, label 1 and 2). By means of global merging, the hypotheses
corresponding to the two house parts are merged into one hypothesis and tracked
successfully as one hypothesis along the time axis (time ¢ + 3, label 1).

Matching features in consecutive frames is a well-known method for object
tracking. To be robust against splitting and merging of objects, multiple matches
have to be realized. Unlike the fact that in general the integration of multiple
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Fig. 9. Example for global merge of obstacle hypotheses

matches increases the computational costs significantly, range imagery allows to
restrict the search for correspondences to a small depth slice. Thus only a few
possible matches have to be evaluated to select the best match. Furthermore
temporally global processes such as aging, prediction and global merge allow
robust long-term tracking of obstacles. In addition, it is important to emphasize
that scene objects that are located in the same depth slice and move in a similar
way may be erroneously merged and tracked as one obstacle. More details about
our tracking scheme based on feature correspondences can be found in [16].

Kalman Filtering An optimal estimator is implemented by an algorithm that
processes measurements to deduce a minimum error estimate of a system by
utilizing knowledge of system and measurement dynamics, assumed statistics
of system noise and measurement errors, and initial condition information. The
optimal estimator for a quadratic error function is the Kalman filter [7,9].

For driver assistance and traffic surveillance systems the Kalman filter is
an already known approach to deal with system and measurement noise. An
extended Kalman filter can be used to perform quantitative tracking [23]. Three
different models are constructed to describe the motion of a moving car and are
incorporated into a Kalman filter. The authors in [8] propose two methods to
combine the estimates of two tracking systems that provide motion parameters:
the first method applies a Kalman filter, while the second method assigns weights
to the individual estimates based on the covariance matrix.

The model of a linear dynamic process is defined by

Tip1 = Pz +we, wy ~ N(0,Q4) (5)

where the transition matriz #; models the evolution of the state vector z; at
time ¢ and the measurement model

2t = Hyzy + vy, ve ~ N(0, Ry) (6)

determines the measurements 2; as a function of the state z;. H; is called the
measurement sensitivity matriz. The system noise w; and measurement noise v;
are zero-mean Gaussian sequences with given covariance-matrices @; and Ry,
respectively. These equations, shown in the dashed-line box in Fig. 10, are sim-
ply a mathematical abstraction — a model of what we think the system and
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Fig.10. System model and discrete Kalman Filter

measurement processes are — and the Kalman filter is based upon this model. In
the linear, discrete Kalman filter, calculations at the covariance level ultimately
serve to provide K, which is then used to determine the estimated state z;. K,
is called the Kalman gain matriz. The estimated state before the measurement
at time t is known as the a priori estimate #;(—) and the estimated state af-
ter the measurement as the a posterior: estimate #;(+). This is illustrated in
Fig. 10, which is essentially a simplified flow diagram of the discrete Kalman fil-
ter. The basic steps of the computational procedure for the discrete-time Kalman
estimator are as follows:

1. a priori state estimate extrapolation:
B(—) = Pr_184-1(+)
2. error covariance extrapolation:
P(-)=®t 1P 1(+)BL 1 + Q-1
3. Kalman gain matrix :
Kt = Pt(—)Hz[HtPt(—)Hg—' + Rt]_].
4. error covariance update:
Py(+) = [I — Kt H ] P(-)
5. a posteriori state estimate observational update:

Bi(+) = 24(—) + Kilzg — Hy24(—)]

We employ Kalman filtering to provide most likely estimates of the state of
each obstacle from measurement data corrupted by noise. In our system the
state vector of each obstacle contains the depth d;, the relative velocity dy, the
horizontal angle i; to the obstacle and its change v, its vertical angle n; and
the corresponding change 7j;, where all values are taken at time ¢:

af = [dy dy ¥e Yr m 1) (7

The a priori state predictions are mapped with the measurements (depth, hori-
zontal and vertical angle to an obstacle) from the segmentation step. We search
for the detected object whose position is closest to the a priori estimate from
the Kalman filter and whose distance is inside a search area.

Obstacles can disappear in some frames due to the coarseness of the data.
This problem is addressed by employing an aging process as described before.



Parameters are updated with the estimated values from the Kalman filter over
several frames. The obstacle can thus be recognized if it reappears within an
certain time. Otherwise it will be removed. Furthermore, new obstacles are added
if not all detected objects of the segmentation could be matched.

As extension a global merging process — as described before — can be added.
Adjacent obstacles which move similarly over time are probably part of the same
object and can therefore be merged.

Kalman filtering makes the prediction of important state information more
robust by employing noise models. It provides the best possible estimation under
the assumption of Gaussian noise and a quadratic error function. Regrettably,
the initialization of a Kalman filter is difficult and computational cost is not
small.

3.3 Results

Since the range sensor is still under development, range image sequences of real
traffic scenes are not yet available. Therefore, we use on the one hand simulated
range image sequences and on the other hand scaled range images recorded
by an ABW range scanner (ABW GmbH, Germany) to develop and test the
segmentation and target tracking algorithms.

First, the simulated range images are generated by a graphical simulation
software package. An example is illustrated in Fig. 11. From left to right, we see
the simulated traffic sequence and the acquired range images. The range data
are represented by different greylevels; black represents undefined pixels where
no meaningful measurement was obtained. The range sensor has a relatively
narrow field of view whereas the driver has a wider field of view. Thus the car
driving ahead appears very large in the range images. The scene contains two
cars, one driving ahead and the other in the oncoming traffic. During the course
of the sequence the oncoming car leaves the sensor’s field of view. This 100-frame
sequence has a frame rate of 25 images per second, an image size of 16 x 64 pixels
and a field of view of 2.38° x 10.0°. In the simulation, the range sensor is installed
next to one of the front lights. Secondly, in Fig. 12 an example of a range image
sequence of a scaled toy traffic scenario acquired with a structured light sensor is
shown. The scene contains one car driving in the oncoming traffic. Several trees
are in the background. This sequence has a length of 25 images and a frame rate
of 25 images per second. The image size is 65 x 144 pixels and the field of view
is 6.04° x 14.1°.

All combinations between the segmentation and tracking approaches are pos-
sible. In this paper, however, we focus on the results of two. Results of obstacle
detection and tracking for the simulated traffic sequence of Fig. 11 are shown
in Fig. 13. In Fig. 13a obstacles are detected using the radial slope approach.
Tracking is performed by finding feature correspondences. Both cars (label 1
and 2) are correctly detected as obstacles and tracked successfully along the
time axis. In Fig. 13b we separate image features in the segmentation approach
and use a Kalman filter for the tracking. The detected obstacles are represented
by their bounding boxes, thus the state vector has to be augmented by the
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Fig.11. (a) Simulated traffic sequence and (b) corresponding computed range images,
Sequence 22

width and height of each obstacle. The size and location of the bounding boxes
are the estimated state values provided by the Kalman filter. The results show
only obstacles which are new or tracked within this segmentation step, updated
obstacles are not included. As the results show, the separation of image features
in combination with a Kalman filter works well. The oncoming bright car (label
2) which is partially occluded is correctly detected and tracked although the po-
sition and size change considerably. By comparing the results in Fig. 13 we can
observe differences between the two approaches. As the radial slope approach
was used in the left column, single pixels (see for example the fifth image from
the top) can not be identified as an obstacle. This segmentation scheme needs at
least two valid depth measurements in neighboring rows to detect an obstacle.
In contrast we see that the separation of image features which is shown in the
right column loses image pixels lying below the separation plane.

Examples for tracking a car in a toy traffic scene is illustrated in Fig. 14.
The corresponding toy traffic scene is shown in Fig. 12. In Fig. 14a obstacles
are once more detected using the radial slope approach and tracked by finding
feature correspondences. As can be seen the car (label 1) is successfully detected
as obstacle and tracked over the entire range image sequence. The result of sep-
arating image features in the segmentation step and use of a Kalman filter for
the tracking are shown in Fig. 14b. Even if a tracker loses its obstacle (label
1 — 4) the system continues without any difficulties by a new initialization of
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Fig.12. (a) Sensor’s view at a toy traffic sequence and (b) corresponding range images
recorded with a structured light sensor, Sequence 10

the Kalman filter. In this sequence, only obstacles larger than three pixels are
shown. Looking at the results in Fig. 14 the dissimilar object sizes are conspic-
uous. As already explained for the previous result sequence, this is the effect of
the different obstacle detection schemes and the various region groupings. Fur-
thermore, differences between the two tracking methods are illustrated. While
the matching scheme has problems to track trees in their entire size, Kalman
filtering loses the moving car.

4 Conclusion

In this article several approaches for obstacle detection and tracking in low res-
olution range image sequences were proposed. We focused on an automotive
application. The availability of accurate 3D data is found to be advantageous.
Concerning collision avoidance in traffic scenarios, it was shown that robust
obstacle detection is possible by checking traversability in the sensor’s field of
view. Two approaches were presented based on vertical slope evaluation and com-
putation of a separating plane. Robust long-term tracking of obstacles implies
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Fig. 13. (a) results of the matching scheme, (b) result of the Kalman filtering

the handling of problems such as occlusion, new appearance and disappearance
of scene objects, and furthermore, due to the low resolution of our data, the
visibility of narrow obstacles. Our findings reveal that the use of 3D data allows
us to treat these problems since information about the geometrical arrangement
is available. Thus the search for correspondences can be restricted to a small
depth slice and in case of temporal disappearance of obstacles, internal param-
eters are updated by estimated values. As obstacle detection is performed at
every discrete point of time, newly appearing obstacles and even obstacles that
were partly occluded previously, are detected and tracked in their entirety. Our
investigations focused on two tracking schemes. In a first approach a matching
scheme was realized using temporally local and global processes. In a second
approach Kalman filtering was employed to track obstacles.

The described methods allow real time processing. This is possible due to the
small image size, the minimization of the object management and the restriction
of the search space. The issue of how to combine the different approaches in order
to improve robustness of an overall system, deserves further study and will be
subject of our future work.

Our results imply that range imagery is a key technology for many computer
vision applications since many ambiguities of interpretation arising between ob-
ject boundaries and inhomogeneities of intensity, texture and color can thus be
trivially solved.



Fig. 14. (a) results of the matching scheme, (b) result of the Kalman filtering
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