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Abstract – This paper presents a multi sensor track-
ing system and introduces the use of new generalized
feature models. To detect and recognize objects as self-
contained parts of the real world with two or more sen-
sors of the same or of several types requires on the one
hand fusion methods suitable for combining the data
coming from the set of sensors in an optimal man-
ner. This is realized by a sensor fusion principle on
the basis of a Kalman filter. On the other hand it is
necessary to model objects under the assumption that
several sensors observe them. Therefore, we propose
a new generalized 3D model which is suitable for this
case. The paper presents a system for the detection and
tracking of cars in road environments as an example.
This system works with two sensors: a laser scanner
and an infrared camera.

Keywords: Feature model, 3D model, Kalman filter,
multi sensor tracking

1 Introduction
Developing driver support systems with the focus on

safety and comfort is one of the most complicated and
challenging tasks of our days’ research in the automo-
bile industries. Further improvements in safety and
comfort are more and more based on the recovering of
the actual state of the traffic scene. This complex dy-
namic system consists of the own vehicle and the traffic
situation around. The traffic situation can mainly be
divided into two categories: the road in front of the
vehicle, represented by the road parameters, and the
objects on and beside the road. These facts lead to
the central task of the three-dimensional object and
scene recognition. Therefore, the work is based on the
following ideas:

1. Assumption of 3D geometric, generic and dynamic
models.

2. Application of estimation algorithms for recover-
ing the parameters of these models.

3. Purposeful use of the models for the preselection
of data to process.

A lot of work has been done in the topic of tracking
3D models with single sensors, e.g. [1], [2], [3]. Ap-
proaches for tracking objects with more than one sen-
sor are also known ([4], [5]), but the use of 3D models is
not so common yet in this field. Therefore it seems to
be essential to combine both functionalities to a gen-
eral model. This is the reason why we propose a gen-
eralized three-dimensional model for the multi sensor
case. We assume that any entity of the real world can
be detected and recognized by means of features. The
idea of using features can also be found in [6]. Features
are assumed to be dedicated parts of the entity with
certain spatio-temporal coordinates in the coordinate
system of the entity. But features do not exist without
association to a certain sensory principle and system.
Therefore, every feature is associated to one or more
specific sensors. To visualize this approach, Figure 1
shows an abstract entity as a set of several features. It
shows a cube that is attached with the features, while
the features occur in dedicated 3D positions.

A more detailed description of the general feature
model is given in the next Section 2. In Section 3,
as an example the components of a multi sensor de-
tection and tracking system are introduced. Section 4
describes the dynamic model for the object movement
and the measurement equations for the used sensors.
The feature model description of a car, using the sensor
models of two specific sensors is explained in Section
5. Results and conclusions end the paper.
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Figure 1: General 3D feature model

2 Generalized feature models
Our research is based on the background of Dick-

manns 4D object tracking approach [1]. We utilize a
simplified polygonal car model, shown in Figure 2A as
an example to demonstrate the creation of a general-
ized feature model. The polygonal model was used
with some variations in several vision based object
tracking systems for road environments, during the last
decade (e. g. [7], [8], [9]). For our approach of a
generalized feature model, we enlarge this model with
several typical features, as shown in Figure 2B.

Most of the straight lines of the polygonal model are
assigned to real edges in the 3D shape of the physical
car. As they cause under normal lighting conditions
edges of the gray value in an image, they are ranged
as features of the type image edges. One example of
such an image edge is the roof edge of the car, which
is marked with the dotted rectangle in the graph 2B.
There are other image features mentioned in the table
below, which are not visualized in the graph. Besides
the image features, a range scanning device (e.g. a
laser scanner) is well suited for the detection of edges
and vertices in the shape. We call these features dis-
tance edges and distance vertices. In the example in
Figure 2B, four vertical distance vertices are marked.
Further features of a car are caused by hot compo-
nents and they are detectable by infrared cameras. As
infrared cameras often do not produce sharp edges,
we define only one infrared feature: the hot surface
area. Several feature types are summarized in the ta-
ble where the assignment of every feature type to a
special sensor is again highlighted.

The benefit of using a general feature model corre-

A

B

C

Image edge
Distance vertex

Hot surface area

Figure 2: Generalization of the polygonal car model

sponds with the benefit of using a multi sensor sys-
tem, because the different sensors use different feature
types. As our paper treats with a special example of
vehicle detection and tracking, a multi sensor system
with two sensors, consisting of an infrared camera and
a laser scanner is chosen. For these sensors, we select
the feature types: distance vertices and hot surface ar-
eas. Figure 2C shows this selection and illustrates, that
the object model is reduced to a set of features, where
every feature is located at a dedicated 3D coordinate
of the object space. The infrared camera observes the
scene from a stationary position in the vehicle coor-
dinate system with given 3D calibration parameters.
The laser scanner has a stationary position, too. It is
mounted in a way, that the scanning plane is parallel to
the ground plane. The scanner is located in a position,
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Table of model features

Feature type Sensor

Image area CCD-camera

Image edge CCD-camera

Image vertex CCD-camera

Distance edge Laser scanner

Distance vertex Laser scanner

Radar spot Radar

Hot surface area IR-camera

such that the scanning plane cut the vehicle and the
chosen distance vertices horizontally. Therefore, the
transformation relationships of these features into the
measurement space of the laser scanner are simplified.

3 System description
As shown in Figure 3, the overall system contains

two sensors, the sensor individual feature detection al-
gorithms and the fusion and tracking sub-system. The
sensors map the real world in individual sensor mea-
surement spaces, using physical different detector prin-
ciples. The raw data (measurements) coming from
the sensors are subjected to individual detection al-
gorithms, which extract feature detections. In the last
step, these detections are fused using a model based
estimation technique. The three basic parts of the sys-
tem are described in the subsections below.

Laser Scanner

Detection

IR-Image

Detection

Fusion,

Tracking

Detection level Tracking level

Laser

Scanner

IR-Camera

Sensor systems

Figure 3: System modules

3.1 Sensors of the system

As already mentioned, two sensors are used to re-
alize the object tracking in the multi sensor system.

The first sensor is a high frequently scanning laser
system with a mechanical rotating mirror and a 180
degrees measurement range. The maximum horizon-
tal angle resolution is 0.25 degrees and the maximum
scan frequency is 75 Hz. In our application, the sys-
tem runs with 0.5 degrees horizontal angle resolution,
37.5 Hz scan frequency and with a scan angle of 100
degrees, so 200 measurement vectors are collected per
scan, each one contains a range value and a reflectivity
value. The maximum measurement range is 80 meters
and the range resolution is 10 cm. The second sen-
sor is an uncooled far infrared camera, using a Barium
Strontium Titanate detector type with a spectral re-
sponce of 7−14µm. The output of the infrared camera
is a RS 170 grayscale video image with a resolution of
320 x 240 Pixels. The field of view is 12 degrees in the
horizontal plane and 9 degrees in the vertical.

3.2 Detection algorithms

The detection algorithms have to provide feature de-
tection lists based on the measurements which are de-
livered by the different sensors. Every sensor type has
an associated set of features, from which one feature is
chosen, as mentioned in section 2. In the following, the
detection approaches are described and they are based
only on the information of the actual scan and image.

Laser scanner detection algorithm

The laser scanner delivers the first range value in every
azimuthal direction, if a reflectivity threshold has been
exceeded. According to the multi sensor approach, the
field of view is limited to the field of view of the IR-
camera as the dotted line shows in Figure 4. The gen-
eral intention of this algorithm is to find edges of ob-
jects in the signals. In general, two types of edges can
occur: outer edges, where the edge is identical with
the first or last measured point of an object and inner
edges, where the edge is between two measured points
of one object. Outer edges can be found by analyzing
the steps in the range signal. To find the inner edges,
the first derivative is formed from the signal and steps
in the derivative give hints to inner edges. All edges
are stored as two dimensional coordinates (range and
angle) in a feature detection list. A typical scan, in-
cluding two feature detections which are both outer
edges, is shown in Figure 4.

Image processing algorithm

Detecting in images is generally based on distin-
guishing between pixels belonging to objects and pixels
belonging not to them. With the help of 3D models,
it is possible to reduce the detection of whole objects
to the detection of dedicated features. The chosen fea-
ture for the IR-camera is the hot surface area that
causes high brightness in the images. In a first step,
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Figure 4: Laser scan with detected outer edges of a car

an adaptive threshold method is used to produce a bi-
nary image. Secondarily, the binary image is subjected

Figure 5: IR image with detected hot surface areas

to a grouping process: pixels are considered as a part
of the same region if they are horizontally, vertically
or diagonally adjacent. A set of regions of different
size and shape is produced in this way. These feature
detections are stored using a rectangle description as
shown in Figure 5, which is the same scene shown in
Figure 4.

3.3 Data Fusion principle

Several multi sensor fusion principles are known in
the literature [10]. Two types have to be considered:

sensor fusion with centralized tracking system and sen-
sor fusion with sensor individual tracking systems. The
used configuration is a centralized multi sensor track-
ing system which generates common tracks from mul-
tiple sensor inputs. The common state space and the
principal transformations into the measurement spaces
are described in the next section.

4 Dynamic model, state space
and measurement equations

As introduced in Section 1, Data Fusion (Figure 3)
is performed by the state estimation of objects in the
scene. This is realized using a dynamic movement
model for the movement behaviour of the observed ob-
jects and the estimation of the extent parameters to
include the possibility of using features. A Kalman fil-
ter approach is used as estimation algorithm for the
tracking system.

The movement of a single object and the shape pa-
rameters of the object can be described by the discrete
state space model ([11], [12])

x(tk) = A(tk−1)x(tk−1) + v(tk−1), (1)
y(tk) = C(tk)x(tk) + w(tk), (2)

containing the state transition equation and the
measurement equation with the system disturbance
v(tk−1) and the measurement disturbance w(tk). The
dynamic of the object is modeled using the constant
acceleration model as described for example in [13],
because this model is universal and a lot of object in a
road environment can be described with it. The model
is realized for the two cartesian vehicle coordinates vx
and vy. As we use more than one coordinate system,
it is necessary to indicate which coordinate system the
value belongs to. Therefore, a subscript v in front of
the value is used to indicate the vehicle coordinate sys-
tem. The origin of this coordinate system is defined
to be at the center bottom point of the rear axle of
the own car and vy points into the movement direction
of the car. Under the assumption that every relevant
object is placed on the ground, it is not necessary to
include the vz-component in the state space. Addition-
ally, the three extent parameters are included to reach
the functionality of a 3D model. This leads to the state
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space vector which is described below:

x(tk)=




vx(tk)
vẋ(tk)
vẍ(tk)
vy(tk)
vẏ(tk)
vÿ(tk)
vw(tk)
vl(tk)
vh(tk)




=




position x-coordinate

velocity x-coordinate

acceleration x-coordinate

position y-coordinate

velocity y-coordinate

acceleration y-coordinate

extent x-coordinate

extent y-coordinate

extent z-coordinate




. (3)

For simplification, this definition of the state space in-
cludes the assumption that the tracked object is orien-
tated in the same direction as the own car. According
to the dynamic model, the state transition matrix is
defined as

A(tk−1)=




1 T 1
2T 2 0 0 0 0 0 0

0 1 T 0 0 0 0 0 0

0 0 1 0 0 0 0 0 0

0 0 0 1 T 1
2T 2 0 0 0

0 0 0 0 1 T 0 0 0

0 0 0 0 0 1 0 0 0

0 0 0 0 0 0 1 0 0

0 0 0 0 0 0 0 1 0

0 0 0 0 0 0 0 0 1




,

(4)
where T is the time difference between tk−1 and
tk. The uncertainty description of the system noise
v(tk−1) for constant acceleration models can be found
in [14].

To fuse the data streams of detected features coming
from several sensors at the same time, the multi sen-
sor functionality is handled by expanding the original
state space model into a structure with multiple mea-
surement equations. In our Data Fusion system, the
sensor models are non-linear functions gC i (which re-
quires the use of the Extended Kalman filter) and the
number of sensors is two: (1) laser scanner sensor, (2)
far infrared camera. The according vector functions
are

y1(tk) = gC 1(x(tk), tk) + w1(tk), (5)
y2(tk) = gC 2(x(tk), tk) + w2(tk), (6)

and their local linearizations are

ỹ1(tk) = C1(x(tk), tk) x̃(tk) + w1(tk), (7)
ỹ2(tk) = C2(x(tk), tk) x̃(tk) + w2(tk). (8)

The laser detection algorithm delivers feature detec-
tions in the laser coordinates of radius lr(tk)fn and
angle lαfn(tk), where the index fn denotes the feature
detection n and l denotes the polar coordinate system
of the laser. The nonlinear mapping of the nth feature
(described more in detail in the next section) into the
measurement space of the laser sensor (equation (5))
is given in detail below



lrfn(tk)
lαfn(tk)


=




√
vxfn(tk)2 +vyfn(tk)2

arctan
(
− vxfn(tk)

vyfn(tk)

)

+


 wr(tk)

wα(tk)


 .

(9)
The hot surface area detections coming from the IR-
camera are generally described by two position coor-
dinates and two extent values. To realize the Kalman
filter update, only the position coordinates are used.
They are defined as the central point of the bottom
edge of the rectangle. Therefore, gC 2 contains the
coordinates of image row iyfn(tk) and image column
ixfn(tk):




iyfn(tk)
ixfn(tk)


 =




a11
vxfn(tk)+a12

vyfn(tk)+a13
vzfn(tk)+a14

a31 vxfn(tk)+a32 vyf n(tk)+a33 vzf n(tk)+a34

a21
vxfn(tk)+a22

vyfn(tk)+a23
vzfn(tk)+a24

a31 vxfn(tk)+a32 vyf n(tk)+a33 vzf n(tk)+a34




+


wy(tk)

wx(tk)


 . (10)

The parameters alk are the camera calibration param-
eters for 3D to 2D transformation.

5 Feature model description of a
vehicle

The general issue of this section is to describe the
association of detections to the according predictions.
In case of a multi target tracking system, a gating
function is used to preselect measurements to objects.
Therefore, a special fuzzy gating approach is used, to
cope with the problem of distributed and split objects.
It uses the fuzzy number theory to build up a fuzzy
rectangular description of the gates and the measure-
ments and calculates the nearness between measure-
ments and predictions on the basis of a fuzzy similarity
measure. Further explanations can be found in [15].

The gating function provides for every track a list
of all measurements, which can be assigned just to the
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tracked object but not to dedicated features. To per-
form the assignment of measurement to feature predic-
tions, it is necessary to transform the features from the
state space into the measurement spaces.

The first step is to define transformation equations,
which describe the transformation from the predicted
state space (including the three dimensional position
and extent of the object) into the several feature state
descriptions. These transformations can be written for
every sensor separately as

x∗f1(tk) = Cl1x∗(tk),
x∗f2(tk) = Cl2x∗(tk),

...
x∗fn(tk) = Clnx∗(tk), (11)

where x∗fn(tk) is the predicted feature state vector of
the nth feature and Cln is the transformation matrix.
x∗(tk) denotes the prediction of the state space x(tk−1)
from tk−1 to tk. In our example, the transformation is
linear. As a car is not transparent, not every feature
can always be seen by all sensors. Normally two side
views of the car are hidden by the car itself and some-
times even three. Consequently, not all features must
be transformed, but only the visible ones.

Subsequent, the feature state vectors and their
transformations into the measurement spaces are ex-
plained for both sensors separately. It has to be noted,
that the estimated position point of a vehicle, which is
described by the state space values vx and vy is located
at the center point of the back side of the obstacle (see
Figure 6).

For the laser scanner, the used features are distance
vertices. They are measured in the 3D object space as
those points, where the measuring plane cuts the dis-
tance vertices features. These points are visualized in
Figure 6. The feature state vector x∗fn(tk) contains two
values, necessary to transform the features afterwards
into the measurement space

x∗f1(tk) =




vxfn

vyfn


 =


 x-position of feature n

y-position of feature n


 .

(12)
An example of a concrete transformation of the near
left edge is given in the following. The transformation
of a point in the x-y coordinates from the estimated
object point to the near left edge (see Figure 6) is sim-
ply a translation in x-direction. The formula for both
feature values of this feature is given with

vxfn = vx− 1
2

vw

vyfn = vy (13)
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Figure 6: Visualization of the object space and the
laser scanner features

and so the matrix Cl 1 is

Cl 1 =


 1 0 0 0 0 0 − 1

2 0 0

0 0 0 1 0 0 0 0 0


 . (14)

To realize the assignment and finally the fusion step of
the Kalman filter, all feature state vectors are trans-
formed into the measurement space, using the non-
linear mapping mentioned in equation (9). The gate
and the two visible detections of the example, which
was already used in section 3 is shown in Figure 7. In
this figure, the measuremnt space is transformed into
cartesian coordinates for a better visualization.
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Figure 7: Gate, predicted features and measured fea-
tures for the laser scanner
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The same steps are now also described for the sec-
ond sensor: the IR-camera. As already mentioned in
section 2, a car contains several hot surface features.
They are in general the wires, the exhaust, stop lights
and the radiator of a car. As the relative position of
these components are normally independent from the
type of the car, the hot areas are more or less at the
same position. With this model based knowledge, one
is able to define regions, where the detection probabil-
ity is high for a estimated width, height and length of
a car. The 3D model containing all hot surface areas is
shown in Figure 8. The shape descriptions of these ar-
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Figure 8: Visualization of the object space and the
IR-camera features

eas are only two dimensional, one dimension is always
zero. The resulting feature state vector is

x∗fn(tk) =




vxfn

vyfn

vzfn

vwfn

vlfn

vhfn




=




x-position of feature n

y-position of feature n

z-position of feature n

width of feature n

length of feature n

height of feature n




.

(15)
One example for a linear transformation matrix Cl8 is
the matrix belonging to the hot surface area of the left

brake light:

Cl8 =




1 0 0 0 0 0 − 9
20 0 0

0 0 0 1 0 0 0 0 0

0 0 0 0 0 0 0 0 1
2

0 0 0 0 0 0 1
10 0 0

0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 1
4




. (16)

As it was already shown for the laser sensor, a second
transformation is needed to transform the feature state
vectors into the measurement space (image). Figure
9 shows the fuzzy gate, the visible hot surface area
features in the image plane and the according feature
detections of the image (dotted lines).

Predicted feature

Measured feature

Gate

Figure 9: Gate, predicted features and measured fea-
tures for the IR-camera

For the assignment of detections to the predicted
features the well known assignment filters can be used
(e.g. Nearest Neighbor Standard Filter [13]) and the
final Kalman fusion step can be performed.

6 Results and Conclusions
To demonstrate tracking results using the general-

ized feature model, a part of a multi sensor tracking
sequence was modified to show the benefit of this ap-
proach. One of the main advantages of the feature
model is, that it delivers very good tracking results,
even when an obstacle is covered partly by an other
obstacle in the measurement spaces. To illustrate this,
one part of the IR-image of a short sequence has been
covered in a way, that not all hot areas are delivered to
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Figure 10: Covered area of the IR-image

the filter as detections. An example of a synthetically
covered image is shown in Figure 10. This image also
shows the starting point of the demonstrated sequence.

To reach comparable results, the sequence has been
first tracked with a Kalman filter using the standard
nearest neighbor association filter for data association
without taking into account the extent of the objects.
Then the sequence is processed again, using the fea-
ture model approach. The tracking results of the both
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without feature

model

resulting track
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model

original track

x [m]

y [m]

Figure 11: Tracking results

methods are shown in the Figure 11. It is clearly visi-
ble, that only the feature model approach gives a good
position estimate for the partly covered obstacle. In
Figure 12, the estimate at the end of the sequence
shows that the estimation result is correct. The other
filter using the nearest neighbor data association nearly
looses the obstacle, as shown in Figure 13. This is just

Figure 12: Result using the feature model approach

one example, which shows that the feature model is
more suitable in tracking extended obstacles then the
standard filter and standard association technique.

Figure 13: Result using only the nearest neighbor filter
without feature model

Summarizing the paper, a general 3D feature model
has been presented, which allows the use of different
sensor types integrated in one multi sensor detection
and tracking system. Extended 3D objects can be
modeled adequately by using features placed in the
3D object space. As shown in the example, the ap-
proach avoids false assignments if more than one de-
tection represents one physical object. This increases
the overall system performance of those multi sensor
tracking systems significantly. Additionally, the track-
ing process can be performed also in that cases where
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not all features can be detected by the sensors.
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