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Abstract – The paper describes the usage of the generalized fea-
ture model in a multi sensor tracking system. The generalized fea-
ture model is based on the assumption that an object can be mod-
elled by an individual set of features. This approach takes into
account that objects have an actual size and can be measured by
several different sensors. In this article different types of 3D road
objects are considered and feature models for these types of object
are introduced. The focus is mainly on the detection and tracking
of pedestrians and vehicles in road environments. The particular
problem of feature uncertainties in the generalized feature model
is discussed using several sensor types. Also, different suitable
dynamic models are applied to the feature model. The results are
presented on the basis of simulations and real measurements.

Keywords: feature model, 3D model, Kalman filter, multi sensor
multi target tracking

1 Introduction
Driver assistance systems become more and more relevant
in the research field of information fusion because the us-
age of several sensors and different information to capture
the environment around a car is important for these applica-
tions. This complex dynamic system consists of the sensor
carrying vehicle and the traffic situation around it. The traf-
fic situation can mainly be divided into two categories: the
road in front of the vehicle, represented by the road parame-
ters, and the objects on and beside the road. For tracking the
objects (mainly pedestrians and vehicles) in the surround-
ings of the sensor carrying car, the estimation theory is suit-
able and often used (e.g. [1]-[2]). Here, a set of Kalman
filters work in parallel and measurements are given from
different sensors. In comparison to Kalman filter tracking
in the field of air traffic control, one main difference for au-
tomotive applications is that objects can not be seen as point
targets. The actual size of objects becomes important and
has to be taken into account. Therefore, a generalized three-
dimensional model for the multi sensor case was developed
in our department [3]. This generalized feature model is
based on the assumption that any entity in the world can be
detected and recognized by means of features. It combines
the approach of using 3D models with single sensors (e.g.
[4]-[5]) with the approaches for tracking objects with more
than one sensor ([6], [7]). The idea of using features can
also be found in [8]. Features are assumed to be dedicated
parts of the entity with certain spatio-temporal coordinates

in the coordinate system of the entity. However, features
do not exist without being associated with a certain sen-
sory principle and system. Therefore, in [3] every feature is
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Fig. 1: General 3D feature model

linked to one or more specific sensor. To visualize this ap-
proach, figure 1 shows an abstract entity as a set of several
features. It shows a cube that is attached to the features,
while the features occur in designated 3-D positions.

While [3] describes the basics of the generalized feature
model, in this paper we present the usage of different sen-
sors, different object models and simulation results on the
generalized feature model. The next section describes the
uncertainty of features and how this influences the state es-
timation of a Kalman filter. In section 3, the focus is on
different dynamic models to track obstacles in the surround-
ings and on the movement compensation of the sensor car-
rying car. While different dynamic models are used for dif-
ferent obstacle classes, the feature descriptions are also dif-
ferent not only for different sensors, but also for different
objects. This is explained in section 4. A special approach
for the usage of the generalized feature model together with
a laser scanner is described in more detail in section 5. Us-
ing different models for several object types, the question
arises, how it can be known, which object type is entering



the sensor’s field of view when new detections occur. The
first basic approaches are discussed in section 6. The con-
clusion and results can be found in the last section.

2 Uncertainty Description of Features
One main advantage of the Kalman filter theory is that for
every estimated value also the uncertainty is also calculated.
This is modelled by random numbers with the assumption
that they are gaussian distributed ([9], [10]). The state space
description of a system includes the process noise v(tk)

x(tk+1) = A(tk)x(tk) + v(tk) (1)

and the measurements are added by the measurement noise
w(tk)

y(tk) = C(tk)x(tk) + w(tk). (2)

If the generalized feature model is used, this noise descrip-
tion has to be adapted and completed. This is done in the
following part of this section. For every defined feature an
individual uncertainty can be defined. Moreover, the fea-
ture is located in a specific position on an object (for exam-
ple, a vehicle). This point is also not absolutely known and
this uncertainty can be described by an additional random
number. This leads to the assumption that four uncertain-
ties have to be taken into account while using the feature
model:

• The uncertainty of the state (objects position)

• The uncertainty of the feature’s position on the object

• The uncertainty of the feature itself

• the uncertainty of the sensor system

To illustrate these uncertainty descriptions an example is
introduced. For simplification, the time index tk is ignored
in this example. Figure 2 shows a tracked object (a vehi-
cle), which is attached with a single point feature. This

feature coordinate system

f
x

f
y

point feature

tracked object

uncertainty description
of the feature

Fig. 2: Feature uncertainty

is located in the two dimensional coordinate system of the
feature. The uncertainty is modelled by a random number
with gaussian distribution and the mean value is equal to
zero. The feature can therefore be written as

fxf = fxf0 + fvf , (3)

where the upper left index f denotes that the description
is done in the space of the feature, namely the feature co-
ordinate system. fxf0 is the undisturbed position of the
feature in the feature coordinate system and fvf describes
the noise of this position. Often, fxf0 is set to zero, if the
feature is located in the origin of the feature coordinate sys-
tem.

The transformation of the feature into the object coordi-
nate system (figure 3) can be written as

oxf = gf→o

(

oxf0,
f xf

)

+ ovf . (4)

In this equation, oxf is the description of the feature in the
object coordinate system (denoted by the upper left index o)
and ovf is a random value describing the uncertainty of the
position of the feature. Including the definition that fxf0 is
zero, and equation (3) the feature in the object coordinate
system is given with

oxf = gf→o

(

oxf0,
fvf

)

+ ovf . (5)

In the case, that gf→o describes the rotation and displace-
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Fig. 3: Feature uncertainty in object coordinate system

ment of the feature coordinate system according to the ob-
ject coordinate system, a linear expression of (5) could be
given with

oxf =o xf0 + ovf + Cf→o
fvf , (6)

where Cf→o describes the rotation and oxf0 the undis-
turbed translation. This linear case of rotation and transla-
tion is just an example to illustrate the description of the un-
certainty of the feature model. In the following sections, the
rotation angles are not always independent from the state
space and these transformations are therefore not linear.

The next transformation of a feature is from the object
coordinate system to the sensor carrying vehicle coordinate
system:

vxf = go→v(
vxo0,

oxf ) + vvo. (7)

Here, vvo denotes the random error of the object’s position
in the vehicle coordinate system and vxf is the feature de-
scription in the vehicle coordinate system. In the example



being used, this transformation could also be written as a
linear function (see figure 4).

vxf = vxo0 + vvo + Co→v
oxf (8)

Combining (6) and (8) leads to the full linear description
of a feature in the vehicle coordinate system including all
uncertainties:

vxf = vxo0 + vvo + Co→v

(

oxf0 + ovf + Cf→o
fvf

)

.

(9)
The complete nonlinear transformation is given with (5)
and (7) and leads to

vxf = go→v(
vxo0, (gf→o

(

oxf0,
fvf

)

+ ovf )) + vvo.

(10)
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Fig. 4: Feature uncertainty in vehicle coordinate system

The random error variables are unknown in the usage of
the described feature model in an Kalman filter. Therefore,
the calculation of the expectation values of the vectors and
the covariance is necessary

vx̂f = E{vxf}, (11)
vPf = E{vxf

vxT
f }, (12)

where x̂ denotes the estimated vector of x, and P is the
covariance of x. The derivations are presented for the linear
case first.

The mean value vx̂f can be calculated by using (9) and
the definition for random variables given with

E{vvo} = 0, E{ovf} = 0 and E{fvf} = 0. (13)

The vectors without distribution are equal to their expecta-
tion values and this leads to the estimated mean value

vx̂f =E{vxo0 +Co→v
oxf0}= vxo0 +Co→v

oxf0. (14)

Calculating the uncertainty description, the variances of the
undisturbed values are zero

E{vxo0
vxT

o0} = 0, E{oxf0
oxT

f0} = 0, (15)

and the covariance matrix are defined by
fPf = E{fvf

vvT
f },

oPf = E{ovf
ovT

f } and
vPo = E{vvo

vvT
o }. (16)

Here fPf is the covariance matrix which describes the un-
certainty of the feature in the feature coordinate system,
oPf is the matrix which describes the uncertainty of the
feature’s position, and vPo is the matrix which describes
the uncertainty of the object in the vehicle coordinate sys-
tem. With the assumption that no correlations between the
values occur, the expectation values of the uncertainty de-
scription is given with

vPf = E{vxf
vxT

f }

=vPo + Co→v

(

oPf + Cf→o
fPf CT

f→o

)

CT
o→v .(17)

The last transformation is from the vehicle coordinate sys-
tem to the measurement coordinate system. This is done
using the standard transformation of the discrete state space
system and is given with

mŷf = Cv→m
vx̂f (18)

mUf = Cv→m
vPf CT

v→m + mR (19)

where mŷf is the transformed feature in the measurement
space, mR is the covariance of the measurements and mUf

is the covariance of the feature in the measurement space.
With these equations, the prediction of every feature in the
measurement space is given for linear transformations.

In the case of non linear transformations, the estimated
mean value of the feature in the vehicle coordinate system
is given with

vx̂f = go→v(
vxo0, go→v(

oxf0)). (20)

To calculate the expectation value of the uncertainties, the
nonlinear transformations has to be linearized by the calcu-
lation of the Jacobi matrix, and with this local linearization
the covariance matrix is given with

vPf =v Po + C̃o→v

(

oPf + C̃f→o
fPf C̃T

f→o

)

C̃T
o→v ,

(21)
where C̃ denotes, that the linearized C is used. Also in the
nonlinear case, the last transformation of the feature in the
measurement space is given with

mŷf = gv→m(vx̂f ) (22)
mUf = C̃v→m

vPf C̃T
v→m + mR. (23)

With the feature uncertainty description which is intro-
duced in this section, every feature has its own uncertainty.
This is an advantage in those cases where the position of the
feature is not exactly known, or the feature itself is applied
with uncertainty.



3 Suitable Dynamic Models for Different
Object Types

In [3], the dynamic behavior of the objects are modelled
with a dynamic model that is based on the assumption of
constant acceleration in the two horizontal directions of the
vehicle coordinate system. The heading of vehicles was
previously defined as the driving direction of the sensor car-
rying vehicle. This is a reasonable assumption for tracking
a vehicle which is in front of the sensor carrying vehicle and
is driving in the same direction. In more complex scenes in-
cluding intersections and oncoming traffic, this assumption
is often not true. But the correct inclusion of the heading
greatly improves the tracking with the 3D feature model
for several object types. Therefore, the usage of a differ-
ent dynamic model for tracking vehicles is proposed. This
ctrv-model was already used in other applications to esti-
mate the position and heading of the sensor carrying car
[11]. The movement model is based on the bicycle model
and assumes a constant yaw-rate and a constant velocity in
one observation interval. Besides the position estimate it
also allows the estimation of the vehicles’ heading. The
model limits the possible object’s movement according to
the limitations of the vehicle’s movement.

In addition to the dynamic parameters, the state space
contains the object’s size, given as width, height and length.
This leads to the state space

xo(tk) =
























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oho(tk)
ol0(tk)
























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




















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x-position
y-position
heading
velocity
yaw rate

object’ s width
object’ s height
object’ s length

























, (24)

where the estimated position is the position of the centered
rear end of the vehicle and the velocity is the velocity in
the driving direction. The state transition equation of the
first five elements of the state space is related to the move-
ment description of the nonlinear movement model, while
the parameters of the objects size do not change dynami-
cally between two time steps. This leads to the functional
description of the nonlinear state transition between tk and
tk+1:

xo(tk+1) = ga(xo(tk), T ) =
























vxo(tk) + cos (vγo(tk)) a − sin (vγo(tk)) b
vyo(tk) + sin(vγo(tk))a + cos(vγo(tk))b

vγo(tk) +v γ̇o(tk)T
vvo(tk)
v γ̇o(tk)
owo(tk)
oho(tk)
olo(tk)






















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.(25)

with

a =
vvo(tk) sin (v γ̇o(tk)T )

vγ̇o(tk)
(26)

b =
vvo(tk)(1 − cos (v γ̇o(tk)T ))

v γ̇o(tk)
. (27)

where T is the time difference between tk and tk+1. In the
special case of a straight forward movement of the vehicle,
the function ga(xo(tk), T ) is reduced to

ga(xo(tk), T )=

























vxo(tk) + cos(vγo(tk))vvo(tk)T
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



















.

(28)
The described dynamic model is used for tracking cars, bi-
cycles and trucks. For tracking pedestrians the model of
constant acceleration is used, because this model seems to
be suitable for pedestrians in most situations with respect to
the way they move.

An additional function is included to compensate the in-
fluence of the movement of the sensor carrying vehicle (re-
fer to [1]). It is based on the measurement of the velocity
vs(tk) and of the yaw-rate γ̇s(tk) of this vehicle which is
used as an input vector

u(tk) =

[

vs(tk)
γ̇s(tk)

]

, (29)

where the index s denotes the sensor carrying car. With this
input vector, the observation of the additional objects dis-
placement due to the sensor carrying vehicle movement is
realized on the basis of the constant circle movement model
(see figure 5). The velocity and yaw rate are used to com-

v
y

v
x

BR

Dgs

DysDys

Dxs

Fig. 5: Constant circle movement model

pute the arc length B and the Radius R

B = vs(tk) T, R =
vs(tk)

γ̇(tk)
. (30)



With B and R, the change of the vehicle coordinate system
between two times is given by

∆γs(tk) =
B

R
(31)

∆xs(tk) = R sin(∆γs(tk)) (32)
∆ys(tk) = R (1 − cos(∆γs(tk))) . (33)

The last step is the transformation of the change of the ve-
hicle coordinate system into the corresponding object dis-
placement of the observed objects. This is done by the
transformation
[

∆xo(tk)
∆yo(tk)

]

=A−1

[

vxo(tk) − ∆xs(tk)
vxo(tk) − ∆ys(tk)

]

−

[

vxo(tk)
vyo(tk)

]

(34)

∆γo(tk) = −∆γs(tk) (35)

with the rotation matrix

A =

[

cos(∆γs(tk)) − sin(∆γs(tk))
sin(∆γs(tk)) cos(∆γs(tk))

]

. (36)

To include this displacement, this nonlinear function
gb(u(tk)) which is given by equation (34) is added to the
prediction equation of the Kalman filter.

4 Pedestrian and Vehicle Feature Model
The definition of features is not only dependent on the mea-
surement principe of the sensors, but also on the type of the
tracked object. In this section, two different object types are
considered and a selection of features are given for two sen-
sors, namely the IR-camera and the laser scanner. The ob-
ject types under consideration are the most common types
in the traffic environment: pedestrians and vehicles. As al-
ready mentioned in the above section, the two types are ap-
plied with different movement models which influence the
selected features.

First, the vehicle object type is described. The movement
model of this type is the ctrv-model and the state space con-
tains (beside other values) the heading, width, length and
height of the object. The basic model is a 3D box which is
also defined by its position and heading (see figure 6). The
laser scanner features are based on the fact that the laser
scans a horizontal plane which is parallel to the ground. In
this plane, the vehicle appears as a headed rectangle. The
features are defined as cutting points between the rectangle
and the laser spots of the laser scanner. This is described in
more detail in the next section.

In the IR-camera image, heated surfaces are brighter than
the environment. This is used in the pre-processing part
which delivers the position and size of all the heated parts,
found in the image. On a vehicle, the following parts nor-
mally cause heated spots in the IR-image: wheels, exhaust,
lights and the radiator. The positions of the features and the
transformations are described in more detail in [3].

One of the main differences between the two object types
is that the movement model which is used for the pedestri-
ans gives no reliable indication about the heading of the
pedestrian. Therefore, the state space includes just width

-0.5

0
0.5

-0.5

0

0.5

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

0

5

10

-5

0

5

0

1

2

3

4

5

Pedestrian Vehicle

Fig. 6: 3D pedestrian and vehicle description

and height. The basic idea for the description of pedestri-
ans is the usage of several cylinders (see figure 6), because
this is a suitable object description, considering the used
dynamic movement model.

The cutting plane between the laser plane and the 3D ob-
ject is a circle, including the assumption that the object is
vertically orientated and the laser plane is horizontally ori-
entated. Therefore, the predicted range of a single laser
spot ri results from the cutting point of a straight line with
a circle. Basically, the calculation is done similarly to the
calculation of the feature for vehicles which is presented in
the next section.

In the IR image, the heated spots of pedestrians can nor-
mally be divided into three parts: The head, the body and
the legs. These are the three cylinders shown in figure 6.
Additionally, the legs could be divided into two features,
one for each leg. The arms can also be seen as separate
features.

5 The Feature Description of Vehicles in the
Laser Scanner

As mentioned in the previous section, a special way of us-
ing features with a laser scanner is proposed in this section.
This method demonstrates the great benefit in combination
with orientated objects and with the dynamic ctrv model
which was described in section 3. Therefore, the example
of tracking a vehicle is used as an explanation. If a vehicle
enters the horizontal scanning plane of the laser scanner,
several single laser spots are reflected and the laser mea-
sures a certain distance under these angles. This is illus-
trated in figure 7.

Some approaches use segmentation algorithms, in order
to combine all measurements which belong to one physical
object (e.g. [12], [13]). This causes problems when objects
are located near to each other and are overlapping partly. In
this approach, every cutting point between a laser spot and
the predicted vehicle generates a feature. This is possible
because the angular resolution and the angles of the laser
spots are known. The transformation is nonlinear as given
in equation (37), where additionally the transformation also
depends on the laser spot angle αi:

vx̂i = go→v(
vxo0, αi, go→v(

oxf0)). (37)

The transformation into the measurement space (see equa-
tion 22) is also nonlinear and the prediction of the i-th fea-
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ture is the radius ri:

ly∗

i = ri. (38)

This nonlinear function is derived in the following part of
the section.

Knowing the laser spot angle αi and the obstacle’s head-
ing, the calculation of the predicted range ri can be done us-
ing the equation for the crossing point of two straight lines

xs =
b2 − b1

m1 − m2

, (39)

where b is the offset and m the slope of the straight line.
The index 1 denotes the parameters of the laser spot. b1 is
zero and the slope is given with m1 = − cot(α). The offset
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Fig. 8: Geometric relations for the calculation of b2

of the straight line, which belongs to the vehicle (for the
example the left side of the vehicle is used, see figure 8),

can be calculated from the predicted state, using geometric
relations

b2 = vyo(tk) +
1

2
vwo(tk) cos(vγo(tk))

− tan(vγo(tk))

(

vxo(tk) −
1

2
vwo(tk) sin(vγo(tk))

)

.(40)

With xs and the angle of the laser spot, the predicted feature
range for the ith laser spot and the left side of the vehicle is
given with

ri =
b2

sin(αi) (− cot(αi) − tan(vγo(tk)))
(41)

From (40) and (41), with simplification, ri is given as

ri =
−cos(vγo(tk)) vyo(tk)

cos(vγo(tk) − αi)

−
1

2

vwo(tk) + vxo(tk) sin(vγo(tk))

cos(vγo(tk) − αi)
. (42)

This calculation is done for all cutting points between the
predicted vehicle and the laser spots.

6 Initialization of Filters
The initialization of the objects is one of the key functions
of multi sensor tracking systems [14]. Usually, new tracks
are generated using the following algorithm: if one of the
used sensors delivers a new detection which can not be as-
signed to an existing object (filter) it is labelled as an un-
known detection. With this detection, a new filter is set up,
but the filter is not confirmed at this time. If more mea-
surements occur in this region during the next fusion steps,
the filter is labelled as a confirmed object. In the case of
using the generalized feature model, the initialization be-
comes more difficult. This is for two reasons:

• A transformation is necessary to create a new track on
the basis of a new detection. This transformation be-
comes difficult if no additional information about the
detection (e.g. to which feature the detection should
be assigned) is avalible.

• When the first unknown detection of a new object is
delivered by the sensors, the class of the new object
is unknown. So the initialization algorithm is not able
to define which of the feature models (e.g. vehicle or
pedestrian model) has to be used.

To overcome these difficulties, a special type of multiple
model filter is proposed. This MMF generates a list of filter
hypotheses for every detection. Every hypothesis sets up
a new filter under the assumption that the detection can be
linked to one single feature of a new object. Additionally,
filter hypotheses are set up for every possible object class
using the different feature models (therefore it is called a
multiple model filter). For every fusion step the distances
between predicted features and detections are calculated,
to define how well the detections fit the hypothesis. Af-
ter a few fusion steps, unlike hypothesis (hypothesis, where
the distances between predicted features and detections is
large) are removed. At the end, the most fitting filter hy-
pothesis is labelled as the confirmed object.



7 Results and Conclusions
To verify the functionality of the feature model and to com-
pare the model to other approaches, simulations have been
done. For these simulations, the movement of a vehicle
was modelled on the basis of the bicycle model. In order
to simplify, the sensor carrying vehicle is not moving dur-
ing the simulation. One of the simulation tracks is shown
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Fig. 9: Simulated track

in figure 9. Different curves and also different velocities
are included in the course. On the basis of this track, the
measurements of different sensors has been calculated. A
reasonable disturbance is added for every sensor and then
the data is stored as sensor measurements.

In the following part of the section, the results of two
simulations are shown and described. The first simulation
is performed only with the laser scanner. The processing of
the laser data is done in two different ways, while the dy-
namic model is the same as described in section 3. The first
is the feature approach, which was presented in the previous
section. The second is a standard approach where all laser
beams which hide the same obstacle are combined and an
average of the angles and the shortest range are calculated
and used as measurement. Both these approaches are com-
pared and the results are given below. In figure 10 and 11
the errors of the estimated x and y-positions are shown for
both models. It is visible that the feature model gives the
much better results in comparison to the standard model.
The reason is that the standard model includes the assump-
tion that the nearest measured range gives the position of
the rear end of the tracked vehicle. And also the assump-
tion that the average of all angles is the middle point of the
rear end of the vehicle. Nevertheless, when the presented
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feature model of the laser scanner is used, good results of
the position estimates are achieved. Another benefit of the
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Fig. 12: Comparisons between feature and standard model,
orientation angle

feature model is that the heading of the tracked object can
be estimated with higher accuracy. The standard model is
just able to estimate the heading from the position measure-
ment over time, while the feature model also estimates the
heading directly from the measured data. This is shown in
figure 12.

The second simulation shows the case of multi sensor
multi target tracking. The second sensor is an IR-camera,
which shows the heated spots according to the hot surface
regions of the vehicle. Most of the time, the results are com-



parable to the case of the single sensor tracking. However,
when the tracked target is far away, and the heading of the
car is such that only the side of the vehicle is visible for the
laser sensor, the second sensor reduces the position estima-
tion error significantly. This happens between simulation
time 16 and 18 and can be seen in figure 13.
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Fig. 13: Single and multi sensor feature model

the First results with real data, collected with an electro
mobil car on big parking areas as well as in traffic situa-
tions, show comparable results.

Summarizing the paper, the usage of a general 3D feature
model has been presented, which allows the use of differ-
ent sensor types integrated in one multi sensor detection and
tracking system. Different 3D objects can be modelled ade-
quately by using features distributed in the 3D object space.
As shown in simulations, the approach reduces the errors
of position and heading estimation significantly. This in-
creases the overall system performance of those multi sen-
sor tracking systems.
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