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Abstract

In the field of autonomously driving vehicles the environment perception containing dynamic
objects like other road users is essential. Especially, detecting other vehicles in the road traffic
using sensor data is of utmost importance. As the sensor data and the applied system model
for the objects of interest are noise corrupted, a filter algorithm must be used to track moving
objects. Using LIDAR sensors one object gives rise to more than one measurement per time
step and is therefore called extended object. This allows to jointly estimate the objects,
position, as well as its orientation, extension and shape. Estimating an arbitrary shaped object
comes with a higher computational effort than estimating the shape of an object that can be
approximated using a basic geometrical shape like an ellipse or a rectangle. In the case of a
vehicle, assuming a rectangular shape is an accurate assumption.

A recently developed approach models the contour of a vehicle as periodic B-spline function
[1]. This representation is an easy to use tool, as the contour can be specified by some basis
points in Cartesian coordinates. Also rotating, scaling and moving the contour is easy to handle
using a spline contour. This contour model can be used to develop a measurement model for
extended objects, that can be integrated into a tracking filter. Another approach modeling the
shape of a vehicle is the so-called bounding box that represents the shape as rectangle.

In this thesis the basics of single, multi and extended object tracking, as well as the basics of
B-spline functions are addressed. Afterwards, the spline measurement model is established in
detail and integrated into an extended Kalman filter to track a single extended object. An
implementation of the resulting algorithm is compared with the rectangular shape estimator.
The implementation of the rectangular shape estimator is provided. The comparison is done
using long-term considerations with Monte Carlo simulations and by analyzing the results of
a single run. Therefore, both algorithms are applied to the same measurements. The
measurements are generated using an artificial LIDAR sensor in a simulation environment.

In a real-world tracking scenario detecting several extended objects and measurements that
do not originate from a real object, named clutter measurements, is possible. Also, the sudden
appearance and disappearance of an object is possible. A filter framework investigated in
recent years that can handle tracking multiple objects in a cluttered environment is a random
finite set based approach. The idea of random finite sets and its use in a tracking filter is
recapped in this thesis. Afterwards, the spline measurement model is included in a multi
extended object tracking framework. An implementation of the resulting filter is investigated
in a long-term consideration using Monte Carlo simulations and by analyzing the results of a
single run. The multi extended object filter is also applied to artificial LIDAR measurements
generated in a simulation environment.

The results of comparing the spline based and rectangular based extended object trackers
show a more stable performance of the spline extended object tracker. Also, some problems
that have to be addressed in future works are discussed. The investigation of the resulting
multi extended object tracker shows a successful integration of the spline measurement
model in a multi extended object tracker. Also, with these results some problems remain, that
have to be solved in future works.
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1 Introduction

This chapter introduces the topics that are highlighted in this master thesis. Section 1.1
describes the motivation for working in this field of research. In section 1.2 the application for
the presented algorithm is described. Section 1.3 is about to introduce the algorithm worked
out and tested in this thesis, while the last section in this chapter summarizes the structure of
the thesis.

1.1 Motivation

A brief research on autonomous driving gives an idea of the efforts being made to advance
this topic. And this is only one field of research for the use of autonomous systems. In robotics
in general, but also in medical technology or the investigation of biological processes, work is
being done to automate processes. And these are just a few examples.

As the level of automation increases, the system environment needs to be captured more
accurately. In the case of autonomous robots that are supposed to act freely in their
environment, this means that fixed objects must be captured, and other moving objects must
be tracked. The focus of this thesis is on tracking other moving objects.

The environment can be detected by various sensors. These include sensors that generate a
point cloud, such as light detection and ranging (LIDAR) or radio detection and ranging
(RADAR) sensors, but also camera systems. This thesis examines a 2D-LIDAR sensor as a
measurement system.

When measuring moving objects with these systems, different problems can occur. First, the
number of measured objects and the number of measurements each object generates is
unknown. At the beginning of this research area, distant objects were measured and tracked.
They generated only one measurement per time step and could therefore be modeled as point
objects. But the further development of sensor technology has led to several measurements
being generated per object and time step at a sufficiently short distance between the sensor
and the measuring object. These objects are called extended objects.

Furthermore, it must be assumed that all measurements are afflicted with an error which must
be compensated. The occurrence of incorrect measurements must also be considered. All
these reasons lead to the necessity of a filter, which generates an estimate of the state of the
individual objects from the measurement data at each time step. A solution to this problem is
provided by the Bayesian filter theory.

1.2 Application description

In general, the solution to the multi extended object problem, presented in this thesis, can be
applied to many applications. Here the tracking solution is applied to the automotive sector.
The aim is to track extended objects with almost rectangular extension, with the possibility of
detecting both small and large vehicles. Accordingly, the extension model must be scalable so
that both a car and a truck can be detected.

For this application a 2D-LIDAR sensor is used. This sensor measures the distance and the angle
of the detected measuring point, so the sensor measures in polar coordinates. Both the
distance and the angle are not measured exactly.

Figure 1.1 shows an example of the examined application. The LIDAR sensor with a resolution
of two degrees and a range of 30 meters is located in the origin. In this example, three objects
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with different extensions are detected. The measurements are noise corrupted as mentioned
above.
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Figure 1.1: Example of the application presented in this thesis

With this sensor, either one or two sides of the object can be detected if it is assumed that
there are no reflections of the laser beams. Otherwise, multipath detections at the sides of
the objects away from the sensor would occur.

Situations not shown in this figure are false measurements and occlusions. False
measurements, which are called clutter in the following, are randomly occurring
measurements that cannot be assigned to a real object. In the case of occlusions, two objects
are located one behind the other, so the sensor cannot capture the entire rear object.

1.3 Investigated approach

In the development of an approach for the multi extended object problem the measurement
model of the extended object is a crucial part. In this thesis an approach is presented where
the extension of the object is modeled as a quadratic periodic B-spline function. This makes it
possible to display the contour as a rectangle with rounded edges as shown in Figure 1.1. This
shape is ideal for a vehicle, but cannot be used for many other objects, therefore the contour
function must be adapted. B-spline functions are easy to handle, because the shape can be
modeled in Cartesian coordinates and the contour can easily be scaled in x and y Dimension.

To use the measurement model in a tracking scenario, it must be integrated into a Bayesian
filter framework. In the case of a single object tracker the well-known extended Kalman filter
is used. In the multi object case there are many scenarios that do not need to be considered
in the single object case. First it is unknown how many objects of interest are situated in the
surveillance area at every time step. It is always possible that a new object is born. Also, the
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disappearance of an object is possible in every time step. Therefore, the assignment of the
measurements to the given and new tracks is a very complicated part. Furthermore, it can
never be assumed that a measurement actually belongs to a real object, since clutter
measurements can occur as well. Various approaches exist to all these problems. The one
presented in this thesis is a Gaussian mixture probability hypothesis density (GM-PHD) filter.

In order to evaluate the performance of the approach in the single object case, it is compared
with an extension model that represents the shape as a rectangle. The two algorithms are
compared mainly by Monte Carlo simulations.

1.4 Structure of the thesis

The remainder of this thesis is structured as follows. Chapter 2 gives a rough overview of the
Bayesian filter theory. Therefore, a brief review of the derivation of the Bayes filter and its
linear and nonlinear parametric solutions are given. Chapter 3 then continues with the
problem of modeling extended objects. The ideas of different approaches, as well as the
representation of the contour as a rectangle, are presented. Chapter 4 then discusses the
multi object tracking problem. Here the idea of random finite sets is introduced and integrated
in the Bayesian filter theory. The chapter ends with the presentation of a solution for the multi
object tracking problem, the GM-PHD filter. The basics of splines are then explained in chapter
5. Also, the representation of the vehicle contour as a spline function is presented. In chapter
6 the Cartesian B-spline model for extended objects is introduced. Therefore, the derivation
of the measurement model is performed. Finally, the integration of the measurement model
in the extended Kalman and the GM-PHD filter framework is carried out in this chapter. The
performance evaluation of the developed approach is presented in chapter 7. The thesis ends
with the conclusions and ideas for future work in chapter 8.

2 Bayesian filter theory

In this chapter the basics of the Bayesian filter theory are discussed. The theory is based on
the considerations for the estimation of states out of noisy measurement data. This estimation
is provided by a Bayes filter, which is presented in section 2.1. Since this filter is of theoretical
nature and cannot be implemented in this form, filter solutions for linear and nonlinear
motion and measurement models, addressed in section 2.2, are presented in sections 2.3 and
2.4 respectively.

2.1 The Bayes filter

In general, the Bayes filter [2, pp. 22-25] [3, pp. 41-42] [4, pp. 13-15] is a framework for the
state estimation out of noise corrupted measurement data. Assuming there is a measurement
set Z¥ = {z,,2,, ... ,z;} up to time k. Based on these measurements, an estimation of the
states of the object at the respective time is to be given. The set of states is denoted as X* =
{x1,%x5, ... ,X;}. It must be assumed that the measurements are noisy and therefore not
accurate. Based on this assumption, the state estimation is to be given in the form of a
probability distribution p(X¥|Z*) under the assumption of known measurement data. Since
this distribution is very difficult to determine in reality, Bayes' theorem is applied in a first
step. The probability of the kth set of states, given a measurement set, is then given as

p(Z¥|X*) - p(X*)
p(Z¥)

p(X¥|Z¥) = (2.1)

However, the information of the previous system states is not used adequately in this
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equation of the states. The goal is a recursive presentation of the states. In order to obtain
such a presentation, three basic assumptions for the further calculations are assumed below:

1. Principle of causality: It can be assumed that the measurements up to time k — 1 are
not influenced by the system state at time k.

2. Markov characteristic: The system state at time k is only dependent on the system
state at time k — 1. All previous system states can be ignored.

3. Measuring characteristic: The measurement at time k is only dependent on the system
state at time k.

The application of these assumptions results in the presentation of a recursive Bayes rule and
is then given as

p(Zi|x))

k| 7ky —
PXHIZE) = D)

Cp(xglxp—y) - p(XETHZEY) (2.2)

According to this recursive Bayes rule, all previous system states are calculated in each
iteration step, which represents an unnecessary computational effort. A representation in
which the current state x; is determined from the previous one x;,_; is desirable. This is
achieved by considering the marginal distribution. The integration over all past states
Xg, .., Xp—1 results in the algorithm of the Bayes filter, represented by the two following
equations.

1. Prediction step or Chapman-Kolmogorov equation:

P21 = f Pl er) - Pt ZF) dxes . (2.3)

2. Update step:

p(x,|ZF) =1 - p(zlxy) - p(xi|ZF71). (2.4)

The normalization coefficient n = is determined by the law of total probability by

_r
p(zx|Zk~1)
integrating over all system states that could have caused the given measurement and is then
given as

p(z|Z* 1) = JP(Zk|xk) - p(x|ZFY) dxy, (2.5)

The probability density calculated in the prediction step (2.3) is called the prior density while
the probability density of the update step (2.4) is called the posterior density. By applying
these two steps, a statement about the system state under the consideration of the given
measurement set can be made. The assumptions used for this derivation are very crucial in
this context. If these assumptions do not apply to the application, a Bayes filter in this form
cannot be used. However, the assumptions apply in most applications, which justifies their
use. The Bayes filter can only be used in this form if the probability distributions used are
known. Since these are not known in most cases, assumptions must be made to use the Bayes
filter in reality. These assumptions are discussed in the following sections.
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2.2 The motion and measurement model

In order to make a prediction of the change of state and the associated measurement, suitable
models [5, pp. 91-119] [6, pp. 267-295] [7, pp. 199-257] must be applied for both processes.
In general, both the motion and the measurement model can be represented as nonlinear
functions. In the case of the motion model the transition depends on the previous system
state x;_;, some system inputs u;_; and a noise term v,_;, so the motion model is given as
X = f(Xg_1, Ug_1, Vix_1). In the remainder of this thesis the system inputs will be neglected.
The noise term v;_; is assumed to be additive with zero mean, so the expectation value is
E(vk-_1) = 0. The transition of the system states can then be represented as

xp = f(Xp-1) + Vg1 (2.6)

Frequently used models are the Constant Velocity (CV) and Constant Turn Rate and Velocity
(CTRV) [8] models.

In the case of the measurement model the calculation depends on the current system state
X, and a noise term wy, and is then given as z;, = h(xy, w;). As for the transition of the
system state the noise term wy, is assumed to be additive with zero mean, so the expectation
value is E(wy) = 0 and the measurement model can then be represented as

Zy = h(xk) + wy . (27)

In general, the measurement model contains the conversion of the system states into the
actual representation of the measurement states.

In the case of linear correlations in the motion and measurement model both can be
simplified. The transition of the system is then given as

Xk = F- Xp—q1 + V4 (28)

with transition matrix F, while the calculation of the measurements is given as

Z, = H - X+ wyg (29)

with measurement matrix H.

2.3 Asolution of the Bayes filter — The Kalman filter

Since the prior and the posterior of (2.3) and (2.4) respectively are given by general probability
densities, analytical densities must be assumed in reality. In the first step a system with linear
motion and measurement model is considered, so the general equations (2.8) and (2.9) can
be taken into account. When considering these equations, it becomes clear that the
uncertainty in the prediction of the state and the measurement is in the noise term. These
noise terms are assumed to be additive and normally distributed with zero mean. Given these
assumptions the distribution of the system state with a given previous system state can be
specified as

(X |xk—1) = p(Wk-1) = p(x) — Fxy_q)

(2.10)
= N(xx — Fxp_1,0,Q,) = N (xg, Fxp_1, Q) -

Here the covariance matrix of the noise v,_; is referred to as Q. The distribution of the
measurement with a given system state can then be specified as
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p(zilxy) = p(wy) = p(z, — Hxy) = N (2, — Hxy,0,R,) = N'(2; Hxy, Ry) . (2.11)

Here the covariance matrix of the measurement noise wy_; is referred to as R. In the
recursive representation of the Bayes filter, the distribution of the state estimate from the last
time step is finally needed. This is also assumed to be normal distributed and is given as

p(xp-11Z51) = N (%15 R—1jk-1, Pr—1jk—1) (2.12)

with the expected value X,_qx—1 and the covariance matrix Py_yx—1. These three normal
distributions can now be used in (2.3) — (2.5). The further simplifications are not presented
here but can be performed using the Gaussian product theorem [9]. The result of these
simplifications is the well-known Kalman filter [10] [2, pp. 25-30] [11, pp. 56-69] [5, pp. 34-48],
whose algorithm can be divided into the following three steps.

1. Prediction of the system state with corresponding covariance:
X1 = F - Xp_qjk—1 (2.13)
Peje—1=F * Pe—qje—1 " FT + Qi (2.14)
2. Prediction of the measurement with corresponding Innovation covariance:
Zy = H X1 (2.15)
Sk =H* Pye—1 - H" + Ry, (2.16)

3. Update of the system state and the corresponding covariance:

Kk =Pk|k_1'HT'S];1 (217)
Xijk = Xjk—1 + Kie - (2 — 2y) (2.18)
Pk = Prjie—1 — Ki " H * Pijg—1 (2.19)

The result of the filter is an estimation of the system state X, from a given measurement z;
with corresponding covariance Py ;. However, not all measurement and motion models can
be assumed to be linear. Furthermore, the assumption that all distributions can be assumed
as Gaussians does not apply in all systems. Approaches to solve these problems are discussed
in the following chapter.

2.4 Bayes filter solutions for nonlinear models

When using nonlinear models, the general equations (2.6) and (2.7) must be assumed as
motion and measurement models. Once again, the noise terms are assumed to be additive
and Gaussian with zero mean. In general, two approaches are known to determine the
distribution of the state estimation in this case. The idea of the first approach is to linearize
the models. Therefore, the Jacobi matrix of the motion model and the measurement model
must be determined in each step. The filter that results from this approach is called the
extended Kalman filter (EKF). The idea of the second approach is to approximate the
distribution as normal distribution using the expectation value and the standard deviation, its
parameters. Therefore, a sufficient number of so-called sigma-points must be drawn in each
step, in order to be able to display the parameters of the Gaussian distribution. The number
of sigma-points depends on the dimension of the normal distribution. The filter that results
from this approach is called the unscented Kalman filter (UKF).
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The nonlinear approach used in this thesis is an EKF. The UKF is not used in this thesis, thus it
is not discussed further here. For the derivation and the UKF filter equations, the reader is
referred to [12] [2, pp. 36-43]. The derivation of the EKF approach can also be found in the
literature [11, pp. 106-116] [2, pp. 31-36] [5, pp. 48-54]. In the following only the filter
equations are shown. Since the filter update of the EKF is identical to the update of the linear
Kalman filter, only the prediction of the system state and the measurement are shown.

1. Calculation of the Jacobi matrix of f:

Fie = Vr f (0 Le=y_1pes (2.20)

2. Prediction of the system state with corresponding covariance:
Xigk—1 = [ Re—1k-1) (2.21)
Pyjk—1 = Fi " Py_qpe—1 " Fip + Qg (2.22)
3. Calculation of the Jacobi matrix of h:

Hie = V,rh(20) sy (2.23)

4. Prediction of the measurement with corresponding Innovation covariance:
Z, = h(Xyk-1) (2.24)
Sk :Hk.Pk|k—1.Hl’€+Rk (225)

5. Update of the system state and the corresponding covariance according to (2.17) —
(2.19)

When processing systems with arbitrary complex distributions, the performance of a Kalman
filter can become very poor. In these cases, the distributions often have several maxima, so
they cannot be described accurate by a normal distribution. If such a distribution is present,
sequential Monte Carlo methods [2, pp. 46-53] [13] [14] or particle filters lead to the desired
result. The idea of this method is to represent the distribution by a large number of samples,
also called particles. In regions of high probability many particles should be present and in
regions of low probability few particles. With this method, the performance gain is bought
with a significantly higher computational effort, that can be parallelized very well.
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3 Extended object tracking

This chapter gives an overview of the problem of modeling extended objects [15]. In the first
section a precise definition of the problem is given. In the second section, the best-known
approaches to solve this problem are presented. Finally, the measurement model used for
comparison, the rectangular shape estimator, is presented in section 3.3.

3.1 Problem definition

By expanding the field of applications and improving sensor technology, different tracking
scenarios must be distinguished in the area of environment perception [15]. Definitions for
these different scenarios are given below.

e Point object tracking: Each object within the surveillance area generates at most one
measurement per time step.

e Extended object tracking: Each object within the surveillance area can generate several
measurements per time step with the measurements distributed spatially around the
object. Each measurement is generated by a measurement source located on the
surface of the extended object.

e Group object tracking: Some objects within the surveillance area can consist of
multiple objects where each object can be modeled as an extended object or a point
object. The objects in the group share some motion characteristics e.g. moving in the
same direction with a similar velocity. They can therefore be treated as one object and
are not tracked individually.
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Figure 3.1: lllustration of different tracking scenarios
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The different scenarios are shown in Figure 3.1 with a car as extended object, a pedestrian as
point object and a group of pedestrians as group object. The group tracking scenario is
illustrated with three point objects in this example, but could also be a group of extended
objects, or a mixture of extended and point objects.

3.1.1 The object state

When modeling the state of an extended object, the position, kinematics and extension must
be represented in a state vector x; for time step k [15]. In the following example, the
extension is assumed to be a rectangle to illustrate the state vector which, in this example,
would be given as

Xk = (X, Vi Ve Wi, L, W)™ (3.1)

The object state is illustrated in Figure 3.2.

Modelled contour
® Center
—= Velocity

y-position in m

x-position in m
Figure 3.2: lllustration of the object state

In this representation, the vector (x;,y,)T represents the position of the center point. The
kinematic is represented by the velocity vy, the orientation by the heading angle ¥}, and the
extension of the object is represented by the length L, and the width W}, of the rectangle.

The composition of the object state depends on many factors. In many applications it is
sufficient to model the objects position in 2D coordinates, however, the third spatial
dimension cannot be ignored, when tracking flying objects. The object state also depends on
the choice of the motion model. In a CV model the orientation would be neglected, while in
other models the steering angle of the moving object would be added. Furthermore, the
extension state depends on the choice of the shape to be modeled. In many applications it is
sufficient to model the extent with a simple geometric shape like a rectangle or an ellipse. In
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other applications the choice of a more general shape would be more appropriate. So, the
composition of the object state must be reconsidered in every application separately.

3.1.2 Modeling the measurements

Finding a suitable measurement model is a crucial part when tracking extended objects.
Depending on the sensor and the relative positioning of the sensor and the object to be
measured, a different number of measurements is generated from different measurement
sources. In addition, all detections are measured with an additive random noise and the
assignment of a measurement to a specific measurement source is unknown. Modeling the
measurement process, summarized in [15], is therefore a highly complex problem. When
tracking extended objects, it is assumed that a measurement set Z), = {24, Z,, ... , Z, } of n
measurements is available at each time step k. In this case the conditional distribution

p(Zy|xx) (3.2)

is searched for modeling the measurements. Thus, the distribution of all measurements given
a specific object state is to be calculated. In a first step, it can be assumed that the detections
are measured independently of each other so the measurement likelihood can be stated as

ng
pZilx) = | [p@dan 33)
i=1

Further considerations can be divided into two different approaches. In the first approach, the
detections are modeled as Poisson point process [16]. It is assumed that the number of
detections generated by the measurement object follows a Poisson distribution that depends
on the object state. The localization of the measurements then follows a spatial distribution.
This approach completely avoids a direct assignment of the measurements to the
corresponding measurement sources. In the literature this assignment is referred to the data
association problem in extended object tracking. The Poisson point process approach is used
to model the extension of the tracked object as a random matrix [17], which will be briefly
introduced later.

In the second approach, each measurement z; is modeled as a detection of a measurement
source y € Yy = {¥1,¥2, .- ,¥n, } located on the surface of the object. The distribution of a
measurement given an object state xy is then calculated as the total probability

p(zilx) = j p(zly) - pylx) dy (3.4)

of all measurement sources y that could have caused the measurement. The data association
problem is a crucial part in the use of this approach. A well-known possibility of modeling
measurement sources is the random hypersurface model [18], where each measurement
source is assumed to be an element of a randomly generated hypersurface. In mathematics,
hypersurfaces denote objects of codimension one. In 3-dimensional space this object would
be a surface and in 2-dimensional space a curve. The random hypersurface model will also be
briefly introduced later.

3.1.3 Modeling the shape
When modeling the shape of an extended object, different levels of difficulty must be
distinguished. The description of the shape can therefore be less to highly complex. These
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different levels are reflected in different approximations and algorithms [15]. The question of
the choice of the appropriate modeling of the shape for the application cannot be answered
easily. With highly complex approaches, the calculation effort increases considerably, whereas
less complex approaches often do not generate the information that is needed. The goal is
therefore to choose an approach that generates the necessary information with as less
computational effort as possible. In the following, the different levels of complexity are briefly
explained.

e No shape modeling: For example, if an application does not require information’s
about the extension of the tracked objects, a model can be selected that completely
neglects the extension and estimates only the kinematic components. Since the sensor
can generate a large number of measurements per object and time step, information
is deliberately discarded in this case.

e Standard geometrical shape modeling: A common approach of describing the shape of
an extended object is to use a basic geometric shape for the object such as ellipses or
rectangles. These models are sufficient for some applications and are not too complex,
so that the computation can be carried out in a reasonable time.

e Arbitrary shape modeling: The most complex models are those that are able to
describe an arbitrary shape of the extended object. These models are able to describe
objects with unusual shapes. The generality of the approach, however, also entails a
high computational effort.

The choice of the complexity level depends on the application and the objects to be tracked.
In applications for tracking cars or ships, it is normally sufficient to describe the extension with
a standard shape, such as a rectangle or an ellipse respectively. On the other hand, the
extension of a pedestrian can be neglected due to size differences in these applications. If
objects are to be tracked whose shape resembles neither a rectangle nor an ellipse, models
must be selected to describe an arbitrary shape. An example of such an object can be a plane
whose shape resembles a cross. When describing a cross with a rectangle or an ellipse, big
mistakes can be made. In the literature there are two different approaches for the description
of arbitrary shapes. The first describes the shape by a curve, while the second describes the
shape by composite ellipses. Literature examples for all three complexity levels can be found
in [15].

3.2 Popular approaches to extended object tracking

In this section two popular approaches to the problem of tracking extended objects are
addressed. In the first subsection the random matrix approach, where the extension of the
object is represented as ellipse using a spatial distribution, is briefly outlined. The random
matrix extension model has been investigated in a single object tracking framework [17], as
well as in a multi object tracking scenario [19]. In the second subsection the random
hypersurface model is addressed [18]. Using this approach, the state of arbitrary shaped
objects can be estimated in a tracking filter.

3.2.1 The random matrix approach

The random matrix approach is an example of modeling the measurements originating from
an extended object using a spatial distribution. The state of the extended object is split up to
a state vector xj, containing the position, orientation and kinematics, and an extent matrix
X as &, = (xy, Xi). The extent matrix is modeled as symmetric and positive definite square
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matrix with X, € R%*%, where d is the objects position dimension. With the position e.g. in 2-
dimensional space, the extent matrix is of dimension X; € R?*2. A symmetric and positive
definite square matrix describes an ellipse with the half axes defined using the Eigen values of
the matrix Xj. Integrating the random matrix measurement model in a Bayesian tracking
framework, the aim is to jointly estimate the objects position, kinematics and extension as
p(&.1Z¥) with the set of measurements up to time k denoted as Z¥. This probability density
function can be split up to the product

p(klZ*) = p(xy, X |Z%) = p(xi | Xy, ZF) - p (X1 Z5) (3.5)

where p(xy|Xy, Z¥) is a vector variate density and p(X,|Z*) a matrix variate density. In
Bayesian probability theory the posterior and prior probability are called conjugate
distributions if the probability distributions are in the same probability family. In the case of
Gaussian distributed measurements the conjugate prior for the mean of the measurement is
Gaussian distributed, whereas the covariance is inverse Wishart distributed [15] [17]. The
original measurement model for the random matrix approach [17] applies the extent matrix
X}, as covariance matrix of the measurement process. As the measurement process is modeled
using a Gaussian distribution it is given as

p(Zyl|xy, X)) = N (zy; Hexp, X)) - (3.6)

Using this expression, the spatial distribution of the measurements is given through the
covariance matrix X, that implies an elliptical extent. Furthermore, the probability density
functions of (3.5) can be modeled as product of a Gaussian and inverse Wishart distribution.
The random matrix approach provides a robust possibility of tracking extended objects as it
completely avoids a measurement to the objects contour or measurement source association.
Approaches that apply this association can completely fail if the prediction step is not precise
enough. The way of modeling the objects shape as ellipse seems limiting, indeed it is
applicable to many real-world scenarios like tracking of pedestrians, cyclists, ships or boats.
An overview of investigated scenarios is given in [15]. However, the elliptical shape still can
reach a limit if the shape of the object is too disparate to an ellipse, or in the case of closely
spaced objects where the shape needs to be estimated very accurately. In those cases, it is
necessary to be able of estimating an arbitrary shaped object, which is addressed in the next
subsection.

3.2.2 Therandom hypersurface approach

The random hypersurface model originally proposed in [18] is a method of modeling the
measurement source as an element of a randomly generated hypersurface. In a d-dimensional
space a hypersurface is a surface of dimension d — 1. Thus, a hypersurface in 2-dimensional
space is a line. For a random set measurement model, the shape of the extended object is
assumed to be of the form

O0(pr) ={z € R?|g(z,px) < 0} (3.7)

where p; is a parameter vector and g(z,p;) is the function defining the shape of the
extended object. The points belonging to the object are therefore all the points on the
boundary or with a distance smaller than the boundary. For a circle the parameter vector
would contain the center and the radius. Now the object generates a set of measurements
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ng . .r: . .
Z, = {Zk'l}l—l in a specific time step. The measurement source to each measurement is
assumed to be an element of the measurement set

M (piy) = {y € R*|C(y. pi%)} (3.8)

where p}c'fl is the parameter vector similar to the parameter vector of the set defining the
objects shape and C(y, pil) is a constraint similar to the function specifying the objects
shape. Given the two parameter vectors p, and py; of the shape and measurement set
respectively, the random set measurement model is specified as f(p{c’fl|pk). The random set
measurement model is a generalization of the spatial distribution model like the random
matrix approach, as the measurement set would be the singleton M(p}c'fl) = {p}(’fl} for a
spatial distribution model. In the case of a random hypersurface model the measurement set
is assumed to be a hypersurface respectively a scaled version of the object’s boundary
specified by a random scaling factor s ;. The measurement source is then specified by a 1-
dimensional distribution over the hypersurface. A summary to the random hypersurface
model is also given in [15]. In [18] the random hypersurface model is applied to elliptical
shaped extended objects. The measurement set is therefore a scaled version of the boundary
ellipse. A comparison of the random matrix approach and the random hypersurface model for
extended objects is given in [20]. An expansion of the random hypersurface model for elliptical
shape to star convex shapes is addressed in [21]. A star convex set is a set where the
connecting line of the center to a point on the boundary is completely in the set. A star convex
boundary can be specified using a radial function r(¢). A radial function gives the distance
between the center and the contour point depending on the given angle ¢. Using a Fourier
series expansion of degree Ng, a periodic radial function can be specified as

© XNF
a , ,
r(ag, by, §) = % + z a? cos(jo) + b sin(jg) . (3.9)
=1

When tracking an arbitrary star convex shaped extended object, the degree of the Fourier
series expansion can be fixed, and the parameters can be estimated in a Bayesian tracking
filter. As the random hypersurface model is able to model arbitrary shaped objects it comes
with a much higher computational effort than a spatial distribution model.

3.3 The rectangular shape estimator

When tracking vehicles in the road traffic, the position, orientation, kinematics and extension
is to be estimated using sensor data. An intuitive approach is to model the extension of a
vehicle as rectangle, also known as bounding box. A tracking filter for rectangular objects
briefly addressed in this section is given in [22]. The object state x; can be used according to

(3.1) in this algorithm. The measurements Z;, = {zk_i}?; are assumed to be generated from

specific points on the object’s contour. The measurement sources Y, = {yk’i} “ on the

n

i=1
contour are assumed to be the closest points to the measurements, which can be computed
using an orthogonal projection on the bounding box. An illustration of the measurement

prediction is given in Figure 3.3. Using the distance d ; between the measurement z, ; =

T
(x,(clzi), ylgi)) and the measurement source y, ; = (x,?fi), yg)), as well as the orientation Y, of

the bounding box, the measurement source can be computed as
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xg) _ dk,i ' COS(I/)Ak'i) + X,(jl)
= . (3.10)
) (2)

Vi dy; - sin(Py;) + Vi

By denoting the box sides with a counter clockwise line identification index j € {0, ...,3},
where 0 is the front, the angle ll}Ak‘i of (3.10) can be calculated as l/)Ak’i =Y, + g ‘]

8 L -
O  measurement
O  measurement source
7L ® bounding points i
Q
6 F \d; |
£
£
c
QO 5F A
‘»
o
@
>
4 L -
3 L -
2 C | | | 1 1 | | ]
1 2 3 4 5 6 7 8 9

x-position in m
Figure 3.3: Measurement prediction for the rectangular shape estimator

Given a set of measurements and a predicted bounding box, the set of measurement sources
can be computed. The aim of the filter is to adjust the bounding box parameters according to
an optimal fit to the given measurement set. Therefore, the residuals

v,g) = x,(g/i) — x,g,zi) , (3.11)

v =y -y & (3.12)

need to be minimized with respect to the equation system

(dk,i -cos(Pr;) + x,E?) ~ (x,(c‘zi) + vg))

i =0. (3.13)
digi - sin(e) + 37 ) \(07 +v)

The calculation of the full covariance matrix P, for the estimated system state x;, containing
the variances as well as the corresponding correlation coefficients, is described in [22]. In the
case of fast changes in the parameters of the bounding box the adjustment fails. This problem
can be addressed by transforming the rectangle distribution to the measurement space using
the bounding points illustrated in Figure 3.3. In the remainder of this thesis the rectangular
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shape estimator is used for comparison with the investigated spline-based measurement
model. To compare the rectangular shape estimator with the presented spline-based
measurement model, an implementation of the rectangular shape estimator is provided by
Stefan Wirtensohn.

4 Multi object tracking

This chapter describes a solution to the problem of tracking multiple objects in a cluttered
environment. In classic approaches each track is assigned to a measurement in order to
perform a single object tracker. The main challenge is therefore the measurement to track
assignment and the track management in these approaches. The track management is needed
since the disappearance or appearance of an object can occur in each time step. A solution to
the multi object tracking problem investigated in recent years is an approach describing the
problem in a multi object Bayes filter using so called random finite sets (RFS) and finite set
statistics (FISST), leading to the probability hypothesis density (PHD) filter. The remainder of
this chapter is organized as follows. In section 4.1 the problem of tracking multiple objects is
described in detail. Also, the classic approaches solving this problem and their limitations
leading to the necessity of a new approach are briefly addressed. In order to be able to
understand the generalization of the single object Bayes filter to a multi object Bayes filter,
the basic ideas of a RFS and FISST are discussed in section 4.2. The derivation of the multi
object Bayes recursion using RFSs is then presented in section 4.3. Since the general multi
object Bayes equation is computationally intractable in most scenarios, approximations are
needed to propagate the posterior multi object distribution. Two famous approximations to
the multi object Bayes recursion are the PHD filter and the Multi-Bernoulli filter. In section 4.4
the PHD framework is therefore described. Since the aim of this thesis is about to track
multiple extended objects the modifications of the point object PHD filter to an extended
object PHD filter are summarized in section 4.5.

4.1 Problem description

In a first consideration of the multi object tracking problem the objects are assumed to be
point objects generating at most one measurement per time step. Using this assumption
several problems need to be considered when tracking multiple objects in a cluttered
environment.

e The number of objects being present in the surveillance area is unknown. Besides, it
cannot be assumed that every object being present generates a measurement in every
time step.

e The number of objects being present in the surveillance area can change within every
time step since new objects can appear and present objects can disappear. Also, the
spawning of one object to multiple objects is possible.

e The assignment of a measurement to a specific track is a very complex problem. Since
the number of objects being present is unknown the measurement can occur from a
real object or can be a clutter measurement. Assigning a measurement to a wrong
track can lead to a filter divergence.

A visualization of the multi object tracking problem is shown in Figure 4.1. In the figure eight
measurements originating from nine objects and five clutter measurements are shown. For
the sensor the real measurements and clutter measurements are indistinguishable. Therefore,
the measurement to track assignment is a crucial problem in multi object tracking. Since multi
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object tracking is a problem studied for decades’ various approaches exist to solve it. The most
widely used classic approaches are the joint probabilistic data association (JPDA) filter and the
multi hypothesis tracking (MHT) filter. Summaries to both filters and references to other
approaches can be found in [23]. The basic idea to classic solutions of the multi object tracking
problem is always to assign a measurement to a track and perform one of the single object
trackers presented in chapter 2. Since clutter measurements can occur, objects can appear or
disappear and misdetections are possible, the measurement to track assignment is the key
element of a classic multi object tracker. The assignment approaches are briefly summarized
below. For detailed information the reader is referred to the literature given below.

The simplest possible data association is a nearest neighbor approach where each predicted
track is assigned to the nearest measurement to perform the update step of a single object
Bayes filter.
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Figure 4.1: Multi object tracking problem visualization

Due to the possible unequal number of measurements and tracks, this approach can lead to a
very poor performance since one measurement can be assigned to various tracks, causing the
filter to diverge. An extension of the nearest neighbor approach is the global nearest neighbor
tracker where each measurement is assigned to at most one track. Using a cost function like
the total distance, where each track is assigned to a unique measurement, the goal is to
minimize the cost function forming a joint data association. However, the global nearest
neighbor approach is also susceptible to track loss leading to poor filter performances.
Therefore, a data association approach for tracking a single object in a cluttered environment
can be extended to track multiple objects. The probabilistic data association (PDA) filter [2,
pp. 111-119] [11, pp. 163-184] uses all validated measurements per time step to update the
prior density of the track using a weighting assumption to each measurement. The joint PDA
(JPDA) filter [2, pp. 205-221] [11, pp. 222-238] is the extension to track a known number of
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objects in a cluttered environment. Since the number of objects actually being present can be
unknown in many scenarios, the JPDA filter can be extended to the joint integrated PDA filter
[24], in order to track an unknown number of objects in a cluttered environment. When
tracking closely spaced objects, the JPDA filter reaches its limits leading to the necessity of an
approach considering all possible progressions of the track.

Given a set of tracks and a set of measurements in one time step, the multi hypothesis tracking
(MHT) [23] filter scores every association hypothesis and performs a single object Bayes
update for every probable association hypothesis. In the next time step the new set of
measurements can be used to reassess every association hypothesis and delete the unlikely
ones. This procedure automatically handles the appearance and disappearance of a single
object, as one association hypothesis for every measurement is always a non-existing track.
Also, a non-detection hypothesis is always considered. In order to reduce the number of
hypotheses, merging and pruning is performed within every time step. Otherwise the number
of hypotheses would increase exponentially. In a pruning step all hypotheses with a weighting
score lower than a specific threshold are rejected, while a merging step is used to melt closely
spaced hypotheses. However, the number of hypotheses increases very fast, although
merging and pruning is performed causing the filter to become very slow.

The novel approach investigated in the last one and a half decades was first introduced by
Mahler [25] using RFSs and FISST methods to describe a closed multi object Bayesian filter
approach. An approximation of the multi object Bayes equation is used in this thesis to track
several extended objects. Using the RFS approach, comparable results to MHT filters with a
lower computational effort can be achieved. In order to be able to understand the multi object
Bayesian filter approach, the next section is about to recap the theory of RFSs and FISST
methods.

4.2 Random finite sets

When tracking multiple objects in a cluttered environment the number of tracks as well as the
number of measurements are random. The set of tracks and measurements therefore need
to be modeled random in the number of elements and the elements itself. Such a tool is
provided by the theory of RFSs and FISST [26, pp. 343-394] [4, pp. 19-30] [3, pp. 61-64] [27]. A
RFS X = {x, ... ,x,,} represents an unordered set of elements drawn of the space X with
X1, ..., Xn € X. In general, the space X can be any measurable space, however, this thesis is
restricted to the space being an Euclidean space with X’ = R™. Using this representation, the
multi object state can be stated as

X ={xy, .., x }, %1, .., %, ER" (4.1)

with a varying number of tracks r;, possibly changing every time step and the set elements
drawn from the state space R™. Analog to this, the measurement set can be stated as

Z, ={z,, ...,zlk},zl, w2y, €ER™ (4.2)

with a varying number of measurements [, possibly changing every time step and the set
elements drawn out of the measurement space R™. The number of elements in a RFS is
denoted as the cardinality |X| and modeled using a discrete distribution p(n) = P{|X| = n}
to clarify the varying number of tracks and measurements in every time step. Furthermore,
the elements of the RFS itself need to be modeled using a symmetric joint distribution
Pn(Xx1, ... ,X,), to represent the random draw of elements out of the Euclidean space. A
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symmetric joint distribution delivers the same value if the order of arguments is swapped. The
distribution therefore is equal for every permutation of the input values. In summary a RFS
draws its instantiations out of the set of all finite subsets of R" denoted as F(R") as X €
F(R™). By specifying the discrete distribution p(n), modeling the cardinality, and the
symmetric joint distribution p,, modeling the drawing of the set elements, a RFS is well-
defined. In order to use a RFS in a multi object Bayesian filter, the usual probabilistic
descriptors like the probability density function (PDF) and its moments need to be defined for
a RFS. In Mahler [26, pp. 343-394], these descriptors are summarized under the term FISST. A
FISST PDF is then defined as

f({xll 'xn}) = TL! ' p(n) ' pn(xlﬂ 'xn) (43)

with the FISST PDF denoted as f(X). In order to verify the well-definition of the FISST PDF it
needs to integrate to one. Since a RFS is a set and therefore the FISST PDF is a function defined
on sets it must be integrated using a set integral defined as

> 1
ff(X) 06X :=f(9) + Z Ef f{xq, .., . Ddx; ... dx,, . (4.4)
n=1

By inserting (4.3) in (4.4), the set integral can be stated as [ f(X)6X = f(@) + Z;‘{;l% -p(n) -

fpn(xl ..Xp)dx; ...dx,. The FISST PDF is equal to zero inserting the empty set and the joint
distribution p,, integrates to one since it is a well-defined PDF. The set integral therefore
simplifies to [ f(X)6X = Y7, p(n) = 1, which is equal to one since p(n) is a well-defined
discrete PDF that sums up to one for all n € N. This calculation proves f(X) to be a well-
defined PDF.

Another tool needed for the derivation of a tractable multi object Bayes filter is the first order
moment of a RFS [4, p. 23]. As a reminder, the first order moment of a random variable is the
expectation value. Given a RFS X € R", its first order moment is defined as

V(B):=E(|X N B|) = fv(x)dx (4.5)
B

for any B € R". In this definition v(x) is called the intensity function. The first order moment
over a set B can be interpreted as the expected number of elements of X that are elements
of B as well. In the remainder of this thesis the first order moment will be used as an
approximation of the posterior density within a multi object Bayes filter, propagating only the
intensity function over time, comparable to the expectation value within a Kalman filter
propagating over time.

Following, two RFSs needed in this thesis are summarized [27]. Therefore, only the cardinality
distribution p(n) needs to be specified. The first RFS needed is one to model whether the set
involves an element or not, called Bernoulli RFS. The cardinality distribution accordingly is
represented by a Bernoulli distribution. Thus, the Bernoulli RFS involves an element with
probability g and is empty with probability 1 — q. The Bernoulli RFS is then given as
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1-q ifX=0

FO =g iF X - ) (4
Other important RFSs, considering a multi object Bayes equation, are independent identically
distributed (1ID) cluster RFSs. Within this special case each element of the RFS x € X is
independent but identically distributed according to the PDF p(x). Using this property, the
joint probability of (4.3) can be rewritten using the product over the identically distributed
probability of each element within the RFS. The FISST PDF of an IID cluster RFS is then given
as

f( 2] =t () - | [0, a.7)

xeEX

The set of measurements as well as the set of objects are modeled using IID cluster RFSs, since
the measurements are assumed to be generated independently of each other and the objects
are assumed to evolve independently over time. A special case of an IID cluster RFS is a Poisson
RFS, where the cardinality distribution p(n) is assumed to be Poisson distributed. The
cardinality distribution of a Poisson RFS is then given as

e -
p(n) = R (4.8)

The Poisson FISST PDF is then given by inserting (4.8) in (4.7) and can be stated as

—/1_/171
Gy ) =nt- -] [p@ =] [2-p0. (4.9)

n
xeX xeX

The theory elaborated in this section can now be used to derive the multi object Bayes
recursion in the next section.

4.3 The multi object Bayes filter

By modeling the set of tracks and the set of measurements as RFSs, a multi object Bayes filter
[26, pp. 483-539] [3, pp. 62-65] [4, pp. 30-40] can now be formulated using the derivation of
section 2.1 resulting in equations (2.3)-(2.5). However, first of all the measurement RFS and
the multi object RFS need to be specified [4, pp. 30-35].

Assuming the multi object state X;,_; from the previous time step is given, then each object
Xi_1 € X)_1 within the set either survives and moves on or disappears. For the sake of
simplicity, the survival probability ps is assumed to be constant in this thesis but can also be
formulated more generally. Accordingly, each object either survives with probability ps or
disappears with probability 1 — ps. The behavior of one object can therefore be modeled as a
Bernoulli RFS S x—1 ({xk-1}), using the state transition f(xy|xy_1). Also, the state transition
is assumed to be constant over time, but can be formulated more generally. Using (4.6), the
single object Bernoulli RFS is then given as

Skie-1{xk-1}) = {1 ~bs Y Xyq =0 (4.10)

Ds f (Xkl|Xp—1) if Xpeoq O

Since X},_; contains multiple objects the appearance or disappearance process needs to be
modeled using the union of all Bernoulli RFSs as specified in (4.10). This union is then called a
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multi-Bernoulli RFS containing a set of cardinality distributions and state transitions. More
details on a multi-Bernoulli RFS can be found in [4, pp. 29-30] [26, p. 368]. The multi-Bernoulli
RFS is then given as

Tk|k—1(Xk—1) = U Sk|k—1({xk—1}) . (411)

X—1€Xk—1

Another component of the multi object state at time k are objects of spontaneous
appearances, called object births. Object spawning is also possible but will be neglected in this
thesis. According to (4.8) and (4.9), the RFS of spontaneous births is modeled using a Poisson
RFS called I;.. The multi object state RFS can then be specified as union of the transition RFS
in (4.11) and the birth RFS and is given as

Xy = Trpe-1(Xp—1) U T . (4.12)

The next step is to specify the measurement RFS, which consists of the measurements
generated from an object of interest and clutter measurements. The clutter measurements
K. can be modeled by a Poisson RFS using (4.8) and (4.9). The remaining measurements in
the measurement set are those originating from a moving object. Those objects can be
detected or stay undetected according to a detection probability at time k. The detection
probability pp is assumed to be constant in this thesis but can also be formulated more
generally. Assuming each object generates a measurement with probability pp and stays
undetected with probability 1 — pp, the detection of a single object can be modeled using a
single object Bernoulli RFS. The measurement likelihood h(z,|x}) is assumed to be constant
over time but can also be formulated more generally. Using (4.6), the single object detection
RFS D ({x,}) is given as

Deltey =f P T (4.13)

pph(zklxy) if x, #0°

Since the measurement set contains measurements of multiple objects, the measurement
process needs to be modeled using the multi-Bernoulli RFS as union of all single Bernoulli RFSs
as specified in (4.13) and is then given as

o) = | | Ducxo. (4.14)

XKEX)

Using the RFS of clutter and the RFS modeling the measurement process, the complete
measurement set can be stated as the union of those RFSs and is given as

Now the multi object state RFS and the measurement RFS are completely specified and can
be used to form a multi object Bayes equation. The remaining missing components to
formulate a multi object Bayes filter are the multi object transition density and the multi
object measurement likelihood. Both those functions can be specified using the convolution
formula [26, p. 385] for the union of independent RFSs as given in (4.12) and (4.15). Starting
with the multi object transition density f (X |Xk_1), the probability densities Tk and pr,
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are those of the transition RFS Ty ;_;(Xk_1) and the birth RFS I}, respectively. The multi
object transition density is then given as

FXlXie) = D P, WIXiy) - pr X AW) (4.16)
WeXy

Since the multi object state RFS is an unordered set, it is not clear which states within the RFS
can be assigned to the RFS of already existing objects from the previous time step, and which
objects belong to the RFS of spontaneous births. Therefore, the summation of (4.16) considers
every subset W of X}, to be the RFS of existing objects from the previous time step and the
remaining elements, represented as the set difference of X;, and the subset of X}, belong to
the RFS of spontaneous births. The last component to be specified is the multi object
measurement likelihood h(Zy|X}), which can be represent using the probability densities pg,
and pg, of the measurement process RFS @(X) and the clutter RFS K, respectively within
the convolution formula. The multi object measurement likelihood is then given as

h(Z,|Xy) = Z pe, W|Xy) - pk, (Zi\W) (4.17)
WcZz;,

Using the multi object measurement likelihood and the multi object transition density, the
multi object Bayes recursion can now be specified. Denote Z*~1 the set of measurement RFSs
up to time k — 1 and p(X,1Z*™1) and p(X,|Z*) the multi object predicted density and the
multi object posterior density respectively. The multi object Bayes recursion can then be
subdivided in the following steps [4, pp. 35-37]:

1. Multi object prediction step:

p(XilZk 1) = jf(Xklxk—l) PXp—11Z571) 6 X1 - (4.18)

2. Multi object update step:

P(X|Z¥) = =+ h(Zi|X,) - p(Xi 247 (4.19)

3. Normalization:

7 = f R(ZelXy) - p(XelZF1) 6K, . (4.20)

4.4 The probability hypothesis density filter

The derivation of the multi object Bayes recursion, presented in the previous section, provides
the best possible estimate of the multi object state from a Bayesian point of view. However,
the set integrals within those equations operate on the space of all finite subsets of the single
object space F(R™) what makes them computationally intractable to propagate the multi
object state over time. A reasonable approximation to the multi object state is the intensity,
presented in (4.5), as a first order moment of the multi object state. In the context of object
tracking the name probability hypothesis density (PHD) has prevailed for the first order
moment of the multi object probability density function. The idea of the PHD filter is therefore
to propagate the PHD over time, instead of the multi object probability density function. This
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approximation makes the filter a computationally tractable algorithm since the PHD operates
on the single object space R". In order to derive the equations of the PHD filter [28] [26, pp.
565-632] the following assumptions need to be considered:

e Independence assumption: It is assumed that each object of interest within the
surveillance area operates independent to all the other objects regarding the motion
and the generation of measurements.

e C(Clutter assumption: The clutter measurement set is assumed to be a Poisson RFS.
Furthermore, the clutter measurements are assumed to be independent of object
generated measurements.

e Prediction assumption: The predicted multi object state RFS is assumed to be a
Poisson RFS.

Using these assumptions, the prediction of the PHD as an approximation of the predicted multi
object probability density of (4.18), avoiding spawned objects, can be stated as [29]

Drper (1) = j D5+ FQID) - Vieapees (©) dE + 71 (X) (4.21)

with y, (x) as the intensity of the birth RFS I, and { as the previous system state at time k.
Given the predicted intensity, the update step of the PHD filter as an approximation of the
posterior multi object probability density of (4.19) and (4.20) is given as

pp - h(z]x) * vyje—1 (%)
Kk (2) + [ pp - h(zIQ) - ve-1(Q) d¢

Vi (%) = vgppe—1(x) - (1 = pp) + Z (4.22)
ZEZk

with k;(2) as the intensity of the clutter RFS K} given as k;(z) = A,c(z). The rate of the
Poisson distributed random number modeling the cardinality of the clutter RFS is A;, while
the spatial distribution of a clutter measurement over the surveillance area is ¢(z). Within the
sum of (4.22) every single object state is compared to every measurement. However, the
recursion specified in (4.21) and (4.22) does not provide a closed form solution that can be
implemented. One possibility is to represent the intensity function using sequential Monte
Carlo methods [30]. The maxima of the intensity function, representing the most likely
positions of the objects, are depicted as the points with the largest number of particles after
the resampling step in this approach. A closed form solution of the PHD recursion is provided
by approximating the PHD using GMs [29]. A GM is a weighted sum of normal distributions.
As the PHD filter is applied to a nonlinear measurement model in the further course of this
thesis, the GM approximation of the PHD recursion is presented using nonlinear motion and
measurement models. For the derivation further assumptions need to be considered:

e Modeling assumption: The motion and measurement models are assumed to be
nonlinear models as given in (2.6) and (2.7).

e Birth RFS assumption: The birth RFS is assumed to be a GM of the form
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Ibk

by, (x) = z Wl N gfﬁc,PU)) (4.23)

where ], . is the number of GMs, wy,  is the weight of a GM component and X},  and
P, . are the mean and covariance respectively of the GM component.

In order to specify the prior and posterior intensities at time k, the posterior intensity at time
k — 1 is assumed to be a GM of the form

Jk—-1]k—1
6)) =) )]

Vk-1jk-1(X) = Z Wy_1)k-1" (x X Zqk-1 Bl 1) (4.24)
with Ji_1jx-1 as the amount of GM components at k — 1, w,((j_)nk_l as the weight of a GM
component, and x,((])llk_1 and Pk(])1|k , as the mean and covariance respectively of the GM
component at k — 1. The prior intensity is given as

Vg k—1(%) = Vg e—1(x) + by (x) (4.25)

with vg ;1 (%) as the prediction of the GM components of k — 1. While by (x) is given using
(4.23), the prediction of the intensity from the previous time step is given as

Jk-1lk-1
_ . 6)) =) 6)
Vs kjk-1(X) = Ds Z W1 |k—-1 N(x XS ieie—10 B el 1) (4.26)

As the motion model is assumed to be a nonlinear model, the mean and covariance of the GM
components of (4.26) need to be calculated using the extended transform presented in section
2.4. According to (2.20) — (2.22) the mean and covariance are given as

= NE))
Xs klk—1 f(xk 1]k- 1) (4.27)
and
W _ D). 0T
Pokik-1 = B Belipe-1 - B T 0k (4.28)

respectively, where Fk(j) denotes the Jacobian matrix evaluated at the jth posterior mean of
the previous time step. The Jacobian matrix is given as

B =Vaflo (4.29)

1lk-1

By multiplying the predicted intensity Us,k|k—1(x) with the probability of survival pg, the death
of an object is taken into account. The predicted intensity vk|k_1(x) is constructed as the sum
of the intensity of the objects that survived, with the intensity of spontaneous births. Given
the predicted intensity the posterior intensity can be calculated. As the predicted intensity is
a GM, the posterior intensity is also a GM and can be specified as
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Ve () = (1 = pp) - Vg1 (%) + Z vp (X, 2) . (4.30)

z€Zy

The first summand of the posterior intensity considers that none of the objects was detected,
by multiplying the predicted intensity with the probability of non-detection. The second
summand updates the whole predicted intensity with every measurement within the
measurement RFS, assuming the objects were detected. As the measurement model is
assumed to be a nonlinear model, (2.7) must be taken into account when predicting the
measurements. The update equation of the intensity component presenting the detected
objects is given as

Jk|k-1
vpx(x,2) = Z w,(cﬁc(z) -N(x; igﬁc(z),Pk(ljlz) (4.31)
=1

where the number of GM components is given as Jxjx—1 = Jk—1jk-1 + Jy k- Due to the
nonlinearity of the measurement model, the extended transform is used to update the GM
components of (4.31). Therefore, the measurement matrix is given as the Jacobian matrix
evaluated at the jth predicted mean and is given as

H,Sj) =Vrohx)| _p» - (4.32)

X=Xplk-1

Using the measurement matrix and the nonlinear measurement model, the update equations
of the mean and the covariance matrix can be specified according to (2.24), (2.25) and (2.17)
—(2.19) and are given as

0@ =20+ K- (z ~h (ﬁ,ﬂﬁc_l)) , (4.33)
W — pW) 0.y . pi)
Pk|k - Pk|k—1 - Kk Hk Pk|k—1

respectively. The Kalman gain is computed using

-1

M _ pM ) M . pW) nT
KO = nD - (PP HD 4R (4.34)

In (4.31) each GM component is updated using the same measurement. The probability that
the measurement actually belongs to the GM component is expressed in the weight of the
GM component. By definition those weights need to sum up to one for any vp ,(x,z). The
weights are calculated using

pp- Wi, 0 (@)

Trik-1_ (1 1
K. (2) + pp - lff ' wl(<|)k—1ql(€)(z)

(4.35)

where the denominator is responsible for the normalization of the weights. The factor q,((j) (2)
is given as the multivariate normal distribution
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, , , , ~T
0@ =N (zh(20_) B -PJ_, B +Ry). (4.36)

The value of the normal distribution gets low if the predicted measurement is far away from
the given measurement. On the other hand, the value of the normal distribution gets high if
the predicted measurement is close to the given measurement. The presented equations
(4.23) - (4.36) specify the GM-PHD filter proposed in [29]. A generalization of the PHD filter is
the cardinalized PHD (CPHD) filter [31] [32]. This extension propagates not only the PHD
through time but also the cardinality distribution. By jointly propagating the posterior PHD
and cardinality distribution, the accuracy and stability of the filter is improved and the
temporal variance in the estimated cardinality is reduced.

4.5 The extended object PHD filter

With the increasing sensor accuracy and resolution, the small object assumption modeling the
objects as points is not reasonable anymore. If an object is sufficiently close to the sensor it
gives rise to more than one measurement per time step and is therefore called extended
object in the context of object tracking. The sufficient proximity of the object to the sensor
depends on the resolution of the sensor and the objects extension. In this section the
extension of the PHD filter for point objects to the PHD filter for extended objects is addressed.
To achieve this extension, the update equation of the PHD filter according to (4.22) needs to
be adapted. Equation (4.21), handling the prediction step, remains unchanged. The difference
of both equations is in the handling of measurements originating from the same object.
Assuming to measure extended objects, the number of measurements originating from the
same object depends on the distance between the object and sensor, the extension,
orientation and material composition of the object, as well as unpredictable processes like
misdetections. Furthermore, the assignment of a measurement to a specific object is unknown
as well. These problems lead to the necessity to consider every possible partitioning of the
measurement set, referred to as partition p in the following, in the update equation.
Accordingly, every partition p divides the measurement set into subsets, referred to as cells
W in the following, containing measurements possibly originating from the same object. With
a given predicted PHD the update PHD for extended objects [33] can be calculated using

(X)) = 1— (1 — e_y(x))PD

124 1
+ e—V(x)pD Z Wy Z Y(Zlc,)m Dy (x) 1_[ e (Z1) “Vgyr-1 (%)
ZEW

pLZy Wep

(4.37)

The number of measurements generated from an object is modeled as Poisson distributed
random number with rate y(x). In some approaches this rate is modeled to be constant but
in general the number of generated measurements depends on the object’s state. According
to (4.8), the probability of an object not generating a single measurement is given as e Y@,
The complementary event of an object generating at least one measurement can then be
calculated using 1 — e Y™ _ Finally, the effective probability of detection (1 — e‘y(x))pD is
given as the probability of an object generating at least one measurement multiplied with the
probability of detection. Thus, the first summand of (4.37) is handling the undetected objects.
The second summand considers each partition of the measurement set Z, by taking the sum
over all possible partitions p£Z;.. Subsequently, the next sum considers each cell W in the
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partition p. The normalization factors for each partition and cell are denoted as w, and dy
respectively. The extended object measurement likelihood @y, (x) considers each cell in each
partition for the calculation of the updated PHD.

The partitioning of the measurement set is done by considering every possible combination
of subsets, excluding the null set, to form the measurement set. Assume Z = {z,,z,,2z3} to
be the measurement set in a specific time step. The possible partitions are given as [33]

b1 = {{21'22'23}}' b2 = {{21}, {z,}, {23}}’ b3 = {{21'12}; {23}},

Py = (21,23}, {23} ps = ({22, 23}, (2,}]}. (4.38)

With three elements in the measurement set all possible partitions can be considered in an
update step. However, the number of possible partitions already grows up to 115975 with ten
elements in the measurement set, leading to the impossibility to consider every partition in a
tractable tracking algorithm. The number of partitions can be computed using the bell
numbers [34]. To only consider a reasonable subset of all possible partitions in a tractable
tracking algorithm, cluster algorithms can be used, as the measurements originating from the
same object are spatially related.

As with the PHD filter for point objects, the PHD filter for extended objects does not provide
a closed form solution. Therefore, a GM approximation of the PHD for extended objects [35]
is presented as closed form solution that can be implemented. In addition to the assumptions
presented in section 4.4 the following assumption is adopted in [35]:

e Object generated measurements assumption: The rate of the Poisson distributed
random number modeling the number of object-generated measurements is given as

y(0) = y(2,) (4.39)

foralli =1, ..., Jijk-1- The rate is assumed to be dependent on the predicted object
state.

The prediction step of the GM-PHD filter for extended objects is provided using the prediction
step of the GM-PHD filter for point objects according to (4.24)-(4.29). The update step
calculating the posterior extended object PHD is given as

V() = VR@ + D Y vh W) (4.40)

psZy Wep

with vg[? (x) the GM components handling the undetected objects and v, (x, W) the GM
components handling the detected objects, assuming W is the cell of measurements
belonging to the object. The GM components handling the undetected objects can be
calculated using

Jk|k-1
ND _ 0 =0 p()
Ve (x) = Z Wl N (x, xklk,Pklk) (4.41)
j=1
where the updated mean fgﬁc and covariance Pk(lj,z are given as the predicted ones 32%(_1 and
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Pk(|jlz—1 respectively. The weight of the GM component handling the undetected objects is

calculated as

. ) :
o= (1= (1= 7))y o (4.42)

using the effective probability of detection and the predicted weights. As for the update
equations of the PHD filter for point objects, the measurement model is assumed to be a
nonlinear model. Therefore, the extended transform presented in section 2.4 is used in the
update equations for the extended object PHD filter as well. The GM handling the detected
objects is given as

Jk|k-1

0] =) pU)
v, W) = Z wk]lk - N (x; xkjlk, Pkljk). (4.43)
j=1

According to subsection 3.1.2 the measurements of an extended object can be modeled as
detections of measurement sources on the surface of the object. In the update equations of
the extended object PHD filter the measurement set with assumed measurements from the
same object are in the cell W. In order to use the measurement set in a simultaneous update,
the measurements and measurement matrices need to be stacked according to

T
zw = (21,2} 5 - Zi ) (4.44)
and
0 _ NT M7 T
oY = (12 1Y . H) (4.45)

respectively. Since the measurement process is assumed to be nonlinear, the measurement
matrices are computed as linearization using the Jacobi matrices as

0 _ 6))
Hk{i = VxThk],i (x)|x

_(
=Xklk-1

Ji)k_ . (4.46)

The measurement sources or predicted measurements are computed using the nonlinear
measurement equation and need to be stacked according to

, . , . T
v = (R ), o iy (Fwn)) (4.4

The stacked measurement uncertainty matrices are given as

Ry = blkdiag(Ry. 1, Ric2) ) R yw) (4.48)

with the abbreviation “blkdiag” meaning to form a block diagonal matrix using the given
matrices. With the stacked vectors and matrices, the update components can be computed
using the following equations:
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-1

NT . . ~T
Hy - (Hy B HY +Rw)

KD = pO) 0

kjk—1
=) _ =) )] () . =0
Xl = Xpje—1 T K (ZW — Hy xk|k—1) :

pU) — pOi)

3D . g . pl)
k|k k|k—1_Kk "Hy - B

k|k—1
Finally, the weighting of the GM component is calculated using

. r . .
B _, .27Pp ., D
Wklk = Wp " Py - Wppe—1
w

<0 . 174
0 = o1y (2))

0 _ G IPNG) OO O _
OF =N (zwi Hy -2 Hy - Py - Hyy + Ry) H
ZkEW

1

K (2y)

with the normalization factors for each cell and partition as

Jk|k-1

1 1
dw = Sjw|1 + Pp Z ro-of) - wl(cl)k—l
=1
and

_ HWEp dW
2y ez Hwrepr dw

Wp

(4.49)

(4.50)
(4.51)

(4.52)

(4.53)

(4.54)

(4.55)

(4.56)

respectively. The cell normalization factor is taken as the sum over all weights in the cell W
multiplied with the probability of detection. Additionally, the Kronecker delta &)y, is added

to the sum, which is defined as

1ifi=j
5. = .
L] {0 else

(4.57)

Therefore, the Kronecker delta is one if the cell contains only one measurement in the case of
a clutter cell. The partition normalization is calculated using the product over all cell
normalization factors in the partition p divided by the sum over the products of every cell

normalization factor, calculating how likely the partition p is.
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5 Spline functions

A spline is a piecewise defined curve where each piece, named span, is represented by a
polynomial. These polynomials are joined together at the ends, allowing any continuous curve
to be generated. For the use of spline functions, a walk parameter s is introduced, which
increases as the curve is traversed. The creation of a curve f; in 2-dimensional space is then
done by using 2 spline functions and is given by

£i(s) = (x(s), ()" . (5.1)

The use of spline functions for the representation of arbitrary curves is a common tool in
computational image processing. By their use, those curves can be represented analytically.
They are an elegant and easy to use tool. By creating closed curves, any shape and thus the
edge of any object can be adjusted. The spline functions considered in this thesis are basis
spline or shortened B-spline functions [36, pp. 46-68].

Within this chapter, the basics of B-Splines are explained in section 5.1. In section 5.2 the
contour, which is used as an extension model of a vehicle in the further course of this thesis,
is then introduced. The possible representation of other objects is also explained.

5.1 Basis spline functions

Basis spline or B-spline functions are a weighted sum of N, basis functions B,(s),n =
0, ..., N, — 1 that are joined together at knots [36, pp. 46-68]. The basis functions consist of
polynomials of degree d. The B-spline curve of (5.1) is then given as

Np—1

x(s) = X, * By (s) (5.2)
Np—1

y(s) = Yn * Bu(s) (5.3)

with weights x,, and y,, for both splines respectively. The walk parameter s is within the
Interval I := [0, N}| and the knots are equally spaced over I with uniform length for each span,
which makes f; a uniform B-spline. The representation of (5.2) and (5.3) can be expressed
compactly in matrix notation. The B-spline functions are then given as

x(s) = q* - B(s) (5.4)
y(s) =q” - B(s) (5.5)

T
with a vector of basis functions B(s) = (Bo(s),Bl(s),...,BNb_l(s)) and two vectors of
weights q* = (x, X, ... ,Xy,-1) and ¥ = (¥o, Y1, - »Yn,-1)- For the representation of a

T
point in 2-dimensional space (x(s),y(s)) the weight vectors are combined to a weight
matrix

Xo X1 be—l)

Xy —
Q (yo Vi e YNp1 (5.6)

so every point on the spline function can be represented as
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fs(s) = Q™ - B(s). (5.7)

The basis functions are constructed to sum up to 1 at each point. When choosing quadratic
basis functions and assuming equally spaced knots with uniform length, the first basis function
is given as

0.5 s? ifo<s<1
By(s) = JO.75 —(s—15)?2 if1<s<2 (5.8)
0.5 (s —3)2 if2<s<3
k 0 otherwise

while the other basis functions are the first basis function simply shifted by n and are given as

B,(s) = By(s —n). (5.9)

An illustration of quadratic uniform spline basis functions is given in Figure 5.1. In this figure 7
weighted basis functions and the resulting sum of those weighted basis functions is shown.

3 T T T T T T
spline
basis function
25r B
2r i
1.5F
1 —
0-5 k '
0 1 1 1 1 1 1
0 1 2 3 4 5 6 7

s
Figure 5.1: Weighted sum of spline basis functions

The weights in this example are q* = (1, 2,1, 2, 3,2, 1). The last two basis functions are only
partially visible in this figure, since the interval I only goes up to s =7 and is given as
1 =10,7].

The figure also shows that only one basis function is active in the range from s € [0, 1] and
two are active in the range from s € [1, 2[ , while three basis functions are always active in
the remaining interval. This means, that the boundary conditions of the B-spline function
cannot be controlled completely. In order to be able to create a closed contour, however, this
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control must be given. This can be achieved by using periodic basis functions. To create a
periodic B-spline, d basis functions must be added, so that the number of basis functions and
weights are changed to N, = N, + d, while the interval I remains unchanged. In the case of
quadratic basis functions B_; (s) and B_,(s) must be added to the set of basis functions. The
weights are also used periodically. The difference between periodic and non-periodic B-spline
functions isillustrated in Figure 5.2. The colors in the figure are used equally to Figure 5.1. The
left part of the figure shows a B-Spline function with non-periodic basis functions, while the
right part of the figure shows a B-Spline function with periodic basis functions. In the right part
of the figure all functions that are truncated at s = 4 are continued at the beginning of the
interval, creating a periodic B-spline with full control over the boundary conditions.

Finally, there are multiple knots to mention in this chapter. For a polynomial, d — 1 derivatives
can be determined. To reduce this value, a knot can be specified more than once within the
interval. With each further introduction of the same knot, the number of possible derivatives
is reduced by 1. In the case of quadratic basis functions, the introduction of a double knot
means that the function can no longer be derived at this point.

18 non-periodic spline periodic spline

1.8

0 1 2 3 4 0 1 2 3 4
walk parameter s walk parameter s

Figure 5.2: Difference between periodic and no periodic B-splines

This is shown as an edge in the plot of the function, which represents the purpose of multiple
knots.

5.2 B-spline vehicle contour function

Using quadratic periodic uniform B-spline functions, this section describes the contour
function C(s) [1] that will be used later in the thesis as shape model for the extended object
tracker. Such a contour function must meet some conditions in order to be effectively
integrated into a tracking algorithm. It must be movable, rotatable and scalable in the 2-
dimensional plane. The contour is created by selecting weights that represent a rectangular
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shape. Those weights are called basis points and are denoted as P in the remainder of this
thesis. Since the contour should be scalable in both dimensions, the size of the rectangle does
not matter at first. The basis points are selected as

P=(1 1 0 -1 -1 -1 0 1).

0 05 05 05 0 -05 -05 —0.5 (5.10)

Using these basis points, the walk parameter s on the contour is given as s € [0, 8], so
N, = 8. The contour function is then given as

C(s) =P-B(s). (5.11)

This contour must now be able to be moved, rotated and scaled. To move the center m of the
contour, the new center is simply added to each point of the contour.

T T T T T T T

spline vehicle contour
® basis points
7 F ® center B

y-position in m
°

x-position in m
Figure 5.3: Spline vehicle contour model

In order to achieve a rotation, a rotation matrix R, with the corresponding rotation angle ¢ is
calculated. The rotation matrix is given as

_ (cos(q)) —sin(<p)> .

¢~ \sin(p) cos(p) (5.12)

Furthermore, the scaling factors s, and s, are introduced for scaling the contour in x and y
dimension respectively. The scaling matrix S¢ is then given as

SC = (Sg Soy) (5.13)
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These tools can now be used to determine any point y on the contour. With a given fixed walk
parameter s, the searched point on the contour can be specified as

y=m+R, S5 -C(s). (5.14)

A moved, rotated and scaled spline vehicle contour is shown in Figure 5.3. As basis points the
given basis points from (5.10) are used. The center is set to m = (5,5)7, the heading angle is
@ = 30° and the scaling factors are set to s, = s, = 3.

The spline vehicle contour is an elegant and easy to use contour model, because the basis
points simply need to be specified in Cartesian coordinates. Afterwards, this contour can easily
be scaled and moved in x and y dimension and rotated with a given heading angle. So, this
model can be used to represent different vehicles. The simple scaling enables to use the
vehicle contour for passenger cars, as well as for trucks. To track other objects than vehicles,
other contour models could be used, which is briefly presented in the next section.

5.3 Other B-spline contour models

In order to represent other objects than vehicles, other spline contour models must be used.
This can easily be achieved by changing the basis points of the contour model. In this section
the usability of other contours for the developed tracking approach will be investigated.

First, the basis points for two other shapes are given, then it is explained why these shapes
can be used for a tracking algorithm and which property must be given for the use.

T T T T T T T
spline boat contour
7r ® Dasis points 7
® center PY
6 P 7
S
£ 5¢r 7
c
5]
g ® 4
47 1
>
3r i
[ J
2L i
1 | 1 Il 1 | Il
1 2 3 4 5 6 7 8 9

x-position in m

Figure 5.4: Spline boat contour model
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The first further contour is shown in Figure 5.4. Here the shape of a boat is shown, which can
be generated by specifying 6 basis points. This contour is also shifted, rotated and scaled.
However, the scaling factors in this figure are s, =3 and s, = 2, the center point and
orientation are identical to Figure 5.3. The basis points for the boat contour are

1 0 -1 -1 -1 0).

P’mt:(o 05 05 0 —05 —05 (5.15)

It is also possible to create contours for objects that do not occur in everyday scenarios, such
as a cross. The contour of a cross is not shown here in any illustration but can be created by
using the basis points of a cross. Those basis points could be given as

511—1—1—5—5—1—1115)

1 1 5 5 1 1 -1 -1 -5 -5 -1 -1 (5.16)

Peross = (

By specifying different basis points, various contours can be created. In order to use this
contour for a tracking algorithm, it must enclose a star-convex set. A star-convex set is a set
in which each connecting line from the center to the edge of the set is also completely within
the set. This property is important in order to be able to assign exactly one point on the
contour to each angle.

T T T T T T T
4 o o o [ J .
/
/
3 - - -
spline contour
£ ® basis points
c ® center
c 2 1
e
‘»
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<
> 1r / B
/
o @
/
0r ' -
o @ [ J
1+ 4
1 1 1 Il 1 1 L
-4 -3 -2 -1 0 1 2 3 4

x-position in m
Figure 5.5: Non-star-convex spline contour

An illustration of this property is shown in Figure 5.5. In this figure a non-star-convex spline
contour is illustrated. If the contour is to be scanned from the center point, three points on
the contour can be assigned to the 45° angle, which leads to problems in the further course
of the tracking algorithm. In the remainder of this thesis, therefore, only star-convex contours
are considered [1].
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6 The spline vehicle tracking algorithm

The aim of this section is to derive a measurement model for vehicles using quadratic periodic
uniform B-spline functions [1]. This measurement model will then be used to track vehicles
measured with 2D-LIDAR sensors. Since a LIDAR sensor is a high-resolution sensor, it can be
assumed that more than one measurement per time step is generated by the object, which is
why a measurement model for extended objects is presented. As an introduction, section 6.1
introduces the system state and some other notations used in the further course of this
chapter. Afterwards, section 6.2 explains the assignment of each measurement to a
measurement source on the surface of the vehicle, or the prediction of the measurements. In
order to track the extended object, the measurement model must be integrated into a
Bayesian filter. To perform a Kalman update, the predicted measurements must be derived
with respect to the object state, as described in section 6.3. In the last two sections of the
chapter, the measurement model for tracking one or more objects is integrated into an EKF
and a PHD filter framework respectively.

6.1 Notations
First, the system state of the extended object, where the extension is modeled with a spline
contour, is defined in this section. Based on (3.1) and Figure 3.2, the state is given as

T
Xk = (xk»J’k: Vi) Pgr Wi Sx k> Sy,k) (6.1)

with the position m,, = (xx, yx)T of the center, the polar velocity v, the heading angle ¢,
4Pk
dt
the scaling matrix introduced in (5.13). In the further course of this thesis the spline vehicle
contour is defined by the basis points P introduced in (5.10). The goal of the tracking algorithm

is to provide an optimal state estimation within a Bayesian filter at any time step.

the turn rate w;, = and the scaling factors s, , and s, ;. of the given spline contour forming

The predicted system state is updated at time k by a given measurement set Z; = {zk,l}:l_kl.

Thus, n;, measurements are available at each time step. Note that n; can always be different
at each time step. The measurements within the measurement set are assumed to be
generated from a certain measurement source on the surface of the vehicle. The first step is
to associate each measurement to one measurement source, it’s the prediction step of the
measurements. The set of predicted measurements within a time step k are denoted as Y, =

{J’k,l}zl-

To avoid confusions caused by similar names, the walk parameter on the spline contour is
called T within the tracking algorithm. The contour is still called C, so with a given t € [0,8]
the contour point is given as C (7).

6.2 Measurement prediction

To assign a measurement source to each measurement, it is assumed that the measurement
and the measurement source have the same angle relative to the center of the object, which
is illustrated in Figure 6.1 [1]. The orientation of the object must be included in this
assignment. By stating this rule, it becomes clear why only star-convex contours are
considered in this thesis. Without this restriction no unambiguous assignment can be made.
Note that other assignments like taking the nearest point on the contour are also possible,
where also non-star-convex contours could be considered. However, this does not represent
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a significant limitation, as typical objects of interest in automotive applications, such as
vehicles or pedestrians, do not suffer if only star-convex shapes are considered.

In order to find the measurement source to each measurement, the first step is to specify
them in local coordinates, so that the origin is always at the center of the object. The rotation
of the object must also be calculated out in this step. The measurement in local coordinates
is then given as

Z=R, - (z—m) (6.2)

with the inverse of the rotation matrix R, specified in (5.12) and the difference between the
measurement z and the center m of the object.

T T T T T T T
@® basis points
3r i
O  measurement
O  measurement source o
modeled contour /
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£
s 17 il
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.0
=
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1
>
1t e
2+ e
I I 1 1 1 1 1

x-position in m
Figure 6.1: Measurement prediction and contour division

The measurement source can be calculated the same way in local coordinates and is then
given as

y=Ry'-(y-m) (6.3)
with the measurement source y. Using (5.14) for the measurement source without the scaling
matrix, the measurement source in local coordinates can be stated as

y=R,*-(m+R,-C(t)—m)=R,*-R,-C(x)=C(r) =P-B(1) (6.4)
where the last step is taken from (5.11). The point on the spline contour is therefore already
given in local coordinates. In order to find the measurement source on the contour, the walk

parameter T must be specified for each measurement. The first step is to compute the active
basis functions of the part of the spline contour where the measurement source is located.
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The first step is therefore to calculate the angle of the measurement in local coordinates
relative to the center as § = arctan C—y) with the x and y coordinates Z, and Z, of 2
P

respectively. As indicated at the beginning of this chapter, it is required that the measurement
source in local coordinates ¥ has the same angle 6 relative to the center. According to Figure
6.2, it becomes clear that only 3 basis functions are active for each .

081 B \(r) By(r) Bi(r) Bu(r) Bi(r) Bu(r) Bs(r) Be(r)]

Figure 6.2: Non-weighted periodic spline basis functions

Thus, (6.4) can be stated as

Bq(7)
Px,a DPxb px,c) [ By(®) | = B, - B,(7) (6.5)

9=P B(r) = (
B.(7)

py,a py,b Py,c

with the x and y components of the basis points given as p, and p,, respectively. To compute
these active basis points, the contour can be divided in pieces illustrated in Figure 6.1. Every
piece ends at a knot where the spans of the spline function are joined. Each knot is located at
the center of the connection line of two basis points. Given this information, the angles a and
B of Figure 6.1 can be calculated and the start and ending angles of the contour division can
be determined. Note that the angles @ and S must be calculated using the scaled basis points
given as

P¢=58¢-P. (6.6)
Another feature of the basis functions is that the values of the individual basis functions is
equal for every uniform interval starting at a natural number 7 € N,. The different points on

the contour are only calculated with different basis points. Therefore, a shift of 7 into the

37 6 The spline vehicle tracking algorithm



uniform interval starting at zero leads to the same measurement source in local coordinates
using the active basis points. The shift of 7 is done by finding the knot k(7) defining the three
active basis points. The knot k(7) is always the knot starting the interval. For T € [3,4] the
knot defining the three active basis points is k(t) = 3, so k() € {0,1, ... ,7}. The shifted T is
denoted as

T =1t—k(1). (6.7)
Using 7', (6.5) can be stated as
B_,(t")
y=PF-|B-1(7) |. (6.8)
By(t")

By viewing Figure 6.2, the definition area of each basis function can be extracted. Using (5.8)
and (5.9), (6.8) can be stated as

0.5 — 7' + 0.5 05 —1 05\ /72 2
y=P| —t*+¢+05 |=R|-1 1 o5 (¢ |=P M|y (6.9)

0572 05 0 O 1 1

Given the matrix of active basis points P, and the spline representation matrix M, the product
of these 2 matrices is combined as

P.-M = (a,b,c) (6.10)

with a, b, c € R?*1. In order to find the walk parameter 7 defining the point on the contour
used as measurement source in local coordinates of a measurement, the assigning assumption
is now used. If two vectors have the same angle relative to the same point, they are linearly
dependent, and their cross product is zero. Suppose there are two 2-dimensional vectors x
and y in 3-dimensional space then the cross product is defined as

X1 Y1 0
<x2> X <y2> = 0 (6.11)
0 0 X1Y2 — X2 Y1

Since the cross product is normally defined for vectors in 3-dimensional space, the cross
product in 2-dimensional space is defined as the z component of the cross product of 2-
dimensional vectors in 3-dimensional space in this thesis. In this case, this definition makes
sense, since only linearly dependent vectors are considered for the following calculation. This
cross product is also zero for these vectors, since no plane can be spanned by them. Therefore,
the cross product of two vectors in 2-dimensional space is defined as

XXy:i= (2) X (i;) =x1 Y, — x5y = det((x,9)) (6.12)

in this thesis. Given a measurement and using the assigning assumption, the measurement
source can now be calculated using

0=9Px2. (6.13)

By inserting (6.9) and (6.10) for ¥, (6.13) can be stated as
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12

T
0=(a,b,c)-(f))(iz(ax?)-r’2+(b><2)-1"+(c><2). (6.14)

1

The second equation of (6.14) is not intuitive but can easily be recalculated. To make the
equation more compact the cross products are now defined as u, :=q X Z. Using this
definition, (6.14) can now be stated as

O=ug-t° +u, -7 +u,. (6.15)

If the active basis points define a line segment u, is zero and 7’ is given as

I Uc
T =——. (6.16)
Up
Otherwise, T’ can be calculated using
— 2 _A- . —
2 u,

After calculating 7', (6.7) can be used to calculate 7. In a final step, the measurement source
can now be determined with (5.14).

When using other spline contour models, the calculations established in this section can be
used as well. The only thing that must be done individually for every spline model is the
contour division illustrated in Figure 6.1 and the assignment of the active basis functions.

6.3 Deriving the predicted measurement

To use the spline measurement model for tracking an extended object, the model must be
integrated in a Bayesian filter. Since the spline representation is a nonlinear problem, an EKF
is used. According to (2.23), the measurement matrix H is the Jacobi matrix of the
measurement equation, which is represented by (5.14) for the spline measurement model.
So, the goal of this chapter is to derive the predicted measurements calculated in the previous
section with respect to the system state [1] as

oh(xy) 0Oy
axk B axk '

(6.18)

Due to the extended object assumption it can be assumed that several predicted
measurements are present in each time step. The handling of all measurements and predicted
measurements together is presented in the next section, while this section is about to
calculate the derivative for one predicted measurement. To derivate the predicted
measurement with respect to the whole extended object state given in (6.1), it must be
derived with respect to all the state parameters as

0y_<0y dy oy dy 0y )

0xy v’ 9¢ dw

A
om’ 0v’ 0¢ 0w’ 0Xgpape (6.19)

T
with Xgnape = (Sy,5,) and aa_;; € R?*7. Since (5.14) is only dependent on the position,
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orientation and extension, the derivatives of the predicted measurements with respect to the
velocity and turn rate are given as
dy _0dy

30 = 9w = (0,0)7. (6.20)

The three remaining derivatives can be calculated using the product rule and the chain rule.
Since the walk parameter 7 is also dependent of the object state, the chain rule must be used
when deriving the contour function C(z(xy)). The first derivative with respect to the object
center is then given as

aCc(t) ot
Jdt Jdm

9
—(m+R,-SC-C(D) =L, +R,-S¢- (6.21)

om

. . . 2 . . .
with the 2 X 2 identity matrix I, and ﬁ € R?*2. In this equation only the chain rule must be

used for the derivative of the contour function. For the derivative of the predicted
measurement with respect to the orientation, also the product rule must be used. The
derivative is then given as

daCc(t) ot
dt  Jdo

9 OR
—(m+R¢-SC-C(T))=—¢-SC-C(T)+R(,,-SC- (6.22)

do do
with Z_Z € R?*1. To complete the derivative of (6.19), the last formula needed is the derivative

of the predicted measurement with respect to the extension. Therefore, also the product rule
and the chain rule must be used. The derivative is then given as

aC(1) ot
ot axshape

(m+R, -5 C(x)) =R, - diag(C(1)) + R, - S¢ (6.23)

axshape

with x_y € R?*2 and the function diag(x) forming a diagonal matrix with the entries of
shape

the vector x. When considering (6.21)-(6.23) it becomes clear that several derivatives used in
those equations have to be calculated as well. The first one presented is the derivative of the
contour function. Since the functional values of the spline basis functions are the same for
every unit interval, the derivative of the contour function with respect to the walk parameter
T is the same as the derivative with respect to ’. Therefore, (6.9) and (6.10) can be used for
the derivative of the contour function, which is then given as

aC(7) (2 ' T')
= (a,b,c) - 1 . (6.24)
ot 0

The next part is to calculate the derivatives of the walk parameter T with respect to the
extended object state. Here two cases must be distinguished. In the first case, the spline
segment is a line, so (6.16) must be used to calculate the derivative. Again, the derivative can
be done with 7’ instead of 7. Using the quotient rule, the formula can be stated as

ot a( uc)z_ﬁ'”b_”fﬁ (6.25)
u? '
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The derivatives of the walk parameter will be very similar, so the calculation is only done once
using the variable g as representation for the parameters of the object state. The numbers u,
with g € {a, b, c} where defined as u, := q X 2, so their derivatives using the product rule
can be stated as

Oug _ 0 X 2) aq><”+ K IZ_gx 22 (6.26)
_— Z) = Z - = ~ .
dg agq g q q

since Z—Z = 0. Using (6.26), (6.25) can be stated as

— Z.ﬁ_( X%) — -(bxﬁ) (6.27)
Up ag_ c 3g Up — U ag) .

The last simplification of (6.27) can be done using the distributive law. The derivative of T’ can
then be stated as
Jt 0z

uﬁ-@=(b-uc—c-ub)x@. (6.28)

In the second case the spline segment is a curve, so (6.17) must be used to calculate the
derivative. Since the equation gets quite big the square root of the quadratic formula is

defined as © := \/u? — 4 - u, - u. Using this definition, the quotient rule and the chain rule,
the derivative can be stated as

a2 gt (1 ) duy 4 (aua N auc) N duy ) 20+ )aua 6.29

uaag_ 2@ u’b ag aguC uaag ag ua ub ag (' )
When multiplying this equation out and using (6.26), (6.29) can be stated as
) 2@67 (bxai) ) ( Xaﬁ) ) 2( Xaﬁ)

Ug ag UpUg ag UcUg ag Ug ag (6.30)

+ @(bxaﬁ) (02 + @)( xaﬁ>
Ug ag Up a ag

The final equation can be calculated by using the distributive law again, doing some
simplifications and using the definition of ©® by inserting 0% = ulz, —4-u, -u.. The final
equation is then given as

~

,. 0T ) 5 0z
—ZuaG)@ = (aCugu, — up0 — ui) + b(upu, +u,0) — 2usic) X @ (6.31)

The last equations to calculate are the derivatives of the measurement in local coordinates
with respect to the object state. The measurement in local coordinates is given by (6.2). The
derivative with respect to the object center is given as

0z 0
=) = 030

The derivative with respect to the orientation is given as
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dz 0 oR,?!
— -1, =9 - 6.33
5 5 (R(p (z m)) 5 (z—m) (6.33)

and the derivative with respect to the extension is given as
0z d

axshape axshape

(R;l (z— m)) =0. (6.34)

Since (6.34) is zero, (6.23) simplifies to

9
0Xsnape (m RS C(T)) = R, - diag(C(D)) . (6.35)

Now all the calculations for the derivative of the predicted measurement are done. In the next
section the presented spline measurement model is integrated in the EKF framework.

6.4 The spline EKF filter

When integrating the spline measurement model into an EKF framework, the predicted object
state must be used to calculate the predicted measurements and their derivatives. In equation
(6.2) the predicted object center my,_; and the predicted orientation ¢y x_, have to be used
to calculate the measurement in local coordinates. Those quantities also must be considered
when calculating the derivatives in section 6.3. The scale factor used in those equations can
be taken as updated scale factor from the previous time step S,f_1|k_1 or the predicted scale
factor from the present time step S,f|k_1 if the extension is assumed to be constant. Using this
assumption, the prediction step returns the updated scale factor from the previous time step.
With a non-constant extension, the predicted scale factor must be used. In every time step
now section 6.2 must be used to calculate the predicted measurement set Y, with a predicted
measurement for every measurement. Afterwards, the corresponding active basis functions
and the walk parameters 7; have to be used to calculate the set of derived predicted

oy ay; |.
measurements — = {i i=1 nk}

axk axk

To integrate the measurement model in the EKF framework, the calculated quantities from
the previous sections must be stacked [1]. The measurements and the predicted
measurements must be used in global coordinates and stacked like

— T .,T . -
zy = (Zy1; Zy 25 ""Zk,nk) (6.36)

Vi = OVk1s Vi -+ Yiny) (6.37)

with the semicolon meaning to stack the quantities on top of each other forming two vectors
Z,, Y € R?™_ The derivatives of the predicted measurements must be stacked like

H, — Y1 Yk _ayk,nk
k axk ’ axk T axk

(6.38)

forming the measurement matrix H, € R?%>7_ The last quantity needed is the measurement
covariance matrix stacked like

42 6 The spline vehicle tracking algorithm



Ry O o 0
/ 0 Ry, - 0

Ry = : : . : (6.39)
\0 0  Ryn,

forming a quadratic matrix R, € R?™*2"_Now those quantities can be used to form an EKF,
using (2.20)-(2.22), (2.25) and (2.17)-(2.19). The spline EKF algorithm [1] is summarized within
the pseudocode given in Table 1.

Table 1: The spline EKF algorithm

1: function Spline EKF
2: Input: X1 k-1, Pr—1jk-1,Zx
3 step 1: prediction step system state
4 calculate transition matrix F;, = Vfo(x)|x=Qk_1|k_1
5: predict Qk|k—1 = f(ik—1|k—1)
6 predict Pejg—1 = Fie * Pecyje—1 - Fi + Q
7 step 2: prediction step measurements
8 fori=1,..,n,do
9 measurement in local coordinates Z; = R(pilk L (zl- — mk|k_1)
10: calculate angle §; = arctan (@)
X,
11: calculate scaled basis points P¢ = S,f|k_1 -P
12: get active basis points P, ; and corresponding k(t;) using 8; and P¢
13: calculate (a;, b;, ¢;) = P, ;- M
14: calculate ug; = det((q;, ﬁi))
15: if U.a’i =0
16: 7) = —=d
Up,i
17: else
, —/uzz,,i-4'ua,i'uc,i-ub,i
18: Ti =
Z'Ma'i
19: end if
20: calculate walk parameter t; = t; + k(t;)
21: calculate predicted measurement y; = my_1 + R‘Pk|k—1 -S,f|k_1 -C(1y)
22: end for
23: step 3: predicted measurement derivation
24: fori=1,..,n,do
25: contour derivative 25 a = (a;, b;, ¢;) - (27},1 O)T
26: measurement in local coordinates derlvatlves a— Rtp;uc )
0%; 6R¢kk_
27: TJZ#' (z; — My—1)
28: if ua,i =0
29: ulz,,l- % (b Ui —C° ubri) X Z—Zg‘
30: else
at
31: —2u} 0, Frie (@;(2ugiuc; — up0; — uf ;) + by (up Ua
Fug 0 — 2ul i€;) X azgl
32: end if
33: derive predicted measurement Z—z =L+ Ry, -S,flk_l _aca_(:i) : %
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. ay; _ MRowjk—1 . coC . . coC ,0C(Ty) 9T
34: % = —aQD Sklk—l C(Tl) + R‘pk|k—1 Sk|k—1 o9t %

. ayi _ . .
35: P Rops dlag(C(Ti))

: ivati Oyi _ (9yi o %i 9yi
36: put derivatives together o (am’ 0, o0’ '6xshape)
37: end for
38: step 4: get stacked quantities
39:  measurements z = (Zj,1; Zi2; - Zion,)
40:  predicted measurements ¥ = (Vi 1; Yk2; - Yien,)

. a d a
41: measurement matrix H, = ( Yir, Vkz ., yk’n")
axk axk 6xk
Ry 0 0
| A
42: measurement covariance matrix R, = . . . .
\ 0 0 Rk,nk/

43: step 5: EKF update
44:  innovation covariance matrix Sy = Hy * Pyjx—1* Hi + Ry
45:  Kalman gain Ky, = Pyp—1 - H * St
46: update system state Xy = Xy k-1 + Ki - (Zx — ¥i)
47: update covariance matrix Py, = Pyjx—1 — Ki " Hi * Prjre—1

48: Output: Xy, Pri
49: end function

The implementation and the performance of the spline EKF, as well as the comparison with
the rectangular shape estimator is presented in the next chapter, while the last section in this
chapter is about to integrate the spline measurement modal in the PHD filter framework.

6.5 The spline PHD filter

To integrate the spline measurement model [1] in the GM-PHD filter framework for extended
objects [35], the equations of section 4.4 and 4.5 need to be used. Additionally, the stacked
derivatives of (6.36)-(6.39) are considered as well. The prediction step of the spline PHD filter
is the same as the prediction step of the PHD filter for point objects. Therefore, the modeled
birth RFS is given using (4.23), while the prediction of the existing GM components is
calculated using (4.26)-(4.29). As the spline measurement model is a measurement model for
extended objects, (4.40)-(4.57) need to be used to calculate the updated GM components. As
stacked derivatives of (4.44)-(4.48) the ones presented in (6.36)-(6.39) need to be used for
every GM component in every cell in every partition. As the update step considers every cell
in every partition to update every predicted GM component, the number of updated GM
components, calculated in (4.50)-(4.52), can grow very fast. To reduce this amount a merging
and pruning step [29] is used after the update step. In the pruning step every GM component
with a weight smaller than a specific threshold T is ignored to cut off every component under
a certain threshold. The merging step is used to merge the GM components with closely
spaced means, with the distance calculated using the Mahalanobis distance. With a given set

. . T
of pruned GM components {w,(cll)k,i,((ll)k,Pk(ll,)c} , the first step is to compute the component
1

i=
with the biggest weight w,gjli
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Afterwards, the corresponding mean x,((]&( is used to find the closely spaced components.

Therefore, a second threshold U is introduced [29]. The indices of the closely spaced
components are calculated using

1
L= {i € (1. )0} (% - x%{) PO (20, -2 < U}. (6.40)

After computing the closely spaced components, those are merged using the following
equations:

~() ®
Wik = z a)kl|k ) (6.41)
i€eL
Xk = 0 Zwldk xklk' (6.42)
Wy |k TeL
~(l) @ @ ~0 =@ ~() =~
Pek = P0) Z Wik (Pklk (xklk - xklk) (xk|k - xk|k) ) . (6.43)

Wy |k TeL

Finally, a second pruning step can be performed by taking the J,,.x GM components with the
largest merged weights. Thus, the limitations of used hardware can be considered. After the
merging and pruning steps the state extraction can be done by simply taking the GM
components with weights larger than 0.5 as states of the objects actually being present.

As LIDAR measurements enable the edge visibility of the measured object a DBSCAN algorithm
[37] is a possible choice as cluster algorithm for the spline PHD filter. The algorithm clusters
closely spaced measurements if the number of measurements is larger than a predefined
minimum point threshold minPoints. Remaining measurements are clustered in a noise set.
Two points are closely spaced, if the distance between the points is smaller than the
predefined parameter €. Since the LIDAR measurements are close to each other if the object
is close to the sensor and vice versa further apart if the object and sensor are further apart, a
set of distance parameters € = {¢y, ..., ejp} has to be used to compute a reasonable subset of
all possible partitions of the measurement set.

Computing the rate of the Poisson distributed random number modeling the amount of

measurements generated from a specific object y (x,({]ﬁ( 1) can be done by computing the

intersections of the LIDAR sensors lines of sight and the objects’ contour. Using the position

m,((]ﬁ( ., orientation <p,£1|3< , and extension provided by Sg,zlk_l and 53%1',(_1, the objects’

contour can be computed. The LIDAR sensor can be modeled using lines of sight arranged with
the given resolution of the sensor. A measurement can occur if a line of sight intersects with
the contour of the object. For the sake of simplicity, the spline contour is approximated as
rectangle. The edge detection used for the computation of the rate modeling the generated
measurements is illustrated in Figure 6.3. The amount of edge detections can be taken as rate

of object generated measurements y (x%( 1)

When computing the partition weights according to (4.56), the product of the cell weights can
get that large a numerical overflow can occur. Therefore, the cell weights can be stored using
the logarithm of the cell weights. An explanation is given in [38] and the equations are given
in the all in all spline PHD filter algorithm.
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Figure 6.3: lllustration of the edge detection used for the spline PHD filter

The summary of the spline PHD filter, where the spline measurement model is integrated in a
GM-PHD filter framework for extended objects, is as pseudocode of Table 2.

Table 2: The spline PHD filter algorithm

1: function Spline PHD

; Jk-1]k-
() 0 pY } et , measurement set Z,, ,

2: Input: GM components {wk_llk_l,xk k=1 T =1 k-1

set of clustering parameters & = {ep}p_l

step 1: prediction step

step 2: compute measurement partitions

step 3: compute rate of target generated measurements
step 4: update step

step 5: merging and pruning

step 6: state extraction

W N U kW

0 =W P(J)}

Output: GM components {wk|k,xk|k, Kik , extracted object states Xk“(

10: end function

In the following tables the individual steps, specified in Table 2, are given. The prediction step
[29] is given in Table 3, the measurement partitioning [37] in Table 4, computing the amount
of target generated measurements in Table 5, the update step [35] [1] in Table 6 and the
merging and pruning step [29], as well as the state extraction [29], in Table 7 and Table 8
respectively.
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Table 3: The spline PHD filter prediction step

1: function prediction of birth components

i i i Jr=1|k—
2: Input: GM components {wl(f]—)llk—ljl(cj—)uk—r pk(i)llk_l} 1lk-1
j=1
3: initialize prediction counteri = 0
4: forj=1,..,Jp) do
5: increase prediction counteri =i+ 1
6: predicted components w,gl)k_l = wlg{,z , ’i,ill)k_l = ’ig],)( ) P,\fll,z_l = Pb(’Jk)
7: end for
8: forj=1,..Jk_1jk-1 do
9: increase prediction counteri =i+ 1
10: predict weight a),((ll)k_l = ps - a),(cj_)llk_1
11: calculate Jacobi matrix Fk(j) =Vrf(X| _.»
' ' ' X=Xl 1)k-1
12: predict mean E,((ll)k_l = Fk(]) 'QI((J—)1|k—1
X , X ~T
13: predict covariance Pk(ll,)(_1 = Fk(]) : Pk(l_)“k_l -Fk(]) + Qg
14: end for
15: predict amount of GM components Jy ;-1 = i
. . N .
16: Output: predicted GM components {“’l(c]|1)c—1'§1(cj|3c—1'Pk(|le—1} _klk '

j=1
17: end function

Table 4: Measurement partitioning for the spline PHD filter

1: function compute measurement partitions

2: Input: measurement set Z;, , set of clustering parameters € = {ep}:p:l
3: forp=1,..,Jp

o we [Pol o
4: compute partition cells {Zk ”} = DBSCAN(Zy, €,, minPoints)

n=1
5: end for
- wey [Pl r
6: Output: measurement partitions {Zk ”}
n=1
p=1

7: end function

Table 5: Computing amount of target generated measurements for the spline PHD filter

1: function compute rate of target generated measurements
. ~() Jkjk-1
2 Input: predicted GM means {xk|k—1}
j=1

3 forj=1,..,Jkk-1 do

. D _ ., (=)
4: Vie =Y (xk|k—1)
5 end for

) ]klk—l
6 Output: rate of target generated measurements {yk }
j=1

7: end function
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Table 6: Update step for the spline PHD filter

1: function update step

i i i Tk~
2: Input: predicted GM components {w,(cjl?(_l,ﬁl({]ﬁ{_l, Pk(|]12—1}j:|1 " rate of target
6 Jk|k-1 " wPy/P
generated measurements {yk } , measurement partitions {Zk “}
j=1 n=1
3: forj = 1""']k|k—1 do
4: update weight a),(cjl,)c = (1 — (1 —e W )pD) “’1(<]|1)c—1
5: update mean i,((]lac = i,((]lac_l and covariance Pk(|]12 = Pk(|112—1
6: end for
7: initialize cell counter [ = 0
8: forp=1,..Jpdo
9: forn=1,..,|p,| do
10: increment cell counterl =1+ 1
14
11: select measurement set Z,, = ZkW"
12: forj=1, o Jilk=1 do
13: predict measurements
14: form=1,..,|Z,| do
15: predict measurements according to (6.2)-(6.17) using Z,,
and ?i(cjﬁc—l-
16: end for
o) Y Zn! RO A O L
17: Output: {7,77, JAlay’, by, c .12z
e T N (G S L
18: predicted measurement derivation
19: form=1,..,|Z,| do
20: derive predicted measurements according to (6.18)-(6.35)
NGO ONL OO NG
using {Tm Vo }m=1 , {(am by, ¢ )}m=1 s Xilke—1+ Z,
~Y | Znl
NO s
and {zm }m=1
21: end for
(3|2l
22: Output: {ay_m}
0Xk )yp=1
23: get stacked quantities
. —(,T.,T. .,T
24: measurements z,, = (zl,zz, ) Z|Zn|)
B ~T ~T ~ T
25: predicted measurements & = (y?) ;ygj) ;...;yl(éll )
. ORPN0) ayy
26: measurement matrix HY(LJ) = (21 ;ay2 I \Zn|
6xk axk axk
R, 0 - 0
. 0 R, - 0
27: covariance matrix R,({) =\ . :2 .
0 0 - Ry,
28: compute updated components
. . . T ,
29: innovation covariance S,(l]) = H,(l]) : Pk(|]13—1 -H,(l]) + R,(l])
. . T =1
30: Kalman gain K,(lj) = Pk_(|113_—1 ' H,(l]) -S,(l])
N ; 1 (i . .
31: mean x,(cjlzjk'k DR x,(gl?{_l + KY(L]) . (zn - y;’))
32: covariance matrix Pk(ljk”k'k_ll) = Pk(|12—1 - Kr(lj) 'Hr(lj) . Pk(|j;3—1
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33:
34:

35:
36:

37:

38:

39:

40:
41:
42:
43:

44.

45:
46:

47:

48:
49:

50:

[V = ev? . ()
. 5 N izl 1
o = N (25 v, 57) T

M=1 ky (21n)

_ T 1 . . .
update weight wlgjlk]klk R pp TV -0 - “’1(<]|1)c—1

end for

- _ Jrpe-1 | (G+Tkjre-11)
compute cell normalization dwfl =b|z,1 t Z].=1 Wi

(i+1k|k—1l)
i ioht Utike-1D) _ @i~ fori=1

normalize weights @, — orj=1,...Jkk-1

n

end for

compute log partition normalization numerator &Jpp = Zlffl log (dwp)
- n

end for
update amount of GM components Jix = Jijk-1* (L + 1)

By -
log partition normalization @,p = @,p - (5,,1 + log(l + Zé’;ze P! pl)) p=1,..

partition normalization factor Wp, = e“rp forp=1,..,Jp

]aux :]k|k—1
forp=1,..,Jpdo

weight normalization a),((]“r]a“") = w,(cjl,r]a“") cwp, forj =1, .., Jxpr-11pp|

Jaux = Jaux +]k|k—1 ’ |pp|
end for

. . T
Output: updated GM components {w,gjli,’;\?,(gl;(,Pk(lj,z} o
j=1

51: end function

Jp

Table 7: Merging and pruning step for the spline PHD filter

1: function merging and pruning

N () () kK
2: Input: updated GM components {w,(cjl)k’f,(jﬁcPk(lj,z} " thresholds T, U, Jmax
j=1
3: prune small weights I = {i S {1, ...,]k|k}|w,£l|)k > T}
4: initialize merged components counter [ = 0
5: repeat
6: increment merged components counterl =1+ 1
, . . e 0
7: find maximum weight j = argnil‘glx Wk )
. . =1 . .
8: closely spaced components L = {i € I| (Q,({ll)k — ’;\?,(cjli) Pk(ll,z (Q,({ll)k — 52,({]'3{) < U}
merge weights 6,%( = YieL a),((ll)k
10: O __1 v (OREN0)
: merge means X, = — ZlEka|k Xyik
Dk
, .50 1 j j NOBIPORYZONPNORY
11: merge covariance’s Pk(“){ = (T)TZiEL w,(cll)k (Pk(f,)( + (x,(cl)k - x%)k) (x,(cl)k - xf(ll)k) )
k|k
12: set derivative I = I\L
13: until/ = @
14: ifl > [0 do
. ~) =0 5O . ,
15: replace GM components Wk Xiejier Pklk with the components with J;,.«
i=1
largest weights and | = J .«
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16: end if
. 0 =) pOVHE _ (~@) =0 5O
17: set {wklk'xklk'Pklk}j=1 = {wklk’xklk’Pklk}i=1
. . . ]k k
18:  Output: merged and pruned updated GM components {w,ijll)cfl({]liPk(lj,z} |
j=1
19: end function

Table 8: state extraction for the spline PHD filter

1: function state extraction

. . v
2 Input: merged and pruned updated GM components {w,(cjli,i,(gﬁ(,Pk(lj,z} e
j=1
3 initialize empty state set )?k“( =0
4 forj =1, e Jr|k do
5 if ), > 0.5 do
. v (% =0
6: update state set Xy, = Xieller Xig
7 end if
8 end for
9 Output: state set X

10: end function

The parameters used for the implementation as well as the simulation results are given in the
next chapter.

7 Performance evaluation

In order to evaluate the performance of the spline extension model within the EKF and the
GM-PHD Filter, a self-implemented version of both filters is tested. Since a decoupled error
analysis, using root mean square errors for every component of the object state, does not
show the impact of one component on the total error, a metric for the performance evaluation
of extended objects is introduced in section 7.1. Afterwards, the performance evaluation for
tracking one extended object using a spline EKF is illustrated in section 7.2. Within this section
the performance is analyzed using simulated measurements. The first subsection 7.2.1 is
therefore about the implemented simulation environment to generate the measurements in
every time step. In subsection 7.2.2 the results using the spline EKF to track the simulated
measurement data are presented. The results for one simulation run and a Monte Carlo
simulation with 1000 runs are shown. In subsection 7.2.3 the performance of the spline EKF is
compared with the rectangular shape estimator presented in section 3.3. Therefore, also the
results for one simulation run and a Monte Carlo simulation with 1000 runs are shown. The
performance of the spline PHD filter is analyzed in section 7.4. The performance of this filter
is also evaluated with simulated measurements. Therefore, the simulation environment for
generating measurements of several extended objects in a cluttered environment is
presented in subsection 7.4.1. Finally, the results of the simulation are illustrated in subsection
7.4.2.

7.1 Adistance measure for extended objects

The metric used for the performance evaluation in this thesis is the optimal subpattern
assignment (OSPA) metric introduced in [39]. The paper describes a consistent metric for the
performance evaluation of multi object point tracking problems, where the performance is
described in a single number. In contrast to a decoupled analysis using root mean square
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errors, the OSPA provides an actual evaluation of the tracker’s performance. The metric can
be adapted to analyze the performance of a single extended object tracker presented in [40].

In order to calculate the OSPA distance of two extended objects n equidistant points must be
chosen from the reference contour x and the estimated contour X to approximate a uniform
distribution on the boundary.

25+ reference contour R -
— — — estimated contour - - AN
2 r |— — —assignment - \ .
- \
- ]
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Figure 7.1: Visualization of the OSPA distance for extended objects
The points are denoted as p, = {pl,p2, ... ,p"} for the reference contour and p; =

{p%,p,%, ,p%} for the estimated contour. The OSPA distance for extended objects is then
defined as

nell

n
dospan(Px p2z)? = min %Z ”P:lc - Pg(i) ”p (7.1)
i=1

with IT as the set of all permutations of {1,2, ... ,n} and m as one permutation in the set of
permutations. The OSPA metric therefore searches for the minimal sum of distances where
each point on the reference contour is assigned to one point on the estimated contour. The
OSPA distance is illustrated in Figure 7.1 with n = 4 and the optimal assignment of the two
sets of points. Finding the minimum costs for the assignment problem is a common problem
in combinatorial optimization and can be solved using the Hungarian method, also called
Kuhn-Munkres algorithm [41], or the auction algorithm [42]. An implementation of the Kuhn-
Munkres algorithm of [43] is used for the OSPA calculation in this thesis.
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7.2 Performance of the spline EKF

This section is about to evaluate the performance of the spline EKF tracker presented in Table
1. In order to provide a well-defined object state in every time step, (6.1) is used to define the
system state vector. As system transition model a coordinated turn model with polar velocity
[8] combined with an assumed constant extension is used. The transition function is then given
as

2v Wyt wyt
X + =X sin (Tk> cos ((pk + —k)

Wr 2
ka . (l)kt . (l)kt
Vi +w—ksm( > )sm((pk + > )
f(xk) = Ve (7-2)
Pr + a)kt

W
Sx,k
Sy,k

with the periodic time t of the sensor. The system covariance matrix is calculated as
0 = G- diag((02,02,0%,02)) - 6" 7.3

with G given as

(7.4)

SO OO+ OO
OO+ OO OO
SO+ OO O OO

(=2 el e B «o B e B )

|
)

The system standard deviations are specified as o;, = 2.2m/s, o, = 1.5°/s, 05, = 0.1m and
0, = 0.1m. One single measurement covariance matrix used for the combination to the
measurement covariance matrix specified in (6.39) is given as

g? 0
R= (o ) 73

with the measurement standard deviations specified as g, = 0.1m and gy = 0.5°. The
measurement set is therefore given as

7 LTy e Ty .
k= (191 9, .. ﬁnk) (7.6)
with the range r and the azimuth 9 for every measurement in polar coordinates.

7.2.1 Simulation environment

Within the simulation environment to evaluate the performance of the spline EKF, the
measurements for one moving object need to be generated. The LIDAR sensor is modeled
using several lines of sight going through the point where the sensor is located. Those lines of
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sight are generated using a specific angle as resolution of the sensor which can be adjusted
within the simulation environment.

In order to generate the shape measurements, the first step is to create a random trajectory
using (7.2) without the extension components and adding Gaussian random noise terms using
o, and g,. Given the position and the orientation of the trajectory at every time step those
guantities can be used to create a rectangle within the surveillance area.

[ [ ]
9 rectangular contour
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X intersection
8T line of sight
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\
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Figure 7.2: lllustration of the edge detection used for the EKF simulation environment

With a specific model length and width, the corners of the rectangle can be calculated. The
analytical representation of the lines of sight and the edges of the model allows to calculate
their intersections. Those intersections are illustrated in Figure 7.2 and are now used to
generate the shape measurements. Since the sensor can only see the front facing it and one
line of sight has two intersections with the rectangle, it is necessary to find out which
intersection is located closer to the sensor. The closer located intersection is added to a data
set if a uniform distributed random number is smaller than the predefined probability of
detection pp. The more distant intersection is added to a data set if a uniform distributed
random number is smaller than the predefined probability of multipath detection pyp. This
data set now contains noiseless shape measurements in Cartesian coordinates. In order to
calculate the final measurement set, those data points need to be given in polar coordinates.
The last step is to add a random Gaussian noise term to the range using g, and the azimuth
using g, of each data point.

7.2.2 Simulation results

The simulations are done with a sensor resolution of one degree and a detection probability
of pp = 0.95. The first results presented are the root mean square errors and the OSPA
distance for a random single run. Within this simulation the probability of multipath detection
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is set to pyp = 0 and the periodic time of the sensor is set to t = 0.1s. The OSPA distance is
calculated using n = 50 samples both of the contour of the estimation and the reference. In
Figure 7.3 the root mean square errors for the position in x and y dimension, the orientation
and the scale factors in x and y dimension for one run are shown. The figure shows the
accuracy of the filter for every component separately.

Root mean square errors

= 100E T T T T TIIIT T T pau L EREEFERALY) A
£ 10'2:'_//-WV' 1
><¥ 10_4§ 1 1 1 ] I I 1 1 1 i
0 1 2 3 4 5 6 7 8 9 10
£ 105: T T T T T T T T T
£ 10%F
>:\‘ 10_5:\/'7| | | | | | | | |
0 1 2 3 4 5 6 7 8 9 10
g ‘]OOE T T T T T T T T T ]
c 105 _V"‘hw___v\vw
‘Qx 10-10: | | | | | | | 1 | ]
0 1 2 3 4 5 6 7 8 9 10
o ’]02: T T T T T T T T T !
< 100 i
@ 10-2é 1 1 1 1 L 1 1 1 1 !
0 1 2 3 4 5 6 7 8 9 10
105: T T T T T T T T T
0F 3
S 100
10-5' 1 1 1 1 1 1 1 1 1
0 1 2 3 4 5 6 7 8 9 10
timein s

Figure 7.3: Root mean square errors for one simulation run

While the orientation error stays nearly constant, all the other errors increase over time. The
reason for that can be seen in Figure 7.4, where the OSPA distance as well as the number of
measurements are illustrated for the same simulation run. The number of measurements first
increases at the beginning of the simulation and then decreases rapidly at the ending. The
trajectory therefore starts near the sensor, then leads past the sensor, where the maximum
number of measurements is, and then diverges from the sensor, where the number of
measurements decreases. The deterioration of the performance can also be detected in the
OSPA distance, which also increases over time. However, the deterioration in performance is
not linearly related to the number of measurements, which is a positive property. The value
itself of the OSPA distance is difficult to interpret since the position, the orientation and the
extension are included in the distance. Since the RMSE values of the simulation run show an
accurate performance of the filter, the OSPA distance seems to be in an acceptable range too.
However, to interpret the value of the OSPA distance the best it needs to be compared to
either another simulation run of the spline EKF or the simulation of another filter. Both
comparisons will be shown within this chapter.
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Figure 7.4: OSPA distance and number of measurements for one simulation run
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Figure 7.5: OSPA distance of the first Monte Carlo simulation of the spline EKF
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In order to show a long-term performance of the spline EKF the results of a Monte Carlo
simulation with 1000 runs is shown. In Figure 7.5 the mean OSPA distance of every simulation
run is shown, while Figure 7.6 shows the mean root mean square errors of every run. The
simulation is done using the same uncertainties, probabilities, simulation time and OSPA
samples as stated above.

Root mean square errors

10° ¢
x 109
1072

0 100 200 300 400 500 600 700 800 900 1000
102 . . , . . : . .

> 100
1072

0 100 200 300 400 500 600 700 800 900 1000
0
10 T T T T T T T T T
© 102
107

0 100 200 300 400 500 600 700 800 900 1000

o< 100

0 100 200 300 400 500 600 700 800 900 1000
monte carlo run

Figure 7.6: RMSE values of the first Monte Carlo simulation of the spline EKF

The figures show a constant performance for most of the runs. However, several simulations
show a worse result than most of the others. The reason for that is up to the initialization of
the spline EKF in the run. In the case where the measurements are assigned to the wrong side
of the car within the initialization step the covariance matrix P of the filter gets too small, to
correct the wrong assignment throughout the simulation. To correct this only a new
initialization can help. The remaining runs show a stable performance of the spline EKF tracker.
Most of the mean values of the OSPA are between 0.6 and 0.8 were also the mean OSPA
distance of Figure 7.4 is located.

In order to improve the performance of the spline EKF the detection and multipath detection
probabilities are set to pp = 0.95 and pyp = 0.05 in a second Monte Carlo simulation. Also,
in this simulation 1000 runs are done. The results are shown in the mean values of the OSPA
distance and the RMSE values in Figure 7.7 and Figure 7.8 respectively. The figures show a
much better performance than the results in the previous Monte Carlo simulation. Most of
the mean OSPA values are lower than before and the RMSE values show a better performance
as well. However, these results must be treated with caution, since there is no guarantee that
there is a single multipath detection in a specific scenario. In summary the results show a very
good performance of the spline EKF filter apart from the runs, where the initialization fails. In
those cases, only a new initialization leads to a better performance.
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Figure 7.7: OSPA distance of the second Monte Carlo simulation of the spline EKF
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Figure 7.8: RMSE values of the second Monte Carlo simulation of the spline EKF
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7.2.3 Performance comparison

Within this subsection the spline EKF tracker is compared to the rectangular shape estimator
presented in section 3.3. Therefore, the same simulation environment presented in
subsection 7.2.1 is used. First the simulation results of a single run are illustrated in Figure 7.9
and Figure 7.10 with the mean root mean square errors and the OSPA distances for every time
step respectively. The second figure also shows the number of measurements per time step.
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Figure 7.9: Compared RMSE values of a single run

The simulation is done with the same uncertainties, simulation time and OSPA samples as
stated above. The probability of detection and multipath detection probability are set to pp, =
1 and pyp = 0. The figure showing the root mean square errors is hard to interpret, since it
shows a decoupled error consideration. The tendency is that the spline EKF is more stable than
the rectangular shape estimator. At some points the spline EKF and at other points the
rectangular shape estimator shows a better performance in a specific component of the
system state, but the overall performance of the filters cannot be picked out easily. Therefore,
the second illustration showing the OSPA distance with the number of measurements is more
suitable. The scenario simulated is a drive-by of the car like in the subsection before, so the
number of measurements increase in the beginning until the maximum number is reached
and decreases as the vehicle moves away. The OSPA distances show the overall performance
of the filters. In the beginning the rectangular estimator is much worse than the spline EKF,
since the rectangular estimator needs quite some time steps in order to estimate the vehicles
extension accurately. Afterwards, the rectangular estimator can get better than the spline EKF
but is again getting worse as the number of measurements decreases. The results of a single
run show the stability of the spline EKF tracker in contrast to the rectangular shape estimator.
This can be better in some situations but is much worse in the first time steps and can
completely loose the track with a decreasing number of measurements in the worst case.
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Figure 7.10: Compared OSPA distance of a single run

In order to verify the first impression, the results of two Monte Carlo simulations are
illustrated in the following. Therefore, the same scenario as above with the same settings
except the resolution of the sensor and the two probabilities is used for every run. The
probability of detection is set to pp = 0.95 and the multipath detection probability is set to
Pup = 0.05. In the first simulation a resolution of two degrees is used. In Figure 7.11 the mean
OSPA distance, the total simulation time and the mean number of measurements for every
time step are shown. The results of this Monte Carlo simulation show the outperformance of
the spline EKF tracker towards the rectangular shape estimator in this scenario. The OSPA
distance shows a much better and more constant performance of the spline EKF. Also, the
total simulation time is mostly shorter with the implementations used. The mean number of
measurements is under 20 measurements per time step and the spline EKF tracker is still
showing a good performance. In order to achieve a similar performance between the spline
EKF tracker and the rectangular estimator, the resolution of the sensor needs to be set to 0.5
degrees. The results of this simulation are not shown here.

To outperform the spline EKF the resolution needs to be set to 0.1 degrees. The results of this
Monte Carlo simulation are shown in Figure 7.12. The OSPA distance of both trackers get much
more constant and the rectangular estimator shows a better performance and gets faster as
the spline EKF, which also still shows a good performance. The mean number of
measurements grows up to 250 to 500 measurements per time step. A remarkable result of
those simulations is the constancy of the spline EKF tracker, which nearly shows the same
results with around 20 measurements per time step as up to several hundreds of
measurements per time step. On the other side the rectangular estimator gets better and
finally outperforms the spline EKF with an increasing number of measurements.
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Figure 7.12: Second Monte Carlo simulation for the comparison
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7.3 Evaluation of multi object trackers

When evaluating a multi object tracker, the distance of the estimation to the ground truth
needs to be measured. In the case of a single object the Euclidean distance can be taken into
account. When tracking multiple objects in a cluttered environment the mean distance of an
estimation to the ground truth could be considered. However, a labeling of the estimations
would have to be available for this evaluation, which is not the case for a general PHD filter.
But more importantly, the number of estimations and ground truths is not always the same
as misdetections, misestimating the cardinality and false associations can occur. The goal is a

multi object metric that incorporates all these outcomes of the filter. One solution is provided
my

by the OSPA metric proposed in [39]. Given a set of references X, = {xg)}, ) € F(W)anda

= ~\ )"k
set of estimations X, = {ig)} € F (W) as subsets of the same underlying set W, the OSPA
i=1
metric is defined as

1
p

mp
- - 1 : A\ D
déc)(Xk,Xk) :=| —| min E d(c)(xg),iz(l)) +c? - (n, —my) (7.7)
nk n'el'[nk =

if m, < ny. If my > n, the OSPA metric is simply defined as J,Ef)(xk,)?k) = JI(,C)()A(,(,X,().
The parameter p defines the p-norm used to calculate the OSPA. The parameter c is given as
the cut off distance if n;, # m; and an assignment of an estimation to a reference is not
possible in every case. The minimal sum of distances is calculated by considering every
permutation m € Il,,, of the estimation set as assignment specification. The distance
d(c)(x,y) 1= min(c,d(x,y)) denotes an arbitrary metric with values in [0,c]. The
minimization problem can be solved using either the Kuhn-Munkres algorithm [41] or the
auction algorithm [42]. To evaluate the performance of an extended multi object tracker, the
distance measure of (7.1) is used. The adapted OSPA metric for extended objects is then
calculated as

|

my p
A 1 p
(©) Y. )= : (©) .
1=

Using the adapted OSPA measure for extended objects as distance for the OSPA metric, the
position, orientation and extension errors for each estimation are calculated in one number
and combined to a performance evaluation of the multi extended object tracker. Another
evaluation tool for multi extended object trackers is the cardinality comparison. Thus, the true
number of objects and the estimated number of objects are compared. The estimated number
of objects can either be computed by taking the number of extracted objects or by the sum of
updated, merged and pruned weights as

Tk
cardinality = Z w,(cjli . (7.9)
=

The cardinality is computed as sum of weights in this thesis.
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7.4 Performance of the spline PHD filter

This section is about to evaluate the performance of the spline PHD filter presented in Table
2. Equally to the spline EKF filter, the object state vector is used according to (6.1). As system
state transition model also a coordinated turn model with polar velocity [8] is combined with
an assumed constant extension according to (7.2). The system standard deviations are
specified as o, = 2m/s, o, =3°/s , o,, = 0.1m and s, = 0.1m to form the system
covariance matrix given in (7.3) and (7.4). A single measurement covariance matrix is
computed using (7.5) with the measurement standard deviations of g, = 0.1m and gy = 0.5°.
For clustering the measurement set Z; a DBSCAN algorithm [37] with a set of parameters
given as € = (1,1.2,...,5), to create 21 different partitions in each time step, is used. The
implementation of the DBSCAN algorithm is taken from [44]. The thresholds for merging and
pruning are taken as U = 4 and T = 10~> while the maximum number of PHD components is
specified as J;,ax = 100. Two scenarios, introduced in the next subsection, are investigated
using the spline PHD filter. The probability of survival ps = 0.99 is equal in both scenarios. As
the probability of detection differs in both scenarios it is given in the next subsection.

7.4.1 Simulation environment

The measurement creation is similar to the spline EKF simulation environment explained in
subsection 7.2.1. Unlike the measurement creation for a single object, the occlusion of an
object has to be considered for the measurement creation of several objects. Also, the fact if
the measurements are inside of the surveillance area has to be checked. The first scenario
investigated is illustrated in Figure 7.13.
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Figure 7.13: First investigated scenario with the PHD filter

In this scenario two objects enter the surveillance area with the edge of the contours moving
up to two meters towards each other. Following, they separate again and exit the surveillance
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area. By investigating this scenario, the birth process and tracking of closely spaced objects
can be examined. Especially the performance of the DBSCAN algorithm needs to be
appropriate for closely spaced objects. The probability of detection is taken as pp = 0.99 as
the objects are assumed to be detected in every time step. The second investigated scenario
is illustrated in Figure 7.14.
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Figure 7.14: Second investigated scenario with the PHD filter

In this scenario two objects enter surveillance area and drive past each other. At the level of
the sensor one object is occluded by the other and does not generate a single measurement
for a few time steps. In order for the GM component representing the occluded object to
survive, the probability of detection is taken as pp = 0.9 in this scenario.

The number of birth PHDs positioned as illustrated in Figure 7.13 and Figure 7.14 is J, = 25
using weights of wlgj) = % = %withj =1, ...,Jp in every time step. The positions of the birth
b

PHDs are chosen like that because the spontaneous births are assumed to happen at the edge
of the surveillance area, as an object enters it, not inside of the surveillance area. The opening
angle of the sensor is 180° with a resolution of 1° and a range of 60m forming a semicircle.
The objects entering the surveillance area are simulated as rectangles with a length of 6m and
a width of 3m. The spatial clutter distribution is modeled as uniform distribution over the
surveillance area, while the number of clutter measurements is modeled as Poisson
distributed random number with a rate of A = 10 clutter measurements per time step.

7.4.2 Simulation results

In this section the simulation results of the spline PHD filter adapted to both scenarios are
illustrated and discussed. The parameters and settings are taken as mentioned before in both
scenarios. Following, the results of a single run and a Monte Carlo simulation with 1000 runs

63 7 Performance evaluation



for each scenario are given. The tracker is investigated by considering the cardinality as sum
of weights and the OSPA distance as specified in section 7.3. For the OSPA metric the cut off
distance ¢ = 30m is used. The adapted OSPA distance, to measure the distance of an
estimated single extended object to its ground truth, is used with a number of n = 50 samples
on the contour as distance measure in the OSPA distance. Both minimization problems, for
the OSPA and adapted OSPA distance, are solved using the Kuhn-Munkres algorithm. The
results of a single run on the first scenario are illustrated in Figure 7.15.
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Figure 7.15: Single run result on first scenario

The cardinality plot shows a working birth process as the estimated cardinality rises when the
objects enter the surveillance area. However, the birth process is an error-prone process.
During the birth of the objects the OSPA distance is very high in most of the time steps, also
the cardinality is at its level of four estimated objects. This issue first arises from the fact, that
the objects entering the surveillance area is a process of a few time steps. The sensor does
not detect the whole contour of the object from the first moment on. Thus, the correct
estimation of the position, orientation and extension fails. Furthermore, the spline
measurement model struggles with an imprecise state prediction. With the objects entering
the surveillance area a few meters away from the mean of the birth PHD, the measurement
prediction in the update step also fails. However, the birth process still works. Another
abnormality in Figure 7.15 are the peaks in the cardinality and OSPA plot. The peaks in the
cardinality occur if some clutter measurements are close to a birth PHD and assumed as new
object. Subsequently the same peaks occur in the OSPA plot. If a peak in the cardinality plot
does not engender a peak in the OSPA plot, still the true number of objects is extracted in the
last step of the spline PHD filter. As the state extraction only considers GM components with
weights higher than 0.5 as true objects, two or more GM components must have weights
lower than this threshold in this case. For the calculation of the OSPA distance only the GM
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components after the state extraction are considered. The DBSCAN clustering algorithm can
separate the measurement sets occurring from different closely spaced objects as the
estimated cardinality is always two or higher. The spline measurement model still performs
pretty good within the PHD filter since the OSPA distance is very low in the time steps of a
good performance. The results of a single run on the second scenario are illustrated in Figure
7.16.
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Figure 7.16: Single run result on first scenario

Those results also show a working birth process as the cardinality rises when the objects enter
the surveillance area. The cardinality and OSPA plots show the same peaks like in Figure 7.15.
An additional abnormality are the peaks in the OSPA distance without a peak in the cardinality
plot at the same time. In those cases, a true object is not detected of the filter, while a wrong
object containing only clutter measurements is taken as true object. Thus, the cardinality
estimate is close to the reference, while the OSPA distance shows a peak. Another result of
investigating the second scenario concerns the occlusion of one object. The occlusion takes
place after about 13 seconds. For a few time steps the estimated cardinality shrinks to one
but rises up to two again as the object is detected again. So the occluded object is tracked
again as it is detected again. The results of the single runs on both scenarios already show a
working multi extended object filter but still many problems that need to be solved. The birth
process is not that accurate because of the initialization problem of the spline measurement
model that needs to be improved. Also, an improvement of the state extraction could yield in
better performance results by considering not only the actual state extraction but also the
previous ones. As the results of a single run do not provide a long-term conclusion, the
following illustrations show the results of a Monte Carlo simulation with 1000 runs on each
scenario. The results of the Monte Carlo simulation on the first scenario are illustrated in
Figure 7.17.
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Figure 7.17: Results of Monte Carlo simulation on first scenario

The OSPA and cardinality plot show the means, medians and standard deviations considering
the 1000 results in each sample step. The same trajectories are used in every Monte Carlo run,
but the number and position of the clutter measurements, as well as the noise and the number
of the object generated measurements differs in every run. The results of this long-term
simulation clarify the assumptions made after the single run on the first scenario. The birth
process still works after considering 1000 runs. However, the OSPA distance shows a peak at
the moment of the objects entering the surveillance area, that clarifies the bad performance
of the birth process. The median of both the estimated cardinality and the OSPA distance
shows a nearly perfect performance of the filter in this scenario. However, the mean once
more illustrates the aforementioned problems. The cardinality is overestimated in most of the
time steps leading to a higher mean OSPA distance than the median. The state extraction as
well as the birth process need to be improved for a better performance. In summary, the
functionality of the filter is proven considering the results of the first Monte Carlo simulation.
The results of the Monte Carlo simulation on the second scenario are illustrated in Figure 7.18.
The cardinality as well as the OSPA plot show a worse performance of the spline PHD filter on
the second scenario compared to the first scenario. The overestimation of the cardinality is
higher in both the mean and the median leading to a larger OSPA distance compared to the
first scenario. The functionality of the filter however is still proven considering the results of
Figure 7.18. The occlusion process taking place after about 13 seconds also works in a long-
term simulation. The occluded object is tracked again as it is detected again. This can be seen
as the estimated cardinality rises and the OSPA distance shrinks as the object is detected
again.
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Figure 7.18: Results of Monte Carlo simulation on second scenario

All the investigations addressed in this chapter show a good performance of the spline
measurement model although some problems still remain. In the next chapter the conclusions
summarizing the deliberations and results of this thesis and possible ideas for future work are
addressed.

8 Conclusions

In this thesis the spline measurement model [1] for tracking extended objects with LIDAR
measurements was investigated. The shape of the object is modeled using quadratic periodic
uniform B-spline functions. To establish the basis of the resulting filter algorithms, the theories
of single object tracking, extended object tracking and multiple object tracking were briefly
addressed. Also, the theory of B-spline functions was recapped. To use a B-spline represented
object contour in a tracking algorithm a measurement prediction represented by a
measurement source on the contour is needed. Additionally, those measurement sources
need to be derived with respect to the object state. The derivation of those equations was
presented in detail. Also, the use of a spline contour for other objects than vehicles was briefly
addressed. To use the spline measurement model in a tracking scenario it was first integrated
in an EKF framework. The full algorithm is given in pseudocode. The implementation was
investigated using Monte Carlo simulations. Furthermore, the spline measurement model was
compared to the rectangular shape estimator [22] also using Monte Carlo simulations. In order
to track several extended objects in a cluttered environment, the spline measurement model
was integrated in the GM-PHD filter for extended objects [35]. The equations, as well as the
full algorithm in pseudocode is given. The investigation of the spline PHD filter using Monte
Carlo simulations shows the successful integration of the spline measurement model in the
GM PHD filter for extended objects, as well as the problems of this filter. Further investigations
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could deal with the initialization process of the spline measurement model, as well as with
improving the birth process of the PHD filter for extended objects as explained in section 7.4.
The improvement of those processes could lead to a better performance of the spline PHD
filter considering the overestimation of the cardinality and the poor birth process.
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