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Abstract

This thesis makes five important contributions to the development of an automo-
tive safety system: filtering algorithms, three modelling frameworks concerning
the usage of radar detections in tracking, vehicle motion, and decision-making for
intervention decisions, and finally the implementation architecture. In the filtering
context, we have developed a new sigma-point method for estimating the moments
of a transformed Gaussian random variable. These estimates are derived from an-
alytical expressions and are based on evaluations of the transforming function.
The method is applied to the moment estimation task in a Gaussian filter and the
resulting algorithm is denoted the marginalised Kalman filter (MKF).

Compared to traditional radar models, ours is specifically designed for vehicle
radars, which often yield several measurements from each object. These mea-
surements can provide useful information, such as vehicle orientation, if they are
accurately modelled. We introduce a tracking filter using such a sensor model,
and show how the complex data association problem can be facilitated by merging
similar hypotheses into groups.

The presented vehicle motion model includes the control input from the driver.
Uncertainties regarding, e.g., driver style, are formally treated with increased pre-
diction accuracy as a result. Similar to this model, the third framework also takes
the driver into consideration by allowing interventions only when the driver is be-
lieved to accept them. Our evaluations indicate an increased benefit in collision
avoidance systems — particularly in traffic situations where the future trajectory
of another road user is hard for the driver to predict.

Finally, we present a modular functional design for implementing a real-time
data fusion system. We conclude that a tracking system, using modern estimation
techniques, is well suited for sensor data fusion in an automotive environment.
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Chapter

Introduction

AUTOMOTIVE SAFETY is in focus more today than ever and it is likely that
research efforts within this area will be intensified. Traffic-related injuries
cause personal tragedies and require considerable resources from society for re-
habilitation. Today, traffic-related accidents are the 10" largest cause of death,
accounting for 2.1% of all deaths. This cause is predicted to advance to 8™ place
by the year 2030 [7], and taking into account the loss of health from disability, the
result appears even worse [8]. Road traffic injuries are predicted to be the third
leading contributor to the global burden of disease and injury by 2020.

One way to reduce the number of injuries is to equip vehicles with systems that
help the driver avoid accidents, or to mitigate their effects. An early example is the
anti-lock braking system (ABS), whereas recent innovations include systems that
automatically apply the brakes to mitigate the effects of an imminent collision.
Systems that assess the traffic situation, in order to determine whether or not to
take action, are generally called active safety systems. A characteristic property of
these systems is that their intended domain of action is when the driving situation
becomes critical, but they should not act under other circumstances. Therefore,
the systems must continuously monitor the traffic environment and assess whether
an accident is likely to occur or not. Usage of a statistical framework in this process
is easily motivated as the assessment involves uncertainties regarding the future;
by the time it can be determined that an accident will happen for certain, it is
already unavoidable.

The research presented in this thesis has been carried out as a part of the au-
thor’s work with automotive safety at the Volvo Group together with the Chalmers
University of Technology. The goal has been to develop methods to provide an
accurate description of traffic situations, so that actions can be initiated in time to
break the course of events leading to an accident. This thesis presents an overview
of suitable methods, provides a theoretical background for understanding their
usage, and describes how to fuse sensor data from multiple sensors in real time.
An outline of the author’s research contributions is provided in Chapter 5.



CHAPTER 1. INTRODUCTION

1.1 Thesis outline

This thesis has two parts. The first part introduces the general problem at hand
and describes the conceptual approach towards solving it. The intention is for
the reader to be properly prepared for the second part, where the contributions
are included. A more detailed description of the introductory chapters is provided
below, whereas the content of the appended papers and the author’s contributions
are discussed in Section 5.1.

Chapter 1: Introduction

The first chapter contains an introduction to truck-related accidents, and automo-
tive safety systems are described in terms of their purpose, behaviour, and design
challenges. The purpose is to clarify the motivations for the research presented in
this thesis.

Chapter 2: Filtering

The tracking filter in an automotive safety system is responsible for refining sensor
measurements to form an accurate description of the traffic situation, and this
chapter aims at providing an adequate, but detailed, background of the topic. The
problem formulation, in all its simplicity, is expressed in terms of the system model,
and the optimal solution to the problem formulation is expressed on a recursive
form. It is discussed under which circumstances the formal solution is applicable,
and examples are given of both exact recursive solutions and approximate recursive
methods. Finally, moment estimation using sigma-points is explained in terms of
quadrature rules, and commonly used sigma-point filters are discussed.

Chapter 3: Tracking

In order to do the filtering magic, previously discussed using a slightly more formal
tone in Chapter 2, some difficulties need to be considered. This chapter clarifies
real-world challenges such as the determination of which measurements should
be used to update the different tracked objects (data association) and how to
continuously evaluate track quality. The importance of having a good description
of time-stamps is clarified and out-of-sequence measurements are described as an
example.

Chapter 4: Modelling

The fourth chapter explains in more detail the models used in an automotive track-
ing system, e.g., in the filter. The usage of stochastic components is motivated,
and two commonly used linear process models are given as examples. Finally, the
sensor model and its desired properties are discussed in terms of use in a tracking
filter.
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Chapter 5: Contributions and future work

Here, we present a summary of the author’s contributions in the appended papers,
and discuss possible extensions and ideas for future research.

1.2 A background to truck accidents

The consequences of an accident involving a truck are devastating due to the large
vehicle weight. A frontal collision at high speed between a truck and a car is
often fatal for the people travelling in the car. In a similar collision with two
cars of the same size, the occupants normally survive if the collision speed of both
vehicles is less than 70 km/h and provided that the occupants are wearing seat
belts [9]. Also, a truck is a work environment used on a daily basis by professionals,
which separates truck drivers from the general road user. These factors must be
considered when planning safety systems for usage in trucks. Design for safety is a
leading principle at Volvo and one important resource in this work is the accident
research team (ART), formed in the sixties. An extensive database has been built
up with information and analyses as to why accidents occur by visiting crash sites
and interviewing drivers. Typical accidents involving trucks are shown in Figures
1.1-1.2, where the accident statistics originate from the ART database [10]. For a
majority of collisions in Western Europe involving a truck, where the injuries are
serious to fatal, the injured road user is travelling in a car. Truck drivers are more
exposed to road departure accidents, accounting for 35% of accidents where truck
drivers are seriously to fatally injured.

e "‘ ] s m@fk
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(a) The most common acci- (b) The most common acci- (c¢) The most common acci-
dent types causing severe in-  dent types causing severe in- dent types when vulnerable
jury to a truck driver (top not  jury to car occupants. road users are severely in-
necessarily on a curved road). jured.

Figure 1.1: The most common accident types for accidents involving a truck in
Western Europe, leading to severe or fatal injuries. In 15-20% of these accidents
the injured road user drives a truck, in 55-65% a car. Vulnerable road users account
for 15-25% of the injuries [10].
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Figure 1.2: Rear-end collisions account for 12% of all heavy truck accidents in
western Europe. Furthermore, 20% of accidents where a truck driver is severely
injured are of this type [10].

It has been agreed within the European union that all trucks must be equipped
with lane departure warning systems and automatic braking systems. For trucks
weighing over 8 tons, these rules apply to models introduced after 2013 [11]. For
lighter trucks, down to 3.5 tons, the rules have been deferred 3 years to 2016.

1.3 In-vehicle safety systems

There are clearly good reasons for equipping vehicles with systems to protect the
driver and other road users, and several methods have been proposed for reducing
the number of injuries in the automotive environment. In-vehicle systems which try
to achieve this are often classified as passive safety systems, active safety systems,
or integrated safety systems, depending on which means of action they utilise.
These systems aim to reduce either the impact severity, the number of collisions
or the injury risk at a given severity. How these types of safety systems, and
infrastructural improvements, relate to the means to decrease injuries is illustrated
in Table 1.1 [12], although one can argue that infrastructure measures also affect
the number of accidents. In some sense, we can regard active safety systems as an
extension of improving the infrastructure, e.g., speed limits and crash-barriers —
they contribute to reducing injuries in a similar fashion.

Different types of safety systems operate on various time-scales, and require
quite different skills in design. Some require a sensing system and advanced control
strategies, and continuously adapt their behaviour in order to provide increased
safety (active), whereas some fulfil their purpose merely by being present at the
time of the collision (passive).
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Passive safety

Safety-oriented designs, such as crumple zones (energy-absorbing zones), and seat-
belts, have been developed for decades and provide a high level of safety in modern
vehicles. Passive safety systems have had a major impact in reducing the injury
risk in collisions [13]. Although an airbag system makes use of sensors to detect a
collision and trigger the airbag, it is usually classified as a passive safety system.

Active safety

Active safety systems use sensors to continuously observe the traffic environment,
the equipped vehicle, or the driver, in order to avoid accidents or to mitigate their
consequences. A system can, for example, monitor the surrounding environment
to autonomously apply brakes when a collision is imminent, or inform a distracted
driver of potential threats.

Early systems include ABS, which entered serial production in larger numbers
in the 80’s, and, a decade later, electronic stability control systems. Recent sys-
tems make use of sensors such as radar and cameras to continuously monitor the
traffic-situation. If a situation becomes dangerous, the system may warn the driver
or, if deemed necessary, intervene by autonomous braking or steering. Lane depar-
ture warning systems and auto-brake systems, which can provide, e.g., low-speed
collision avoidance [14], are some examples. Active safety systems are also referred
to as preventive systems.

Integrated safety

The term integrated safety is used to describe systems that use sensor information,
e.g., regarding a pending collision, to attain the most from a combination of active
and passive systems. An advanced integrated safety system could, for example,
steer and brake the vehicle such that a deformation zone is fully utilised in a
collision, whereas a very simple, yet efficient, example is the seat-belt reminder.

Improvement | Active | Passive | Integrated Infra- Edu-
Reduction safety | safety safety structure | cation
Impact severity X X X X
Number of accidents X X X
Injury risk X X X

Table 1.1: There are several ways to contribute towards injury reduction. Effects
can be evaluated in terms of reducing either the number of accidents, their severity,
or the injury risk. Several in-vehicle safety systems contribute and supplement each
other. Education measures are included in the table by the author for comparison.
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Figure 1.3: Signal processing in active safety systems. The environment and rel-
evant sources of information are monitored, e.g., using radar, map databases and
driver state sensors.

1.4 Active safety system design

The safety measures discussed in the previous section all contribute to reduce the
number of traffic-related injuries. The work presented in this thesis has focused on
how to provide an accurate description of the traffic environment, such that active
safety systems can assess the situation and make robust intervention decisions.
The purpose of this section is to provide a background on the difficulties in such
a description, and explain why it is not straightforward to make decisions.

A three-layered data fusion process model was introduced in [15] to describe
an active safety system. It represents the system using three layers; the perception
layer, the decision layer, and the action layer. The layers follow a hierarchic
structure: they are independent and restricted to one-way communication without
feedback. In this sense, the model is somewhat limiting, but nevertheless provides
a good abstraction of the components of an active safety system. A system model
is provided in Figure 1.3, which has been slightly modified to illustrate that it may
sometimes be useful for the perception layer and the decision layer to communicate
both ways.

1.4.1 Perception

A vehicle hosting active safety systems to decrease or mitigate collisions is equipped
with sensors that observe the surrounding traffic situation. Several sensors, each
with different strengths and weaknesses, are generally used jointly to increase
performance. The measurements provided by these sensors are usually associated
with errors and ambiguities. Hence, a system that relates data from different
sensors to each other and connects them to previous measurements is needed to
provide a consistent description of the environment. Such a system tracks the
observable objects and is consequently called a tracking system.

The efficiency of threat assessment and decision-making algorithms is depen-
dent on the quality of the output of the tracking system. Typically, estimates of,
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e.g., the position and the velocity of objects surrounding the vehicle are calculated.
Improving the estimation accuracy is a motivation for using multiple sensors, so-
called data fusion. An effective tracking system consists of several well-tuned
interacting components, of which the filter is one. How to design such a system,
especially the filter, is the main question at hand in this thesis.

Sensing the environment

There are several types of road-users — cars, trucks, pedestrians and animals to
mention just a few. Together with lamp posts, guard rails, and other elements
of the traffic infrastructure, the traffic environment is full of objects of different
shapes and dynamic behaviour. The great variety of objects the system needs to
observe often calls for a combined use of sensors.

Common sensor technologies used in this context are radar, laser ranging, and
imaging systems operating in the visual and infrared spectra, all having different
advantages and disadvantages. Radar can provide direct measurements of range
rate and is relatively indifferent to bad weather, but may suffer from, e.g., low
angular resolution; lidar is accurate in range but does not measure range rate and
may be sensitive to rain, snow and fog. Vision systems measure angles relatively
accurately and are powerful tools for object classification, but provide poor range
measurements and are sensitive to bad weather and low light conditions. Addi-
tionally, the algorithms used by imaging systems systems can be computationally
demanding and the measurements may be difficult to model.

Other sources of information can also be regarded as sensors from a fusion
system’s point of view. Vehicle-to-vehicle and vehicle-to-infrastructure communi-
cation are emerging technologies that are not widely used today, but may play
important roles in the future as these would allow vehicles to “see behind cor-
ners”. Map databases can provide information which cannot easily be measured
with other sensors, such as merging of lanes or intersections ahead. So far, map
databases are dependent on the accuracy of off-line databases and to a large extent
lack information of particular interest to truck drivers, like road inclination and
equipage height limitations.

Data fusion and tracking

Sensors make instantaneous observations of the traffic environment and report
these to a sensor fusion system, typically a tracking system which provides a re-
fined description, or estimates, to the threat assessment algorithms. To be the
information provider to a safety application is a demanding task, taking into con-
sideration the inconvenience and potential danger of a false intervention. Apart
from employing robust estimation filters and accurate models, a tracking system
must also provide self-assessment capabilities with respect to performance. A
tracking filter incorporates different methods to achieve this. It handles events
such as erroneous measurements (false alarms), measurements that have failed to
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appear (missed detections), detection of new objects (track initialisation), sep-
aration of multiple objects, object occlusion, manoeuvering vehicles and noisy
measurements. Most tracking filters are designed using statistical methods, based
on the Bayesian philosophy, which comes natural given the inherent measurement
and prediction uncertainties in the problem at hand — using new, but unreliable,
measurements to describe a constantly changing scenario.

In order for the decision-layer to have every chance of succeeding in its as-
sessment, a tracking system must not only provide reliable estimates of the traffic
environment, but also describe how good these estimates are. Continuous assess-
ment of the tracker performance is therefore required, and rapid detection of new
objects is needed to enable quick decisions in highly dynamic situations; this can,
for example, be seen in Paper II, where it is shown that very small differences in
decision timing can have a major impact on the intervention outcome.

1.4.2 Decision layer

Using the description of the traffic situation provided by the tracking system,
threat assessment algorithms calculate how critical a situation is, e.g. the lat-
eral acceleration required to avoid driving into an object [16]. The purpose of a
decision-making algorithm is then to continuously produce a series of decisions, as
to whether an intervention of some kind is required or not. Even with a perfect
description of the current traffic situation, active safety system decision algorithms
still cannot make decisions with absolute confidence that the decision was moti-
vated, at least not as a general rule. The reason is that, for a decision to have
an effect on the outcome of a situation, it must be made such that the intended
action has time to alter the chain of events to the better. As the chain of events
is not known for certain during this time, it constitutes a source of uncertainty in-
herent in any system that predicts possible outcomes rather than measuring what
has actually happened. These uncertainties are denoted prediction uncertainties,
and together with the measurement uncertainties following the relaxation of the
assumption of a perfect description of the traffic situation, make decision-making
a challenging task. Careful consideration regarding modelling and treatment of
these uncertainties will be of most importance. Having done so, the conditional!
risk for a particular decision can be calculated, a statistic which, when properly
interpreted, forms a good basis for decision-making in automotive safety systems.
A good illustration of improper usage of such a statistic is given in [17].

1.4.3 The driver

The driver plays a natural and important part in active safety systems — Not
only is the driver one of the stake-holders to be protected by the system, but
also the judge as to whether the system behaves properly and, sometimes, the

YA threat assessment measure is conditioned not only on the measurements, but also the
modelling assumptions.
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direct cause of the dangerous situation. For this reason it is useful for decision-
making algorithms to utilise more or less sophisticated driver models to assess the
current need for assistance, as well as how that assistance should be delivered to
be regarded by the driver as a correct system behaviour. Driver-state sensors, i.e.,
sensors capable of estimating, e.g., driver drowsiness or the gaze direction of the
driver, could play an important part in decision timing and actuator usage.

Inattention

The reference to driver state sensors motivates a brief discussion on a topic which is
not treated further in this thesis: driver awareness and inattention. The reasons for
being inattentive are, at a high level, either a consequence of physical impairment
such as drowsiness or a consequence of misdirected attention?. The impact of
inattention in traffic can be intuitively understood; drivers clearly cannot react
to threats they are not aware of. However, it is not straightforward to measure
the actual impact on accidents. For one, several reasons can contribute to create
a dangerous situation, and secondly, admitting to being inattentive or drowsy is
discouraged, as it is typically punishable by law. Nevertheless, reports indicate
that fatigue may be the underlying cause for 20-40% of all single-vehicle accidents
[18], and it was shown in the well-known 100-car study [19] that inattention was
a contributing factor in 78% of the recorded crashes.

Many safety measures and safety systems aim to improve driver performance in
this sense, as a well-educated and attentive driver will reduce both impact severity
and the number of collisions, see Table 1.1.

It wasn’t my fault officer, my followers on twitter demand constant updates!
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Chapter

Filtering

ILTERING, in a wide sense, is the task of processing data such that unwanted
F components are removed and desired components are made clear — a filter
produces estimates of the desired component. In the context of automotive active
safety systems, these systems require knowledge of the current traffic situation in
order to make intervention decisions. However, the observations made by sensors
such as radar, cameras, and gyros, are affected by noise and cannot be trusted
without reservation. Furthermore, as measurements are not available at all times
there is a need for dynamic models. Taken together, this motivates using reliable
and accurate filters in automotive safety systems.

In this chapter, we clarify the problem at hand and express the task in terms of
recursive filtering of random processes, or recursive estimation; we use the terms
interchangeably. It is made clear why accurate approximate solutions to integrals
are important tools for designing such filters robustly, of which commonly used
filtering techniques serve as examples. Introductions to estimation in general is
given in, e.g., [20] and [21], whereas surveys of approximation techniques used for
recursive filtering can be found in [22] and [23].

The formal description of the problem, and its conceptual solution, is given in
Section 2.1. Unfortunately, the solution may be impossible or hard to calculate
analytically, and it is often necessary to resort to approximations. The prospect of
finding an analytical solution is discussed in Section 2.2, whereas common filtering
techniques involving approximations are discussed in Section 2.3.

2.1 System model

A discrete-time nonlinear system, described by the state vector, x; € R", is as-
sumed to be a first order Markov process, evolving according to the model:

Xp = f(Xp—1, Wi—1). (2.1)

11
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The time index, k € {0,1,2,...}, corresponds to a continuous-time instant, t,
and observations, y; € R™, are provided at these time instances:

Vi = h(xg, Vi) (2.2)

In our context, the state vector, xj, describes the traffic situation. The process
model (2.1) then explains (statistically) how the traffic situation changes over time,
and the measurement model (2.2) describes how the sensors perceive the traffic
situation. The noise terms w; and vy are random variables which account for
model uncertainties. For example, the possibility that the driver of a vehicle hits
the brake or initiates a turn is modelled by wj_1, whereas v;_1 explains why the
observations are not exact. The process model and the measurement model are
often expressed in terms of conditional probability density functions, p(xj|xx_1)
and p(yg|xx). These can be calculated from models (2.1)—(2.2) respectively, and
the descriptions are often used interchangeably.

The goal is to calculate the posterior distribution, p(xx|Y}), using all available
measurements,

Yké{}’l,---,}’k}, (23)

and we denote this the filter problem. The general solution for calculating the
posterior distribution is given in Section 2.1.1, and is presented in recursive form
in Section 2.1.2. Examples of two common estimates of the state, which can
be calculated from the posterior distribution, are presented in Section 2.1.3 and
conclude this section.

2.1.1 General solution

The posterior distribution can be used to derive estimates of the random variable
X given the available measurements Y, such as the posterior mean. Estimates
are often denoted Xy, where the first subscript refers to the time index of the
state and the latter to the time index of the last measurement used to update the
state. Using Bayes’ theorem, we can express the posterior distribution in terms of
the likelihood function, p(Yg|xx), and the prior, p(xx):

 p(Yglxk)p(xx)
PlYk) = T e o) 24)

The likelihood function of xj, is in fact the probability density function (pdf) for the
measurement distribution, although it does not necessarily integrate to one with
respect to xi. In other words, the likelihood function indicates the probability
to observe the actual measurements, given a particular state. The prior, on the
other hand, is the pdf for x;, before any measurements are made, whereas the
denominator in the right-hand side of equation (2.4) scales the product such that
the posterior pdf integrates to one. Equation (2.4) is the formal Bayesian solution
to the filtering problem — full knowledge of the posterior distribution.

12
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2.1.2 Conceptual recursive solution

The expression for the posterior distribution (2.4) is a function of all available
measurements, Y, which is usually not a feasible approach. For example, it
requires a filter to store an increasing amount of measurements and process all of
them whenever an estimate is needed. In practice, each observation, yj, will be
available to the filter soon after the measurement was actually made. It is therefore
convenient to formulate an algorithm to incorporate each new observation, yi, one
at the time, without having to redo all previous calculations, which were based on
Y 1.

Assume the posterior distribution from the previous iteration is known to the
filter, i.e., assume that p(xp_1|Yx_1) is known. The so-called prediction density,
p(xk|Yk—_1), can then be calculated by using the system equation (2.1). In other
words, we calculate the density for x; without using the new measurement, justi-
fying the usage of the word prediction. In this sense, the predictive distribution
constitutes a dynamic prior, and the need for this prior is made clear by rewriting
the posterior density expression (2.4) in terms of new and old measurements:

 p(yexe)p(xk[Yi—1)
PLxk[YR Yim1) = J p(y|xe)p(xk| Yie—1)dxi’ (2:5)

The measurement distribution p(yg|xx) is known from the measurement model
(2.2) and the predictive distribution, p(xx|Yr_1), can be calculated from the pre-
vious posterior distribution, p(xx_1|Yx_1), using the Chapman-Kolmogorov equa-
tion:

p(xe[Yi-1) = /p(Xk|Xk—1)p(Xk—1|Yk—1)dxk—1, (2.6)

where the Markov property, p(Xxg|xgp—1, Yr—1) = p(Xg|xk—_1), is used. Hence, ex-
pressed in terms of the process model, the measurement model and the posterior
distribution from the previous step, equation (2.5) constitute the formal Bayesian
solution to the recursive filtering problem.

2.1.3 Estimates of the state

From a Bayesian perspective, the posterior distribution, p(xx|Y}), contains all
there is to know regarding the state, and — not in a particularly wide sense —
“all” can be a lot. It is common to derive estimates, Xy, of x from the distri-
bution, and use these estimates as filter output. An estimator is an algorithm for
calculating estimates, and the posterior distribution can be used to find estimators
corresponding to any optimality criterion. For example, a vector Xy, is said to be
the minimum mean squared error (MMSE) estimate if it minimises the criterion:

)A(Mk = arg ngl(inE [(xk—&k)T(xk—f(kﬂYk], (2.7)

13
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where E[] denotes the expectation of the expression inside the brackets. The MMSE
estimate is widely used and is given by the conditional mean, which is shown at the
end of this section. Another useful estimate is the maximum a posteriori (MAP)
estimate, which is the most likely value for x; given Yy:

Xy, = arg max p(xk|Yk). (2.8)

It must not be forgotten that estimates are random variables and should be treated
as such! when used. In practice, though, the difference between a formal treatment
of these uncertainties and a more simple approach may be negligible.

Derivation of the MMSE estimate

The MMSE estimate is given by equation (2.7), and corresponds to the conditional
mean. The minimum is found by setting the derivative to zero (see [24] for expres-
sions for derivatives of traces):

0 . . 0 ; .
8)A(kE [(Xk—xk)T(Xk—Xk)’Yk] = 8)A(k TY{E [(xk—xk)(xk—xk)T\Yk]} (29)
0 - T o
= a—&kTr{E [(xkx;f—l—xkx;{—xkx;{—xkxﬂYk]} (2.10)
=0+ 2)A(k — E[xk\yk] — E[Xk’Yk] = 0. (2.11)

It follows from the last row that %, = E[xy|Y], which concludes the derivation
of the estimator. It can be written as

Xk = /ka(Xka)ka- (2.12)

However, it may be hard to calculate the estimate; it not only requires the expres-
sion for p(xx|Y%), but also an expression for the integral (2.12). An important
result is that if x, Y are jointly Gaussian, the conditional density p(xi|Yy) is
also Gaussian and the MMSE estimator is linear in the data [21].

Derivation of the LMMSE estimator

The best estimator in the MMSE sense, constrained to be linear in data, is denoted
the LMMSE estimator. Due to the simple form of the LMMSE estimator, it is very
useful, e.g., if we have failed to derive closed-form expressions for the conditional
mean. The linearity constraint corresponds to an affine transformation:

)A(k‘k = ALY + bg. (2.13)

LContrary to popular belief, randomness does not disappear just because it is not modelled.

14
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The error should be orthogonal to by, i.e., zero-mean when averaged over both the
state and the measurements. Updating the form to fulfil this criterion yields:

E[Xk — )A(k“f] =X — AkYk —br=0 (2.14)
= b, =X — AkYk (2.15)

Inserting the above expression for by, into the affine transformation given by equa-
tion (2.13) yields the expression for the LMMSE estimator:

Ko = Ap(Yr — Y3) + Xy, (2.16)

where %X;, denotes E[x;], and Y} denotes E[Y}]. The question is how to select Aj,.
Using the form (2.16) for the estimator, the MMSE criterion (2.7), to be minimised,
takes the form:

Xy = AIg H&iDE [(xp—%p — A(Y), — YY) (xp—% — A(Y}, — Yi)[Ye]. (2.17)
k

Similar to the derivation of the MMSE estimator, we set the derivative to zero:

aik Tr{E[(xk—ik — Ak(Yk — Yk))(xk—ik — Ak(Yk — Yk))T‘Yk] }
Zaik Tr{E [(x, —%g) (x5 —%5)" + Ap(Yr = YR) (Y — YR)"AL[Y,] )
+ aik Tr{E[(xk—ik)(Yk — Yk)TAz + Ak(Yk — Yk)(xk—ik)T]} =0

(2.18)

Let Py = Cov(xy,xi), Pyy = Cov(Yg, Yi), Pxy = Cov(xy,Y}), and PL, =
Cov(Yk,xx). Replacing the expectations in (2.18) with these matrices makes it
easy to calculate the derivative:

0
A Tr{Pxx + AkuyAg + nyAz + AkP£Y =2A;Pyy + Pyxy + Pyy.
k

For the right-hand side to be zero, i.e., 2A Pyy + Pyxy + Pyxy =0,

= Ay = Py Pyy, (2.19)
= Xy = Xi, + Py Pyy (Y, — Y5), (2.20)

which concludes the derivation of the LMMSE estimator; a simple update rule
requiring only the first two moments of x; and Yy, and their cross-covariance.

2.2 Exact recursive solutions

The solution (2.5) to the recursive filtering problem derived in the previous section
is in general not easy to apply. There are several difficulties: First, closed-form
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expressions for the prediction distribution and the measurement distribution must
be derived. Second, even if the distributions have closed-form expressions, it must
also be possible to evaluate the integral over their product. Finally, if the resulting
posterior, p(xx|Y), is not on the same form as the posterior from the previous
step, p(xx—1|Yk—_1), for which the closed-form expressions discussed above were
derived, all expressions must be derived once again for the new distribution.

In rare cases, the issues discussed above have known solutions. The most fa-
mous example is the Kalman filter [25], discussed in Section 2.2.1, which calculates
the posterior distribution correctly when models are linear and the noise is Gaus-
sian. Another approach is to use grid-based methods to calculate the optimal
solution when the state space is discrete with a finite number of states, as briefly
discussed in Section 2.2.2.

2.2.1 The Kalman Filter

The Kalman filter (KF) [25] is the optimal estimator in the MMSE sense, when
models are linear and noise parameters are Gaussian. Under these conditions it
is an efficient estimator, meaning that the posterior covariance matrix attains the
Posterior Cramér-Rao lower bound [26].

The process model (2.1) and the measurement model (2.2) can be written

Xp = Fr_1Xp_1 + vi_1 (2.21)
yi = Hpxp + wg, (2.22)

where vi_1 ~ N(0,Qx_1) and wy, ~ N (0, Ry) is zero mean white Gaussian noise.
Although the noise does not have to be zero-mean, we assume so for notational
convenience.

The Kalman filter assumes that the noise distributions and the initial distri-
bution are Gaussian, and we recall two important results for the Gaussian distri-
bution:

1. The distribution of a linearly-transformed Gaussian distributed random vari-
able is also Gaussian.

2. A Gaussian prior is self-conjugate with respect to a Gaussian likelihood func-
tion [27].

A prior distribution and a posterior distribution are said to be conjugate if they
belong to the same class of distributions. The first result means that given a
Gaussian posterior distribution, the predictive distribution and the measurement
likelihood are also Gaussian, and the second result states that, in that case, the

16



2.2 EXACT RECURSIVE SOLUTIONS

updated posterior distribution is also Gaussian:

p(%k—1|Yr-1) = N(Xp—1; Xp—1e—1, Pr—1) (2.23)
= p(xk|Yi-1) = N (%k; X1, Prjr—1) (2.24)
= p(¥k|Yr-1) = N (¥ Yrje—15 Skjp—1) (2.25)

= p(xk|Yr) = N (xr; X Prjie)- (2.26)

Consequently, the state is always Gaussian distributed and fully described by its
conditional mean, Xy, and covariance matrix, Py, (0 > ¢ > k). The Kalman
filter calculates these moments recursively in two steps: the prediction step and
the measurement update step.

Prediction step

The first step is to temporally align the state vector with the new measurement
and calculate the predictive distribution, p(xx|Yx—_1). Recall that only the mean
and covariance are needed. Using standard notation we have:

Xpjh—1 = Fr1Xp_1jp—1 (2.27)
Py =Fi 1Py Fi_y + Qs (2.28)

The above results follow directly from (2.21) and (2.22), as E[(Ax)(Ax)T] =
AE[xxT]AT. The covariance normally grows when we predict future states, ex-
emplifying the Bayesian formal treatment of the infamous art of fortune telling.

Measurement update step

The predicted state, described by p(xx|Yx_1), is to be updated with the new
measurement, y, to form the posterior distribution, p(xx|Y). Recall from Section
2.1.3 that the MMSE estimator is linear and produces the conditional mean, Xg|.
Consequently, the LMMSE estimator and the MMSE estimator coincide under the
Kalman filter assumptions. The correction of the predicted mean is given by direct
application of the LMMSE estimator, given by equation (2.20):

Xk = Xgp—1 + Ki (Yr — Yrp—1) (2.29)
Py = Prjp—1 — KiSgp—1 KJ. (2.30)
The mean and covariance of the measurement distribution is given by
Vik—1 = HeXppr—1 (2.31)
Skik—1 = Hp Py H], + Ry (2.32)

We shall soon motivate the calculation of Py, but first we turn to the optimal
gain matrix, Ky, denoted the Kalman gain, given by equation (2.19):

Ky = ny,k\k—ls];‘}g_l (233)

= Pk|k_1H;fS,;|}€_1. (2.34)
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The Kalman filter is defined by equations (2.27)—(2.34), which are recursively exe-
cuted for every new measurement, to calculate the posterior mean and covariance
matrix that fully describe the posterior distribution.

Equation (2.30), the updated covariance matrix, is the result of simplifications
following the usage of the optimal gain matrix (2.34). For any gain matrix, the
posterior covariance matrix takes the form:

Py, = Cov (x — Xppp—1 — Ky — Jrjp—1))
= Cov (x — Xgjp—1 — Ki(Hexp, + vy — HpXpppo1))
= Cov (xp — Xgpp—1 — KeHr(xp — Xpppm1) — Kivi—1)
= (I - KeHy) Py (I - KpHy) " + KRy KY

where the last step follows from the independence assumption regarding the process
noise. The covariance update form (2.38), sometimes referred to as the Joseph
form, is valid for any gain matrix Ky, but can be reduced to the form (2.30) when
the optimal gain is used. The Joseph form is numerically more stable in presence
of, e.g., round-off errors; a product AAT is guaranteed to be positive-semidefinite
(see, e.g., Paper I, Appendix A).

The difference between the measurement and the predicted measurement, yp —
Y, is called the residual, or the innovation. The posterior mean is a weighted
combination of the predicted mean and the innovation, intuitively explaining how
model knowledge and evidence both contribute to the updated state. Contrary to
the prediction step, the uncertainties are expected to decrease during the update
process® — we definitely expect to be more certain after the inclusion of evidence
into our calculations.

Finally, it should be mentioned that in the case of an unknown noise distri-
bution, the Kalman filter is still the best linear estimator, which follows from the
Bayesian Gauss-Markov Theorem [20]. Also, many filters take on the Kalman
filter name, such as the extended Kalman filter and the unscented Kalman filter.
These are in fact approximations of the one-step linear minimum mean squared
error estimator discussed in Section 2.3.1.

2.2.2 Grid based methods

If the state space can be partitioned into a grid with a finite number of states,

xl(j), x,(f), . ,x,i"), we can use the following form for the posterior distribution:
pxka[Yion) = Y w001 — xp) ) (2.39)
i=0
w,(ﬁl‘k_l = Pr{xk—l = X](QZZ1|YI€—1}> (2'40)

2Here we have assumed linear models; for nonlinear models it is possible for the state covariance
matrix to grow during update. This is illustrated in Fig. 2.1, Section 2.3.1.
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where §(xp_1 — XI(QI) =1if x,(jll = X1 and zero elsewhere. The point in writing
the distribution on this form is that the prediction and update procedure corre-
sponds to re-calculating the weights in two simple steps. Firstly, the weights for the

predicted state, wéﬂ{_l, can be expressed in terms of the transition probabilities,
using the Chapman-Kolmogorov equation (2.6):

(x| Yr-1) Zwk\k 1 xk—x,(;)) (2.41)
wwc . ZPr{xk—xk ]xk 1}wk 1k—1- (2.42)
J=1

Secondly, multiplication with the likelihood in (2.5) produces weights proportion-
(1)

Kk SO the final expression is straightforward:

ate to w

(i) (Yk|xk )w](;‘)k 1
Kk~ —n
S vkl

(2.43)

For a grid based method, it is enough that the transition probabilities, Pr{x; =

x,(;)]xlgj_)l}, and the likelihood function, p(yk\xg)), can be evaluated. Therefore,
the method enables exact filtering of very complex systems, but the price comes
in having to partition the state space with sufficient accuracy. The computational
demands increase with the number of partitions (weights), seen clearly in equation
(2.42). Nevertheless, this method provides an optimal solution to the Bayesian
state estimation problem in Eq. (2.5) and was used, e.g., to generate the posterior
distribution in Fig. 2.1.

2.3 Approximate recursive solutions

In the previous section we discussed exact solutions to the recursive estimation
problem (2.5), and the Kalman filter was introduced together with the grid-based
technique. The Kalman filter is the optimal filter if the system can be described us-
ing linear equations and additive white Gaussian noise, whereas the grid-approach
provides the exact solution if the state space is discrete. Unfortunately, from a
filtering perspective, these criteria are rarely met in real-world applications and
in this chapter we introduce some of the most commonly used approximations.
The LMMSE estimator filtering framework employed by numerous algorithms, such
as the extended Kalman filter and several sigma-point methods, is introduced in
Section 2.3.1. These are of relatively low computational complexity, whereas the
sequential Monte-Carlo methods, which provide asymptotically exact solutions at
the price of high computational complexity, are described in Section 2.3.2.
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2.3.1 Gaussian filters

The family of Gaussian filters solves the recursive estimation problem under the
assumption that the concerned distributions are approximately Gaussian. A va-
riety of Gaussian filters have been proposed to cope with nonlinear models [28],
and the derivative-free filters [29], [30], [31], [32], [33] are particularly useful; with
little or no adjustment, they can be applied to a wide range of problems. These
filters use a transformed set of deterministically chosen points, often referred to
as sigma-points, to approximate means and covariances. Although the perhaps
most famous sigma-point method, the Unscented Transform (uT) [29] and [30],
does not constrain the distribution to be Gaussian, it can be explained under this
assumption. The techniques are closely related to the Gauss-Hermite quadrature
rule for numerical integration, and are generally exact for integration over certain
polynomial functions. An overview of the estimation techniques is given in Section
2.4, and an extensive analysis of the numerical integration perspective on Gaussian
filters is given in [34].

The equations used to compute the posterior mean and covariance in the Gaus-
sian filter are those of the one-step linear minimum mean square error (LMMSE)
estimator, which coincide with the well known KF for linear systems. Similarly,
the resulting algorithm can be divided into a prediction step and an update step.
We begin by expressing the recursion in terms of these steps, and then turn to
strategies for calculating the required moments.

The Gaussian filter algorithm and its application

Expressed in terms of the mean and covariance of the distributions of interest, the
Gaussian filter recursion is as simple as the KF:

Prediction step: Given p(xj_1|Yk_1), calculate the first two moments of the
state distribution at the time of the next unused measurement:

Kijp—1 = E[xk|Yi-1]

= E[f (%k—1,Wk—1)|Yi-1] (2.44)
Pk\k—l = COV(Xk‘Yk_l)
= E[f (xh-1,Wr—1) f (%1, Wh 1) [Yo1] = Rigpo1Xp s (2.45)

The predicted density is (x| Yr—1) ~ N (Xp; Xpjk—15 Prjr—1)-

Update step: Correct the predicted density using the measurement, yi. Assum-
ing that x;_; and yj are jointly Gaussian, the LMMSE estimator (2.20) gives

20



2.3 APPROXIMATE RECURSIVE SOLUTIONS

approximations to the posterior mean and covariance:

Xk = X1 + Ki (Yr — Yrpp—1) (2.46)
Py = Prjp—1 — KiSp1 Kf (2.47)
K, = mek_ls,;‘}g_l, (2.48)

where Ky is the Kalman gain. The mean, yj,_;, covariance, Sy;_1, and cross-
covariance matrix Py p ;1 are defined as:

Vije—1 = E[ye|Yi-1]

= E[h(xk, Vi) Yr-1] (2.49)
Skjk—1 = Cov(yg|Yi-1)
= E[h(xk, Vi)h(xk, Vi) Y1) = Srin-13 k1 (2.50)
Py kje—1 = Cov(xg, yr|Yi-1)
= E[xph(xp,vi) L [Yio1] — xk|k_1yg|k_1 (2.51)

The measurement density is p(yx|Yxr—1) = N(¥k: ¥kk—1,Skjk—1), for which the
predicted density is a conjugate prior. The updated density is therefore p(x;|Y) =
N (X; Xpjies Prjic)-

There are several filters employing this algorithm, differing only in how they cal-
culate the required moments. We shall give two examples, the extended Kalman
filter (EKF), see, e.g., [21], and the so-called cubature Kalman filter (CKF) [33]. Let
it be clear that the difficulty in calculating the above moments arise from nonlinear
models (2.1)—(2.2), for which the expectations above are not known.

The Extended Kalman Filter (EKF):

A common method for treating nonlinearities is to use a first order Taylor series
expansion to approximate the nonlinear transformation with a linear one. The
linearised relations can then be used in the standard Kalman filtering framework,
resulting in essentially the same equations. The EKF equations are:

Kpfk—1 = So—1(Xp—1)k—1,0) (2.52)
Pyjp1 = F5 P FXD + FY Qo FYY (2.53)
V-1 = M (Xgp—1,0) (2.54)
Sip—1 = HE Py YT + HY R, HY T (2.55)
Xijk = Xfh—1 + K (Yr — Yeje-1) (2.56)
Py, = Pyt — KiSpppo1 Ki (2.57)
K, = Pk‘k_lﬁ;;s,;‘}c_l. (2.58)
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where the linearised model is expressed in terms of the Jacobians ]/F\‘L‘_l, I/-\Iiz‘, and

~

Fy_,, I?I‘,Q’_l, accounting for state and noise propagation respectively:

Fi i = %Hfg_l(Xk_th_l)‘xk1:5‘k1k17vk1:0 (2.59)

k-1 = avLHfg—l(xk‘l’vk‘l)|xk1=ﬁk1k1,vk1:0 (2.60)
Hy = %hf(xk,wm,{k:,}“hwﬁo (2.61)
HY = aiwhz(xkawkﬂxk:ﬁkkhwk:o- (2.62)

We can regard the linearization procedure as a way to approximate the models by
their varying linear ones, to which we can apply the optimal KF equations. This
is equivalent to using equations (2.52)—(2.55) to approximate the moments needed
in the general Gaussian-filter algorithm.

When the nonlinearities are relatively large, the moment estimates will be in-
accurate. The intended LMMSE estimator reduces to a suboptimal linear estimator,
of whose performance we know little. The occurrence and origin of errors in the
EKF framework are exemplified and analysed in [35]. One can of course use ap-
proximations of higher order than one for increased accuracy, the drawbacks being
the effort of deriving the filter and increased computational complexity at run-
time. In [36], a derivation and evaluation of a second order filter are presented
and compared with a first order approximation.

Sigma-point filters:
The family of Sigma-point filters have two significant advantages over the EKF
approximation. They are derivative-free and do not require the tedious calcula-
tion of Jacobians, and they are generally more accurate. Even the computational
complexity is about the same, [30], [37]. The associated cost is in terms of under-
standing how they should be applied, and how to avoid the unfortunate property
of some methods not to guarantee positive-semidefinite covariance matrices. In
other words, there is little reason in using the EKF when better methods are avail-
able at no particular cost, but the joy of learning a new filter. Having this said,
the EKF is a widely applied filter found in a large number of applications — it
is clearly a very useful filter and regarded of many as more intuitive. Moreover,
certain functions are especially hard to approximate using sigma-point methods,
see Section 2.4.3, and in these cases the EKF can be a better alternative.

The family of sigma-point filters approximate integrals, such as the calculations
of mean and covariance, using a weighted sum:

| NG5 Pr)g(x)dx ~ D wig(x). (2.63)
" i=1
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The  so-called sigma-points, {x!,...,x"}, and the associated weights, w;, are
chosen according to a deterministic scheme. This integral approximation strategy
yields the estimator

Elgx)] ~ > wig(x) 2 3. (2.64)
=1

under the assumption that x ~ N (p,, Px). It is clear that this algorithm for
calculating expected values can be directly applied to equations (2.44)—(2.45) and
(2.49)—(2.51) in the Gaussian filter algorithm. All we have to do is to evaluate the
transforming function in the points, {x!,...,x"*}. First, we show how to handle
the state vector and the noise terms jointly.

Augmenting the state vector:

Nonlinear noise terms in the transforming function need to be included in the cal-
culation of the mean and covariance. A common strategy is to augment the state
vector to also include these terms, such that the noise uncertainties are treated
jointly with the state uncertainties. For the process model (2.1), the substitution
is:

ow Xp—1|k—

Xp—1|k—1 = [E[W'l,i_l]l] (2.65)
2w | Pr-1jk-1 0

Pk—l\k—l - [ 0 COV(Wk_l) . (2'66)

The corresponding models are expressed in terms of the augmented state but, for
convenience, the same notation is used:

FE g p—1) = fKp—1jp—1, We—1)- (2.67)

The estimation task is much easier to express in terms of the augmented state
vector, and the procedure ensures formal treatment of nonlinear noise terms.

A simple sigma point filter, the Cubature Kalman filter (CKF) is presented
here as an example of a sigma-point Kalman filter. Given the posterior distribu-
tion from the previous iteration, p(xx_1|Yx_1), do:

Prediction step

1. Generate sigma points using the n-element state vector, augmented with the
process noise term, and their joint covariance matrix:

v YW i
X k-1t (\/m) 1<i<n

Xpo1jk—1 = - __ J . (2.68)
X—1]k—1 — m ' n<i<?2n
—n
where i = 1,...,2n and (v/P); is the i'" column of a matrix square root

such that \/ﬁ\/ﬁT = P.

23



CHAPTER 2. FILTERING

2. Propagate the points through the process model and estimate the mean and
covariance of the predictive distribution:

2n
&k\k—l = Zwi f(X;g_uk_l) (2.69)
=1
2n . '
P = Z’wi f(X2—1|k—1)f(XZ_1\k_1)T - fik—uk—lfig_l\k_p (2.70)
=1

1

where each weight, w; = 5.

Update step

3. Generate sigma points using the n-element state vector, augmented with the
measurement noise term, and their joint covariance matrix:

~ =V .
Xijp—1 T <\/ n Pkk—1>' I<i<n

i . (2.71)

X2|k—1 .. — ,
Xlk—1 — \ V" Pk\k—l ' n<i<2n

=

4. Propagate the points through the measurement model and estimate the
mean and covariance of the measurement distribution, as well as the cross-
covariance matrix:

2n
Vi1 = Y wi h(Xjp_1) (2.72)
i=1
2n
Skik-1= Y wi h(Xj—)h(Xhp—1)” = Thp-19 e (2.73)
i=1
2n
Poy i1 = D wiXppo 1 f K1) = Repo1¥ 1, (2.74)
i=1
where each weight, w; = %

5. Calculate the Kalman gain, the LMMSE estimate, and the matrix-MSE to
approximate the mean and covariance of the posterior distribution, p(xx|Y),
using equations (2.49)—(2.51).

Several integration approximations on the desired form (2.63) are known from
literature, and there is a variety of filters employing them. Roughly speaking, these
filters can be divided into two categories: those employing a single approximation
technique for both first and second order moments, and those who treat these
integrals differently to reflect that a covariance matrix is positive-semidefinite.
The Unscented Kalman filter (UKF) [30] and the CKF [33] are examples of the
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former, whereas the first and second order divided difference filters (DD1, DD2)
[31] and the Marginalised Kalman Filter (MKF) described in Paper I belong to the
second category. There is a version of the UT, called the scaled UT [38], which
applies a different set of rules for calculating the covariance matrix, than those
used to calculate the mean. However, since the technique does not guarantee a
valid covariance matrix, the method does not qualify in the second category. At
the present time these (quite simple) estimations techniques are not detailed as
they are discussed in Section 2.4.

Performance of the Gaussian filter

The Gaussian filter makes use of the LMMSE estimator to update the state, and
various Gaussian filters apply different methods to approximate the required sta-
tistical moments. These filters can generally be tuned such that results are sat-
isfactory also when the underlying assumptions are violated. The purpose of this
section is to provide the reader with a deeper understanding of these filters and
their implications.

First of all, when the concerned distributions are not jointly Gaussian it is
possible to derive better estimators than the LMMSE estimator, albeit not linear.
The main reason that the state is assumed Gaussian distributed is because it
facilitates the calculation of the mean and covariance of the predicted distribution
and the measurement distribution. When this approximation is not accurate, the
estimates of the mean and covariance matrix of these distributions will contain
errors even if models are linear. In other words, we are generally feeding a sub-
optimal estimator with false information.

Second, since the filter is based on the LMMSE estimator one may think that
it is linear in data. However, the previous measurements are used in a nonlinear
fashion, e.g., to calculate the optimal gain matrix. The estimator is therefore linear
only in the most recent measurement.

Third, as we will show here, the posterior covariance matrix Py is approxi-
mated by the matrix-MSE which is sometimes a poor approximation. An illustra-
tive example of the difference between the covariance matrix and the matrix-MSE
is the following system: the state, xx ~ N(0, 1), is to be updated with the obser-
vation y, = 4, using the model,

yr =22 +v, v~N(002). (2.75)

The likelihood function is clearly bi-modal. Fig. 2.1 shows the posterior distri-
bution compared to the Gaussian filter approximation for three different noise
models. The MSE resembles the true variance only if the variance of the noise
term, o2, is large enough (recall that y;, = 4 in all figures).

The calculation of Py, is independent of the most recent observation, which
is why the Gaussian approximation is the same in the three examples in the Fig.
2.1. The posterior covariance matrix is given by

Cov(xk[Yy) = E [[xx — il [xx — upil " [ Y] (2.76)
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— p(zklys)
oss /A  /\ 1. N (ks Tk Prie) [1
0 ‘ ‘ '
=4 4 ° 5"
(a) yr =4, o =1, and var(zr|yr) = 3.3.
0.5F ‘ ‘ |
s — p(zxlyr)
S I N(mk;xk|k,Pk|k)
. | ‘ ‘ X,
() y1.= 4, o0 = 2, an (o)~ L8
0.5F — ‘ |
L ) p(zk|yx)
..... N (ks Tk, Prjie)
0 ‘ ‘ ‘ "

(¢) yr =4, 0y =4, and var(zx|yx) = 1.2

Figure 2.1: Comparison of the posterior distribution, p(zy|yx = 4), to the Gaus-
sian approximation using the LMMSE estimate as mean and its MSE for vari-
ance. The measurement model is given by equation (2.75) and the true variance,
var(xg|yr = 4), depends on the noise model.

where Xj; is the conditional mean E[x|Yy]. However, in the Gaussian filter
algorithm, the posterior covariance matrix is approximated as the expected error,

Py ~ E [[x — Xyl [k — Sppp]" [ Y1) (2.77)

i.e., the matrix MSE. Conditioned on Yj_1, the LMMSE estimate is Xy, = Xpjp—1+
K (Yt — Yijk—1). By evaluating the expectation (2.77) it is clear that the final
expression corresponds to the Gaussian filter covariance update (2.47):

E[[Xk — 5<k|k] [Xk - fck\k]T’Yk—l]
= Cov (Xk — fik|k_1 - Ki(yx — S’k\k—l)|Yk—1)
= Pk\k—l + Kksk“g—lK% - ny,k|k—1K% - KkuX7k|k_1
= Pyi—1 — KiSpp—1Ki (2.78)
where we used the relation Pyy pjx—1 = P;Cx klk—1 — KySkr—1-

We draw three conclusions from the above discussion. First, the matrix-MSE
can be a poor substitute for the posterior covariance matrix, as illustrated in
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Fig. 2.1. Second, the errors introduced in the required moment approximations
are not accounted for in the model. This leads to over-confident filters and it
can be beneficial to exaggerate the noise terms in the model to compensate for
this. Third, it is somewhat difficult to use the Gaussian filter when distributions
are multi-modal, as such distributions are not well described by the mean and
covariance.

A practical aspect of Gaussian filtering involves using numerically stable meth-
ods. Some of the operations involved in calculating the covariance matrices are
sensitive to numerical errors, which may affect the long-term stability of the filter.
For example, the subtraction in equation (2.47) is not guaranteed to produce a
positive definite covariance matrix. Many sigma point filters have so-called square-
root versions, e.g., [39], [40], and [33], designed for improved numerical stability.

2.3.2 Particle filters

The approximate filters described in the previous section provide a framework for
estimating mean and covariance of the posterior distribution, using the LMMSE
estimation algorithm. However, a general rule is that when nonlinearities in the
model become more severe, the performance or the linear estimator deteriorates.
For some systems, we may have to use more exact methods and, at some point, we
would like to compare our filter to a much better filter for benchmark purposes.
This section shows how to use computationally demanding methods to provide
asymptotically exact solutions to the recursive estimation problem (2.5).

The idea is to let a set of randomly generated samples, referred to in this
context as particles, represent the whole distribution. This representation has its
roots in Monte Carlo methods for numerical integration — an integral over the
distribution can be written as a sum of the particles.

Monte Carlo integration

For a probability density, m(x), the integral approximation takes the form:

N
1 .
= / soomadx~ 1 ) () =Ty (2.79)
Iy 251 as N — oo (2.80)
which holds if the set {x(l),x(z), o xW )} contains samples drawn from the ac-

tual pdf, 7w(x). For some distributions it is straightforward to generate samples,
either directly or by using, e.g., Markov chain Monte Carlo methods such as the
Metropolis-Hastings algorithm [41]. For other distributions, such as those typi-
cally encountered in a tracking filter, it is difficult to generate a representative set
using these methods. Fortunately, so-called importance sampling can be employed
to substitute the desired set of samples with one we can generate samples from.
It is a useful method that can be formulated in a sequential manner suitable for
use in a tracking system, yielding the particle filter.
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Importance sampling

Importance sampling uses weighted samples from one density to represent another
density, in the integral approximation (2.79). Instead of generating samples from
the unknown density, in our case p(xx|Y}), which we want to calculate, we define
a density ¢(xx|Y}y) from which we can generate samples, a so-called importance
density. Introducing the so-called importance weights,

, (i) 1y
a0 — POk [Ye) (2.81)

a(x1Yy)

we can create two sets of samples to represent the distribution, p(xx|Y}), which are
equivalent in the sense that they both calculate the integral (2.79) asymptotically
correct:

(= x) ~ p(xil Y (2.82)
{xPE oxl) ~ (k[ YR). (2.83)

The integral approximations using these sets respectively, are identical when the
influence of the weights are taken into aspect:

N N
1 i 1 ~ (1 7
Iy = 5 2 o0) = 57 D000 (284
i=1 i=1

By changing to the set (2.83), we can represent the unknown distribution,
p(xx|Yx), without having to generate samples from it. We do have to calculate
the weights (2.81) but, in fact, it is not necessary to evaluate p(x;|Y}y) to do so,
it is enough to evaluate a function proportional to p(xx|Yy) and normalise the
weights:

= — 2.85
SAND =

We are free to choose any suitable importance density, which will be further dis-
cussed below, but it is however required that the support of ¢(xj|Y})) contains the
support of p(xx|Yy), i.e.

q(xk\Yk) >0 if p(xk]Yk) > 0. (286)
The constraint on the support can be understood from the following example: if
there exists a region, S, for which p(x; € §) > 0 and ¢(x; € §) = 0, the probability

for generating samples in the region S is zero when using ¢(x;). Consequently,
p(xx), which can generate samples in S, cannot possibly be represented by q(xx).
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Sequential importance sampling and the particle filter algorithm

Several strategies for implementing the recursive filter described by Eq. (2.5)
in Section 2.1.2 are known from literature, see, e.g., textbooks [42], [22], and
comprehensive overviews in [43] and [44]. Most methods make use of a sequential
importance sampling (SIS) based strategy. Given a set of particles from a previous
recursion, {x,(:_)l, xl?_)l, ... =Xl(£)1}7 and associated weights, {wlil_)l, wl?_)l, . ,wlg]l[)l},
the strategy is to, for each iteration:

1. generate new particles from the existing set such that

x g (xilx L yp).

2. update the associated weights and approximate the posterior distribution
p(xx| YY) Zwk (x — x,(;)).

A filter that performs these two steps is commonly denoted a particle filter (PF),
and the complete derivation is given, e.g., in [22]. If we can choose an importance

density that only requires knowledge of XI(QI and yy, the weights are updated as

30 o Py p e i)

w0 Wy TE (2.87)
a(x %1 1, k)
~ (1)
() Wy
Zi]ilwl(c)

It is straightforward to calculate estimates from these distributions. For example,
the conditional mean (and MMSE estimate) is

E[x;|Y};] = Z w %V, (2.89)

Other estimates can also be generated from these samples, see for example [45] for
a method on how to calculate the MAP estimate.

Choosing importance density

We claimed that any density with the right support can be used as an importance
density. However, the numerical approximation is exact only when N — oo, and
any embodiment must naturally rely on a limited set of particles. The better
the importance density, the more accurate estimate is given, for a fixed number
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of particles. A capable importance density is the Gaussian approximation of the
posterior distribution given by an LMMSE estimator,

a(x [Yi) = N (=} %, Prge) (2.90)

from which we can easily generate samples. The moments x; and Py 3, can be cal-
culated, e.g., using the EKF or a sigma-point filter. The resulting filter is sometimes
denoted the local linearization particle filter (LLPF) [22].

A density that is tempting to use is the prior, i.e., to generate the particles
from the predicted distribution:

xi) ~ p(xylxf ). (2.91)

Obviously this makes the filtering process much easier, since p(x;|x,_;) in the
tracking framework corresponds to a dynamic motion model, from which it is
generally easy to generate samples. Furthermore, the particle weight update (2.87)
is reduced to evaluating the likelihood, as the predictive models cancel out:

12),(;) x w,(glllp(yk|x,il)). (2.92)
A drawback with this method, compared to the LLPF, is that the importance den-
sity is independent of the measurements. This technique is used in the bootstrap
filter [46], an algorithm that cleared the way for the numerous variants of particle
filters developed today. The main contribution in the article is a method for pre-
venting the degradation of estimates over time. This so-called degeneracy problem
means that after some time, usually only a few iterations, a few particle weights
are dominant and the rest are near zero. It can be shown [43] that the uncondi-
tional variance of the importance weights can only increase over time, hence this
problem is unavoidable. The solution presented in [46] was to resample particles
from the distribution, before degeneration becomes critical. Thus the number of
particles with negligible weights is kept low. A somewhat violent metaphor is that
particles with low weights are killed whereas the good ones are multiplied. A good
criterion to measure degeneracy is the effective mass:

T 2.93

CEN ) i

The efficient mass was introduced in [47] and resampling is initiated whenever

J,‘jff < JThreshold Tt is important to understand that resampling decreases the

accuracy of the approximation, but lays the foundation for improved future results.

Therefore, in an iteration where the resampling criterion is met, desired moments
should be calculated before the resampling takes place.

Rao-Blackwellization

If a part of the posterior distribution can be analytically calculated, it is possible
to reduce the total number of particles, as they do not need to represent these
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dimensions. This is known as Rao-Blackwellization, to which a good tutorial and
derivation is given in [48]. The idea is illustrated by a simple example.

Example: Assume the state vector can be partitioned into a conditionally linear
and a nonlinear part, such that

l N ! !
| X | | FOgxg Vi Vi |
s =i [ = L ] [ ]~
and
Yk = h(XZ—i-l) + H(XZH)X% +w, W~ N(07 R)

This could represent, e.g., a scenario where measurements are biased. The poste-
rior distribution is:

p(xk|Yr) = p(x),|xp, Yi)p(xp| Yi).

The left density is conditionally linear, and can be calculated, e.g., using the
Kalman filter, whereas the right distribution is calculated using a Particle filter:

N
p(xiY3) = Y N 17, PY w6 (g — x ). (2.94)
=1

The resulting filter is often denoted as a marginalized particle filter, as the linear
state variables are analytically marginalized out.

2.4 Moment estimation using sigma-points

The Gaussian filter framework, discussed in Section 2.3.1, provides a solution to
the recursive estimation problem under the assumption that the concerned dis-
tributions are approximately Gaussian, but requires the calculation of several ex-
pectation integrals (2.44)—(2.45), (2.49)—(2.51). In this section, we present a brief
overview of sigma-point methods for calculating such integrals. A more thorough
examination is presented in [49], whereas [34] sheds light upon the numerical inte-
gration perspective. A new approach towards using the sigma-points to calculate
these moments is the topic of Paper I appended to this thesis, which presents the
marginalised transform (MT) and the Marginalised Kalman Filter (MKF).

In Section 2.4.1, we discuss numerical integration methods and their properties,
especially concerning integration over the Gaussian distribution. Two different
approaches for using such rules in a filtering framework are discussed in Section
2.4.2 and, last, we provide some examples in Section 2.4.3.
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2.4.1 Exact integration of polynomial functions

Consider a transformation, g : R” — R™ and a stochastic variable x € R™ with
probability density function

p(x) = N(x; piy, Px),

where g, p, and Py are all known. We wish to calculate the expected value of
the transformed variable

y=g9(x), yeR™

This first moment is given by the integral expression

Ely] = RnN (%5 by, Px)g(x)dx. (2.95)

Sigma-point methods provide approximate solutions to integrals such as this one
and have attractive properties with respect to performance and simplicity. The
approximation can be written in terms of a weighted sum of the function values
in k points, with x associated weights:

/N(X $ My, Px)g(x)dx =~ Zwig(xi). (2.96)
i=1

A rule for selecting these points and weights is called a quadrature, or a quadra-
ture rule, and are designed to calculate the integral correctly for some particular
functions, not limited to products with probability density functions such as in
our case. A Gaussian quadrature, for example, calculates (2.96) correctly when
the product N (x; py, Px)g(x) is a polynomial of some order. The Gauss-Hermite
quadrature, however, is adapted to be exact for polynomials that are multiplied
with the Gaussian pdf, meaning that the integral (2.96) is correctly calculated if
g(x) is a polynomial. In the literature, an important concept used to summarise
the performance of a quadrature is the precision. The definition of the precision
of an integration rule is [34]:

‘A rule is said to have precision p if it integrates monomials up to degree p exactly,
R with k; > 0 and 2?21 ki < p, but not exactly for some

that is, monomials 1%,z
monomaals of degree Zle ki=p+1°

Gauss-Hermite quadrature

If g is a polynomial, integrals such as (2.96) are calculated exactly by the Gauss-
Hermite quadrature rule. The evaluation points x' = [z%,...,25]T, for i €
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{1,2,...,k} and their associated weights w; are given, e.g., in [50]. The Gauss-
Hermite quadrature of precision p = 2¢ — 1 is written:

¢ ¢ _
/ N s Pgdx = S wp- S wig((ed, .27
(=1 j=1

= Zwig(xi)7 (2.97)
=1

where the total number of points k = (" relates to the precision according to
= p—;rl. Unfortunately, the quadrature suffers from the curse of dimensionality;
the number of required function evaluations using a precision 3 rule for x € R? is
only 4, but for x € R® the quadrature requires 256 evaluations.
The Gauss-Hermite quadrature is more thoroughly explained in [32]. The
Gauss-Hermite filter (GHF) [28] applies this quadrature to the Gaussian filter cal-
culations described in Section 2.3.1.

The unscented transform and the cubature rule

The unscented transform was introduced in the mid 90’s [29], [51] as a novel ap-

proach for moment estimation in nonlinear systems. The corresponding Gaussian

filter is denoted UKF and an introduction to the method is given in, e.g., [30].
The rule has precision 3 and makes use of kK = 2n + 1 evaluations:

2n+1

/ N (x5 o, Py)g(x)dx ~ Y wig(x'). (2.98)
i=1

The evaluated points are denoted sigma-points, and it was shown in [52] that
the UT realises a version of the fully symmetric integration formula presented
almost three decades earlier in [53]. The version employed by the UT is exact for
integration over certain polynomial functions, weighted by the Gaussian pdf. The
sigma-points and their associated weights are selected as follows:

x' = E[x] (2.99)
E[x] + < (1_"w0)Px>, 1<i<n
x' = i (2.100)
E[x] — < (1—nw0)PX>v n<i<2n
i—2n/2
N C (2.101)
Wis T '
where i = 1,...,2n and (v/Px); is the ih column of a matrix square root such

that / Pxy/ PXT = Py. The mean weight wy is a free variable but it is suggested
that wyg = 1—n/3, which corresponds to a rule that integrates monomials without
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cross-terms up to order 5. More specifically, the rule has precision 3, but calculates
terms on the form zf exactly for k <5.

The so called cubature rule, used in the CKF presented in Section 2.3.1, can
be obtained from this scheme by setting wg = 0, effectively removing x° from the
set. The cubature rule, consequently, has precision 3 and requires 2n points.

Apart from numerous tracking and filtering tasks, the UT has been used for,
e.g., sensitivity analysis for a variety of systems including antenna characterisation
[54], power system analysis [55] and circuit design [56]. Contrary to the Gauss-
Hermite quadrature, both the UT and the cubature rule scale very well with the
number of dimensions, using 2n + 1 and 2n points respectively. Where the Gauss-
Hermite quadrature required 256 points, for x € R®, the UT needs only 17.

The marginalised transform

A different approach towards exploiting the information in the Sigma-points was
taken in [1], and is further developed in Paper I. The proposed method aims at
being optimal on average for a larger family of polynomials than what the methods
discussed above are exact for. However, the method can be designed such that
it yields the integration rules of these methods, albeit covariance matrices are
calculated differently. Some examples are included in Section 2.4.3.

2.4.2 Application in a filtering framework

There are three different types of integrals in the Gaussian filter framework; calcu-
lation of means, covariance matrices and cross-covariance matrices. Some sigma-
point filters treat all moment integrals the same, regardless of whether the first
or the second order moment is calculated. Other filters make use of models to
incorporate the known relation between the first and second order moment of a
random variable.

In Section 2.4.1 we considered the integration over a generic function, g(x), see
(2.95). This function can represent, e.g., the process model used in the prediction
step, and the integral would then correspond to the predicted mean. The integral
for the covariance matrix of the predicted state is:

Cov(f(x)) = | N(x; pre Px) [f(x) — E[f(x)]] [f(x) — E[f ()] dx

R?’L

= [ Nct i P ()60 e~ BLFGOIEL GO (2:102)
Clearly, the integral can be expressed on the familiar form (2.96), with g(x) =
f(x)f(x)T. In other words, one approach is to approximate the non-central second
order moment and obtain the covariance matrix by subtracting the outer product
of the mean, approximated in the previous step. Two different strategies can be ap-
plied here: either the same rule is applied to both integrals, [N(x; py, Px)f(x)dx
and [N (x; py, Px) f(x) f(x)Tdx, or some measures are taken to distinguish the
two integrals.
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Direct application

The Gaussian filters employing the UT (the UKF) and the Cubature rule (the
CKF) both apply the integration formula directly to the integral expressions for
the mean and the non-central second order moment. This is often a successful
approach, but if the mean is correctly calculated using a minimum number of
evaluations, the covariance matrix estimate will in general not be exact. This is
not a major drawback — we are making approximations after all — what’s worse
is that with negative weights, the covariance matrix estimate may not even be
positive-semidefinite (see proof in Paper I, Appendix A).

The risk for the latter is a common objection against using the UKF and one
of the reasons for employing the cubature rule, which has only positive weights.
On the other hand, the UKF can be tuned by moving the sigma-points, whereas
the CKF cannot be tuned at all. The scaled UT, mentioned in Section 2.3.1, does
employ different weights when calculating the covariance matrix, but not in a
fashion that matters in this aspect.

Polynomial models

Another approach is to model the transforming function and calculate the co-
variance matrix conditioned on the model. The central difference Kalman filter
(cDKF) [28], and the second order divided difference filter (DD2) [31], both use a
second order polynomial approximation of the transforming function (excluding
cross-terms). The covariance matrix is calculated using this model and is there-
fore always positive-semidefinite. The CDKF and the DD2 are essentially the same
filters [49], and the mean is calculated using the same points and weights as the
uT. Consequently, both methods have precision 3 in this aspect. In practice, a
different set of weights is applied when calculating the covariance matrix. For
example, the DD2 covariance matrix is given by:

Cov(g(x)) %ﬁ > [o6x) — g(x )] [g(x") — g(x™™)] "
=1

W -1 i i+n 0 i i+n o1 T
g D [9(x) + g(x™) = 20()] [9(x") + 9(x ") — 29(x°)]
=1

(2.103)

using h = 7, the sigma-points are given by equations (2.99)-(2.100).

)

The MT, using the Hermite-polynomial base functions, also belongs to the fam-
ily of polynomial interpolation filters. However, it differs from the above methods
in that the interpolated polynomial can be modelled as a polynomial of arbitrary

order.
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2.4.3 Application examples

The sigma-point methods discussed above are exact for certain polynomial func-
tions, but arguably many functions are not well approximated by low-order poly-
nomials (recall that the precision of the more commonly used versions is 3). Fur-
thermore, with the direct approach used by the UT and the cubature rule an
expectation is also carried out over the squared function, which consequently also
should be well approximated by a polynomial. Model-based methods, on the other
hand, magnify errors present in the initial approximation when calculating the co-
variance matrix.

The purpose of this section is to illustrate how these methods perform in esti-
mation tasks. First we study the prediction of a vehicle — an important task in
active safety systems. Then we examine transformations for which the results can
be less satisfactory and discuss the reason for this.

Predicting vehicle motion

An example relevant to automotive safety is predicting the path of a vehicle,
which is done in threat assessment algorithms and in the tracking system. In
Fig. 2.2, we illustrate a 200 ms long prediction of a vehicle moving according to
the nonlinear motion model used in Papers II and III. The prior distribution is
assumed Gaussian, but the predicted distribution is not — it is rather shaped like
a banana. We apply the UT and the linearization technique used by the EKF to
estimate the mean and covariance of the predicted distribution, and compare the
result to a reference Monte-Carlo simulation. Their respective covariance contours
are plotted under the assumption that the distributions are Gaussian. In terms
of the Kalman filter algorithm, the operation corresponds to the prediction step
(2.44)—(2.45). The estimates from the linearised predictor do not approximate the
true distribution as well as the estimate from the UT, which is very accurate. This
example indicates a significant advantage with sigma-point methods.

Challenging transformations

The estimation quality of sigma-point methods can be quite sensitive to the po-
sition of the sigma points. Fig. 2.3 illustrates the application of sigma-point
methods to sinusoidal transformations, which can be particularly difficult due to
the periodicity. A comparison of Fig. 2.3a to Fig. 2.3c, shows that a sigma-point
method that performs well for one transformation can be a bad choice for another
transformation. This is made very clear when calculating the variance for two
seemingly similar transformations of z ~ N (0, 1):

y1 = cos (z), and yo = cos (z + %)

The cubature estimate of var(y;) is zero, whereas for ys the estimate is nearly
exact. In Fig. 2.3c-2.3d the interesting region resembles a polynomial to a much
higher extent, and all sigma-point methods performs well.
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Figure 2.2: Predicting the motion of a vehicle. Results are given for a linearised
model, the standard UT using wg = 1 — n/3, and a Monte Carlo simulation. The
car, shown on a reduced scale in the figure, is assumed to be travelling at 90 km/h
and performing a turn manoeuver. The samples from the Monte-Carlo simulation
are included as grey dots to illustrate the shape of the true distribution.

In Fig. 2.4 we illustrate how the same methods perform for the inverse tangent
function. Contrary to the sinusoids in the previous example, the function changes
rapidly only near the distribution mean, which is particularly unfortunate for a
linearised approximation. The result confirms our observation from the previous
example; when the function is not polynomial, the sigma-point positions become
more important.

The MT is included in the evaluations to illustrate that the method can present
good results for transformations which are typically difficult for other sigma-point
methods to calculate correctly. Furthermore, it provides a tool for illustrating
the underlying assumptions; the MT calculates a description of the functions that
could have performed the transformation, and 50 random polynomials from this
distribution are included in Fig. 2.3 and Fig. 2.4. Any of these functions (and
infinitely many more) have the same mean as the estimates produced by the MT,
UT and the DD2. See Paper I for more details, e.g., the meaning of the prior
mentioned in the captions for figures 2.3-2.4.

Conclusion

One of the arguments for the sigma-point approach has been that it is easier to
approximate the probability distribution than the transforming function [30], [57],
and our examples indicate that this is correct — even though the functions in
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(a) Direct application of the UT and the cubature rule. The UT is overconfident whereas the
cubature rule is fairly accurate, but with a small error in the estimate of the mean.
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(b) Estimation using the linearised function, the MT, and the DD2 estimator, including 50 ran-
dom polynomials generated from the MT posterior distribution. Contrary to the linearization,
the second order approximation is overconfident.
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(c) Direct application of the UT and the cubature rule. The UT performs much better for this
function than for the transformation illustrated in (a).
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(d) Estimation using the linearised function, the MT, and the DD2 estimator, including 50
random polynomials generated from the MT posterior distribution.

Figure 2.3: Comparison of different approaches towards moment estimation. Gaus-
sian approximations of y = g(x), where x ~ N(0,1), are shown along the y-axis.
The UT, DD2 and the MT use the red sigma-points (0, j:\/g) and the cubature rule

use the blue sigma-points (£1). The MT diagonal prior is [1W1()W1()W1()W1()]'
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(a) Direct application of the UT and the cubature rule. The UT use wo = 1 —n/3, i.e., the
three red sigma-points, whereas the cubature rule is using the two turquoise sigma-points.
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(b) Model based estimation using the linearised function, the MT, and the dd2 estimator. The

MT use the prior (1%%%%) and both sigma-point methods use the three red sigma-

points, which for the dd2 corresponds to h = /3.

Figure 2.4: Comparison of different approaches towards moment estimation. Gaus-
sian approximations of y = tan~!(6x), where 2z ~ A(0,1), are shown along the
y-axis. The UT, DD2 and the MT use the red sigma-points (0, 4+/3) and the cuba-

ture rule use the blue sigma-points (+1). The MT diagonal prior is [1 11—10%%].

Fig. 2.3a—2.3b and Fig. 2.4 are not well approximated by a low order polynomial,
some methods approximate the mean and covariance very accurate. However, it
is important to understand that even if the transforming function is not explicitly
expressed by a sigma-point method, implicitly there exists a family of polynomials
whose integrals correspond to the sigma-point approximation. In other words,
approximating the transformation with any of these functions leads to the same
result. Therefore, it is a very relevant question to ask whether or not this family
is representative for the actual transformation.
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Chapter

Tracking

N Chapter 2 we learned how to perform filtering on a dynamic system. When
I put to the task of following objects in the real world, using non-ideal sensors,
several practical issues need to be taken care of before a filter can be applied.
Examples of such tasks are data association, track management, model evaluation,
state parameterisation and timing issues. In essence, a tracking system consists
of a filter for updating the tracked objects, which are commonly denoted targets,
and a set of methods responsible for solving these additional tasks. This chapter
aims to clarify why the filter cannot be directly applied, and describes standard
methods for solving the practical issues.

The system layout of the tracking system is presented in Section 3.1 and the
challenges of target-to-measurement association are explained in Section 3.2, to-
gether with some useful association algorithms. A procedure for assessing the
quality of the produced estimates is discussed in Section 3.3. In the multi-sensor
setup often used by automotive safety systems, the tracking system performs data
fusion to reliably estimate, e.g., positions and velocities of surrounding vehicles,
which is discussed in Section 3.4. More details are available in Paper V and, e.g.,
textbooks [58] and [59].

3.1 The tracking system

The exact form of a tracking system depends on the filtering strategies and the
methods used to solve the additional tasks discussed in the introduction, but in
general most systems share a similar structure. The layout of a typical multi-
sensor tracking system is illustrated in Figure 3.1. Given a new measurement, the
posterior distribution from the previous iteration is predicted to the time for the
received measurements and the data association procedure takes place (indicated
by the dashed arrows). Then, tracks with a history of poor performance may be
removed, whereas new tracks can be initiated to explain measurements that do not
originate from known objects. Finally, tracks are updated with the new data and
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are made available to other applications, in this case threat assessment algorithms.
The prediction and the state update tasks are carried out by a filter as described
in Chapter 2.

Sensor system | Fusion system Threat assessment

| (for multi-object tracking)
Application 1
| [
| :P(Xk\kal) s
| |

Figure 3.1: A general description of the tracking system. The solid arrows show
how new data y;. is used to update the state vector xj_1.

Track
management

Gating and data
association

A

Update tracks

3.1.1 System model

The system model provided in Section 2.1 describes a general state vector, x;, and
measurement vector, y,. Assume that the tracking system receives observations
on an unknown number of independently moving objects. The state vector can
then be parameterised as

X = |:Z](€1)Z](€2) ‘e Z](cNk)} N (31)

where z,(j) is the state of the ™" track and N is the number of tracks believed to
be present at time t;. At every iteration, we receive M} measurements

) _(2 M,
which are used to update the state. If the sensor platform is moving, as in the case
of an automotive safety application, the position of the platform is often included
in the state vector as well — it can typically be tracked with high accuracy using
onboard sensors such as gyros and speedometers.

3.1.2 Tracking procedure

The actions during a recursion of the tracking system are illustrated, at a high level,
in the following example. Given the result of the previous iteration, p(xx_1|Yg—1),
a general tracking algorithm performs the following steps:

1. Predicts the tracks to the time for the next measurement. In other words;
calculate p(z,(;)|Yk_1), fori=1...N,_1.
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2. Calculates the measurement distribution for each predicted track, i.e., cal-
culate p('y,(f])|Yk_1) for j=1...Np_q.

3. Associates measurements with tracks, meaning that we decide which ’y,(g )

(4)

Jjk—1" Gating, described in Section 3.2.1, is

should be used to update track z
performed prior to association.

4. Starts track candidates for measurements not associated with existing tracks.
5. Deletes tracks, e.g., those which have not been observed for some time.

6. Updates each track which has an associated measurement to calculate the
posterior distribution p(z,(;) 1Yy).

Note that in general, My, # Ni_1 and it is not until step 5 that Ny is known. These
steps differ depending on the approaches towards the estimation task at hand. One
example of a different strategy is the cardinalized probability hypothesis density
filter [60], which does not attempt to track single objects individually; one of the
consequences is that IVj is described by a probability distribution, which arguably
is a more appropriate description.

3.2 Data association

In order to update a tracked object with new information, we must first decide
which measurements to use. This task is called data association (DA) and is an im-
portant component in a tracking system [61]. When every track is associated with
a measurement, any of the common methods described in Chapter 2 can be used.
However, if a track is updated with a measurement that does not originate from
the tracked object, we will obviously introduce errors. It is therefore important
to employ a robust DA strategy. It should also be considered that a target does
not necessarily give rise to a measurement, i.e., is detected, in every measurement
cycle, and we denote the probability of detection by Pp.

The basic methods for measurement-to-track association presented in this sec-
tion are based on the hypothesis that each target gives rise to at most one mea-
surement, i.e., that at most one measurement should be associated to each target.
We will discuss nearest neighbour algorithms and probabilistic data association al-
gorithms, which are useful methods that illustrates the complexity of the problem.
An alternative method, which performs very well, is the computationally complex
multiple hypothesis tracking [62].

3.2.1 Gating

A simple way to reduce the complexity of the data association problem is to
introduce a so-called gate for each track. This is used to exclude measurements
that are highly unlikely to originate from the track. As shown in Chapter 2, an
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inherent part of the tracking filter is to calculate the measurement distribution
p(yr|Yr—1). The probability Pg that the target measurement will be inside a
region S is given by

Pq Z/SP(YHYk—QdYk- (3.3)

The region S constitutes our gate and we use only measurements yj € S.
Applying the gate can be very easy. If p(yx|Yx_1) is Gaussian, with mean
Yk|k—1 and covariance matrix Sy ;_1, the square of the statistical distance

d*(yi) = (yr — yk\k—1)TS;;|1k_1(Yk ~ Yklk—1) (3.4)

is Chi-square distributed with m degrees of freedom, where m is the dimension of
the measurement space: d?(y;) ~ x2,. Gating then consists of a simple test:

d*(yr) 2 A (3.5)

The gate size A is calculated from (3.3) by solving foA p(T)dT = Pg, where 7 ~ 2,
with respect to A for a desired probability Pg. Gating using (3.4)—(3.5) will result
in ellipsoidal gates, as shown in Figure 3.2.

Clutter

It is possible for sensors to report measurements that do not originate from objects
that should be tracked by the system. Such false returns are called clutter and
could originate, e.g., from noise affecting the sensor detection algorithm or non-
modelled objects visible to the sensor. Radar clutter in a traffic environment may
originate from traffic signs, metal litter on the verge of the road, etc. We can
attempt to calculate the expected number of false measurements inside a gate by
modelling the clutter intensity. The gate size can then be determined based on
the desired Pg, the actual Pp and the risk for including clutter. In other words, if
the clutter intensity is non-zero we can determine how badly we want the correct
measurement to fall inside the gate versus the risk of clutter being inside the gate
as well.

Gating example

The data association task originating from the scenario in Figure 3.2 is made clear
in Figure 3.3, where the global gating problem (3.3a) is shown from the perspective
of track one (3.3b) and two (3.3c) respectively. Clearly, gating does not solve our
problem completely because there are still multiple measurements inside the gates
and one of the measurements appears in both. If the same measurement is used
to update multiple tracks, the tracks may coalesce after some time unless this is
taken into consideration.
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Figure 3.2: A prediction and data association scenario. The ellipsoidal gates are
centred over the predicted positions of the two vehicles and the true positions are
shown by the outlined cars, deviating from the predicted positions. The measure-
ments are indicated by (x), and the choice of DA method will significantly affect
the result.

The scenario in Figure 3.2 is such that both vehicles deviate from the predicted
position (the tip of respective arrows); the car in the right lane brakes to let the
other car, which is also braking slightly, in to the lane. Given the true position of
the cars, we conclude that measurement four probably originates from track one
and measurement one probably originates from track two. In Sections 3.2.2-3.2.5
we discuss different methods to handle the association problem. These methods
are applied to a DA task and the results are shown in Figure 3.4.

3.2.2 Nearest neighbour (NN)

One simple and straightforward method for data association is to let each track use
the best measurement. The best measurement is defined to be the one nearest to
the predicted track position, motivating the name nearest neighbour, but there are
several ways to measure distance. For example, we may choose the measurement

that maximises the likelihood p(’y,(g )\z,(j)) for each track. In the case of Gaussian
measurement noise, we pick the measurement ’yg ) for which
2 _ @) a0 gl ThoG) 40 2
di,j = [’7kj - 7kz\k—1] Sk|k_1 h’kj _7k|kz—1] {vj 'di,j <A} (3.6)

is minimised. Alternatives include minimising the Euclidian distance or choosing
the measurement with highest signal strength, the latter also called the strongest
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3%

(a) Global association problem (gates are in-
cluded for reasons of clarity).

(b) Measurements inside the (c) Measurements inside the
gate for track one. gate for track two.

Figure 3.3: The global association problem (a), as seen from the local perspective
of track one (b) and track two respectively (c). The predicted track positions are
marked by e. Both tracks are competing for measurement one.

neighbour association scheme. The NN method has obvious flaws in that tracks
may share measurements; two closely separated tracks are likely to merge and in
high clutter environments tracks are likely to be associated with clutter instead
of the true measurement. Nevertheless, if the circumstances are right, the NN
method may be appropriate, motivated by its simplicity and the fact that each
track can be updated individually. Recall from Section 2.2.1 that the residual is
the difference between the measurement and the predicted measurement, y, — V.
Figure 3.4a shows the measurement residuals S/,(Cl) and 5’1(3) that would be used in,
e.g., the Kalman filter, for the tracking situation presented in Figure 3.2.

3.2.3 Global nearest neighbour (GNN)

A major improvement to the NN approach is to constrain the association such that
no tracks may share the same measurement, resulting in a global optimisation
problem. Using the Gaussian noise example (3.6), the task is to minimise

Ni-1
i 2. {Vj:d* <)\}, 3.7
mjm; 5 WViidiy <A} (3.7)
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where j € RVk-1 is the global association vector and each measurement may only
be used once. The auction algorithm, e.g., the version presented in [63], is well
suited to resolve the global assignment problem. In Figure 3.4b the resulting
GNN measurement residuals 5,]21) and 37122) are shown for the tracking situation
presented in Figure 3.2. This approach solves the problem of tracks sharing the
same measurements, but will still perform poorly in cluttered environments.
In order to prevent uncertain tracks from stealing measurements from good
tracks, it is common to use the generalised statistical distance
&, =d; + (s (3.8)

i,j

instead of d% ; in equation (3.7), i.e., maximise the likelihood p(y, |Yx—1).

by

(a) NN association. Both tracks use the (b) GNN association. Track two gets the
same measurement. shared measurement.
X x
M
(c) PDA association. The weighted resid- (d) JPDA association. Compared to the
ual for track one is almost zero. PDA, weighted residuals are less influ-

enced by the shared measurement.

Figure 3.4: A comparison of different data association methods. The measurement
residual used to update each track is drawn with a black arrow. The following
settings were used: Pp = 0.9, Pg = 0.975, and clutter intensity is approximated

using 8 = %, where Vg is the gate volume.

3.2.4 Probabilistic data association (PDA)

The probabilistic data association approach was presented in [64] and acknowledges
that the sources of the measurements are unknown. It is based on a Bayesian
probability approach where each measurement is said to originate either from
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the tracked object or from clutter. The latter is often modelled as a Poisson
process whereas measurement noise is assumed to be Gaussian. If the number
of measurements that fall inside the gate is IV}, a total of N}, + 1 association
hypotheses can be formed for each target, including the event of a missed detection:
7-[6 : No measurement originates from object i
”H; : Measurement j originates from object 7
The probability for each hypothesis, p;; = Pr(?—[;),j =0...N},), derived in [58],
is used to form a weighted sum of all residuals

N, '
Vi = sz-ﬂ,(j)- (3.9)
=1

The weighted measurement residual, ’y};, can be used to update the it track using
any of the Gaussian filters described in Chapter 2 (Section 2.2.1 and Section 2.3.1).
Since clutter has been included in the state update, the posterior covariance matrix
is adjusted to account for the increased uncertainty:

P}, = pioPjy_y + (1 - poj) Py + dPj, (3.10)

where Py is the posterior covariance given that there are no association uncer-
tainties, Py;_1 is the covariance of the predicted state, and

NG
P 2 Ky | > piyd ()" - A" | KT (3.11)
j=1

A PDA assignment results in the use of a measurement residual influenced by all
gated measurements, shown in Figure 3.4c using the same example as earlier.
Note that the pPDA, similar to the NN, makes the simplifying assumption that
other tracked objects do not generate measurements. In practice, the PDA will
experience problems when the gating regions of two tracks overlap — the tracks
tend to merge since they are updated using more or less the same observations.

3.2.5 Joint probabilistic data association (JPDA)

Contrary to the PDA approach, if the association probabilities are calculated jointly
for all tracks and all gated observations we can consider the possibility that tracks
yield measurements that fall into the gates of nearby tracks. The JPDA approach
was introduced in [65], and the effect is that the influence on each track from
measurements appearing in more than one gate, is reduced. This is illustrated in
Fig. 3.4d, which should be compared to the PDA result, shown in Fig. 3.4c.

The association probabilities p;; need to be recalculated to take the global
effects into account. The expressions are available, e.g., in [58]. Calculating all
hypotheses can be tough when several tracks share measurements and iterated
versions of PDA have been suggested to approximate this solution, see, e.g., [59].
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3.3 Track management

Previously, our goal has been to update the objects from the previous time instant
with new data, but the number of objects has been assumed constant. We have
also overlooked the question of track quality. We now direct our attention towards
track initialisation and track removal, first treated in [61]. Extensive research on
the topic is accounted for in [58], [59].

3.3.1 Sequential probability ratio test (SPRT)

Due to the DA uncertainties, it is possible for tracks to be updated with clut-
ter, which obviously is not desirable. At least, if it happens, the receiver of the
estimates should be made aware of it. Clearly it is not possible to know when
this happens, so a statistical test is used instead. Two hypotheses that can be
evaluated for each tracked object i = 1... MF are introduced:

7-[’1 : We are tracking a true object
H{, : We are tracking clutter.
The sequential probability ratio test, introduced in [66], can be used to create a
test statistic, n', for comparing hypotheses such as these. The statistic is defined
as the quotient between the respective hypothesis probabilities and, conditioned
on the measurements Y, we write
_ Pr(Hi[Ys) _ p(YalH)Pr(H))
Pr(HYr)  p(Y [ H3)Pr(H)

Mk (3.12)

A detector can then be designed to use this statistic for decision-making. Note
also that the statistic can be recursively calculated in a tracking framework, as

o — p(yr| Y1, H})
P(yelYi—1,Hp)
The recursive form is possible due to the Markov property of the process model,

and that the measurement model is a function of the state vector. The logarithm
of this statistic is often used in a tracking system as a quality measure of the track.

Mk—1 (3.13)

Track score

The so called track score Li(k) is defined as the logarithm of the hypotheses test
statistic 77}, and we see from Eq. (3.13) that L‘(k — 1) can be recursively updated
to include new data y; by a simple addition:

Li(k) = L'(k — 1) + AL'(k) (3.14)

p(yelYi—1,H})

ALY (k) = log .
Vi Hy)

(3.15)
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The term AL‘(k), expressed in detail for various clutter models in [58], is related
to how well each model explains the observed data. Thus, the score L!(k) can be
used to determine the quality of the track, and as AL‘(k) can take both positive
and negative values, the score will increase and decrease over time.

Track validation

Whenever measurements are not associated to an existing track a new object may
have appeared, but it could also be clutter. A pragmatic approach is to initiate
new candidate tracks for these measurements and use future data to determine the
measurement origin. One commonly used approach is to use the track score L(k)
as an indicator; a new track is wvalidated if the score exceeds a design threshold,
or rejected if the score drops to low. The time spent in the so-called validation
region, waiting for any of these thresholds to be crossed, varies depending on data.

A much simpler, yet sometimes appropriate, validation scheme is to use an
m-out-of-n criterion: a track is validated when it has been associated with a mea-
surement m times during the last n association rounds.

Track removal

Naturally, just as new objects can enter the area observed by the sensors, they
may leave. It makes little sense to keep track of an object that has left the field-
of-view of the sensor, and one approach is to use the track score function also for
this purpose. A common approach for preventing old tracks with a flawless record
from becoming invincible, is to saturate L(k) at a certain value. Other heuristic
approaches include removing tracks that are too far away, tracks whose covariance
matrices are to big, or tracks that have not been associated with data for some
time, similar to the m-out-of-n criterion for track initialisation.

Model evaluation

Our estimation is based on models for dynamics and measurements, so the es-
timates are conditioned on the model choices; consider for example the Kalman
filter — the posterior covariance matrix is not dependent on data, it is determined
entirely by the models. The SPRT statistic can be used to decide which model
is appropriate for a certain object after data has been observed, e.g., during the
track validation period.

3.4 Data fusion

It is often beneficial to use a multi-sensor system in order to obtain multiple
measurements from the tracked objects. Preferably, the sensors utilise different
measurement principles in order to minimise technology-specific systematic errors
and to benefit from the combination of their respective strengths. Multiple sensors
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3.4 DATA FUSION

(a) Two measurements on the position of a single car are made at two different times. The
car moves relatively far during the time between the first and the second measurement.
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(b) Two sensors provide measurements to a tracking system. The length of a rectangle
corresponds to time spent by a sensor of internal signal processing. Thus the left side of
a rectangle corresponds to the time of the actual measurement (t1,t2), whereas the right
(t3) is when the tracking system can use the measurement.

Figure 3.5: Two sensors deliver data to the tracking system, but sensor one reports
slightly older measurements than sensor two. The updated state description of the
vehicle position will be poor if the delay is not accounted for.

can improve tracking results significantly yet also impose additional requirements
on the system architecture, for example, on sample rate and time-stamping of
measurements. Paper V presents a framework and a fusion approach in which
several of the methods presented in this thesis have been included.

3.4.1 Measurement delays

Any potential benefits of a data fusion system can be ruined if we do not know,
or cannot estimate, how old the data is when it reaches the tracking system. Of
course that would be a problem in a single-sensor system as well, but if the delay
is constant at least the estimates will be consistent. In a data fusion system where
two sensors measure the same moving object at two different times, they will report
two different positions. If they are used by the tracking system without knowledge
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L oceur in

of the time difference, the effects will be similar to when gridlock errors
distributed sensor systems. An example is given in Figure 3.5; two sensors collect
measurements, but at different times, and due to delays they are available to the
tracking system at the same time. If the tracking system cannot compensate for

these delays, a fused track may perform worse than if only one sensor was used.

Example: Two vehicles are driving at 90 km/h in opposite directions. A delay of
50 ms between the measurements results in an offset of 2.5 m.

When an observation is delayed such that newer measurements have been used
to perform a state update before the old measurement reaches the fusion system, it
is called an out-of-sequence measurement. The recursive scheme cannot be directly
applied to update the state using the old measurement, unless previous states and
measurements are stored such that the filter can be re-run — this would be the
optimal approach. In a multi-sensor multi-target tracking system, however, there
is a limit to how much of the history can be saved and the optimal approach can
only be used to a limited extent. Provided we are aware of the extent of the delay,
an easy but unsatisfactory approach is to disregard the old data. This, of course,
is a waste of information. A better approach is to do a “backwards prediction”,
i.e., a negative-time measurement update, such that the state can be updated at
the time of the measurement, as shown in [67], [68], for linear systems.

3.5 Tracking example

An informal tracking example is included in this thesis, in the header area on pages
19-51. It can be viewed from here by putting a thumb on the 50" page and letting
one page go at the time, until the 18" page has been reached; preferably in a pace of
approximately 5 sheets per second. This should give an optical illusion of a radar-
equipped truck approaching an intersection, while meeting a car in the oncoming
lane. Another car drives out in front of the truck from the smaller road, such that
the truck is forced to apply the brakes. The small dots are radar measurements
and the ellipses are covariance contours of the state vector of the respective cars.
Folding the title pages of Chapter 3 probably improves the experience.

!Gridlock errors occur when measurements originating from a sensor whose position is uncer-
tain, are to be combined with other measurements.
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Modelling

MODEL of a system is a useful tool; it enables reasoning regarding system
properties and lays down the guiding principles for how the system should
be treated. The model selection will be a critical design choice in any application.
A sound strategy is to use a model that is as simple as possible, but still describes
the behaviour that we are interested in with sufficient accuracy. Deciding what is
“simple” and “sufficient” may of course be far from obvious. Numerous textbooks
have been written on the topic, including [21], [69] to mention just a few, where
the former discusses models for estimation and the latter teaches model design in
general.
It is important to understand that model selection leads to assumptions not
only regarding what properties we choose to include in our model, equally impor-
tant is also what is not included.

Example: A sensor measures the range, r, to an object and we wish to model the
sensor output, y = f(-). A very simple model would be

y=r. (4.1)

In the example above we have stated that the sensor output depends only on
the true range and that the sensor is totally accurate. However, we implicitly state
that several other properties are also valid, e.g., there is no limit in how far the
sensor can see, the object is a point in space, the object is always detected, the
surrounding environment does not affect the measurements, etc. Most of these
assumptions are usually not correct. In this section we will explain how to design
models suitable in a tracking system, i.e., motion models and measurement models,
and formally handle the effects of simplifications.

4.1 Stochastic model description

It is common to include a stochastic model parameter to explain inaccuracies when
it is not possible to model a system with total accuracy [21], [58]. In other words,
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we recognise that a model cannot describe the system in a deterministic sense.
Instead we attempt to model the inaccuracies through an unknown parameter
whose statistical properties are known, referred to as noise.

Example: To extend the model from the previous example to explain inaccuracies
in the range measurement, let

y=r+e, (4.2)

where e is a scalar stochastic variable with known statistic properties, for
example e ~ N(ue,02). The statistical properties of the resulting sensor
output are then described as,

Y~ N+ e, o2). (4.3)

It is important to correctly model the statistical properties of noise parameters,
as estimators are derived based on these assumptions. To obtain mathematically
tractable models we often assume that noise enters the model as additive white
Gaussian noise (WGN), unless there is strong evidence to the contrary [20]. This
assumption is further justified by Theorem 1, which broadly speaking states that
the sum of infinitely many random variables is normally distributed!.

Theorem 1 (Central limit theorem)
Let X1,X5,...X,, be a sequence of independent identically distributed random
variables with finite mean p and non-zero variance, o. Then, as n — oo

LS (X — 1) B A0, 1),
\/Wz;( /‘)—> ( )

meaning that the distribution function of the sum will converge to the distribution
function of N'(0,1).

Proof of this theorem is given in [70].

Even though Theorem 1 indicates that noise is likely to be approximately
WGN at some point, due to subsequent transformations, it is still possible for the
observable variable to have a non-Gaussian distribution.

4.2 Models in the tracking framework

Chapter 2 discusses the formal solution towards filtering the system described in
Section 2.1, and the filter recursion described by (2.5) contains the distributions

p(Xk| Xk-1) (4.4)
p(yel xk)- (4.5)

Tt is in fact the distribution function that converges to that of a normal distribution.
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In a tracking system the state vector x; can be viewed as a snapshot of the tracked
entities, e.g., the position of a vehicle, at time ¢;. Similarly, when a measurement,
Yy, is obtained by a sensor, it is a snapshot of the tracked entities at time %y,
as perceived by the sensor. In terms of the distributions (4.4)—(4.5), we conclude
that p(xx|xx_1) describes how the state vector x; changes as a function of time,
and p(yx|xx) describes how the sensor perceives the world for a given state vector
X;. The two distributions are denoted process model and measurement model, also
often referred to as the motion model and the sensor model. A commonly used
formulation is on the form (2.1)—(2.2), i.e.,

X = fro—1(Xk—1, Vi—1) (4.6)
Yi = hi (XK, W), (4.7)

where it is made clear that noise, vi_; and wy affects the motion. Developing
models is the base of estimation and therefore also the foundation of a tracking
framework. In this section we will look deeper into these models.

4.2.1 The motion model

The motion model, or process model, describes how the state vector changes over
time. In tracking, the state vector typically contains physical entities such as the
position of vehicles in the surrounding environment. A good survey on dynamic
models for manoeuvering targets is [71]. The dynamics of a system can generally
be written

x(t) = g(x(t), (1), (4.8)

where the stochastic noise process ¥(t) is introduced to explain model inaccuracies
and events that cannot be predicted. There is a balance between accuracy and
model complexity; x(¢) is modelled as a function of the state and noise, so any
parameter affecting the derivative should be included in one of these terms, which
could grow to an arbitrary size. Typically, a parameter is included in the state
vector if it is required for accuracy, and can be measured or accurately predicted.

Motion model example

We shall attempt to model the motion of a vehicle moving in a Cartesian coordinate
system & and assume that £(¢) can be modelled as a stochastic noise process ¥(t).
This motivates the state parameterisation

x(t) = [€x(t) &(t) &a(t) &))" (4.9)
The relation (4.8) can be written as a set of linear differential equations

x(t) = Ax(t) + BY(t), (4.10)
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where

020 Ingo }
A= . B
[ O2x2  O2x2

=] w-E0] e

Ioyo

If the process noise is white, i.e.

E[9(t)] =0 (4.12)
E[9(t)9(1)T] = Quo(t — 1), (4.13)

this model is called a continuous white noise acceleration (CWNA) model, com-
monly referred to as a constant velocity model.

Using the model for prediction

Let us consider the problem of estimating future values of the state vector x(t)
given the current state x(¢p). The state will be affected by noise during the pre-
diction interval, so the predicted state is a stochastic process. Using Eq. (4.8), the
prediction can be written

t

x(t) = x(to) +/ g(x(7),9(7))dr. (4.14)

to

If we can form a linear time-invariant model such as (4.10), the solution takes the
form [21]:

x(t) = F(t, to)x(to) + /t : F(t, 7)B(r)9(r)dr. (4.15)
where
F(t,to) = eAl—t0) (4.16)
eAl = f: %(At)k. (4.17)
k=0

For time dependent systems, however, the state transition matrix F(¢,tp) may not
have an explicit form.
Discretisation of a continuous motion model

We often need discrete-time models; practically all algorithms are implemented
on a computer and measurements arrive only at discrete time instants. In other
words, we wish to find an expression

x(kT +T) = f(x(kT),¥(kT)) (4.18)
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where T is the system sampling interval and £ € N a counter. Usually notation
is simplified by writing x(kT') as x;. We immediately spot the resemblance with
the prediction task, so the solution is given by equations (4.14)—(4.15). Solving
the integral expression may be difficult, and simplifications and approximations
may be necessary; it is common to assume constant noise in between samples. For
the cwNA model example (4.10), where the state transition matrix takes the form
eAl=t0) we can derive the exact solution:

Xkl = eATXk + V. (4.19)

The new discrete process noise parameter v(kT') has covariance matrix Qg, which
relates to the intensity of the continuous noise process ¥(t) through the integral
in (4.14):

T
Vi = / ATTBY(KT + 7)dr, (4.20)
0

where v(kT) is a zero-mean random variable with covariance matrix [21]:

T30 377 0
Q=0 30 17| [ Qs O (4.21)
AT 0 T 0 0 Qy |’ ‘
T

0 377 0

i.e., a function of the power spectral density Qg of the continuous time noise
process.

Direct discretisation

To develop and discretise a continuous time motion model can be time consuming
and it may be much more efficient to formulate a discrete motion model directly,
shown here with a simple example — the discrete white noise acceleration (DWNA)
model. It is very similar to the CWNA model shown in the examples above. Let
the state vector be

and assume Sxk, éyk to be white discrete-time random walk Gaussian processes
driven by the noise vi. The dynamics are described by the difference equation

Xp4+1 = Fxg + I'vg, (4.23)
where
Ly Ioxe T } [ Lo - 377 ] [ Vg ]
F= , T = 2 , Vi = ko 4.24
[ O2x2  Ioxo oo - T g Vy,, (4.24)
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The unit of vy, is [S%] and the expression for I' originates from the relation

T
/ Vg dt = Ty, (4.25)
0

T T 1
/ / O, dt dT = =T?v,, . (4.26)
o Jo 2

The difference between this representation and the discretised CWNA is the
definition of the process noise, which now is assumed to be a sequence of random
numbers. Note that the noise covariance matrix E[I‘kagI‘T] does not have the
same form as Qg in (4.21):

1?0

r_ | 0 377 12 0 T 0

rQrt= . |[Q]|?, 172 g T (4.27)

0T
[T 0 3730

|0 3T 0 T3 |[Qy O

S st 0 T 0 0 Q, |’ (4.28)
T ¥ I

where E[vyvl = Q] and (4.28) is included so we can compare the form with
(4.21). Similar to the CWNA these models are also often referred to as constant
velocity models.

Modifications to the CWNA and the DWNA

The ¢WNA and DWNA models shown in the previous section can be altered into
the so-called continuous wiener process acceleration (CWPA) model and discrete
wiener process acceleration (DWPA) model by including the acceleration in the
state vector. In the CWPA case, the resulting parameterisation is

x(t) = [€a(t) & (1) Ea(t) & (t) Eu(t) & ()] (4.29)

§o() | _ | Yalt)

e =10 | (430
where the unit of ¥(t) is [%]. In the case of the DWPA, noise is often modelled as an
increment in acceleration, making it easier to choose the process noise covariance.
These models are commonly denoted constant acceleration models and are widely
used. Other popular models include the Singer model [72], the coordinated turn
models, and bicycle models of various complexity, e.g., described in [4] and [73].

Textbooks [21], [58] and tutorial [71] present further details. A model assumption
in these models, when applied to vehicle motion, is that driver input is modelled
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as noise. One can think of several occasions when this is not a good assumption,
especially when modelling the motion of vehicles. Generally a driver controls the
vehicle in accordance with some plan or preferences, which would be beneficial to
include in the model. Paper IV provides a framework for modelling such behaviour
for improved predictions and situation assessment. The output is believed to be
particularly useful in Paper II, where a framework for decision-making using a
driver model is presented.

4.2.2 The measurement model

The purpose of the measurement model is to describe the measurement density
p(yk|xx). It describes a snapshot of the dynamic system, seen through the eyes of
the sensor. We have concluded in Chapter 2 that it is a necessary component in
calculating the posterior distribution, and it was shown in Chapter 3 that it can
be used to determine the quality of the estimates.

Figure 4.1: A sensor reports six detections marked in the figure by stars. Three
measurements originate from the top left car, two from the bottom right car and
one does not seem to originate from a vehicle at all. A sensor model should explain,
in a statistical sense, where these measurements occur.

The sensor model has two main functions. It describes how the state space
is perceived by the sensor, but also how the surrounding environment influences
the measurements. We intuitively see how the former can enter the model as
a mathematical relation, e.g. (4.31) if measurement noise wy is additive. The
example of polar-to-Cartesian coordinate transformation,

["’3}:[“98@]4{%}, (4.31)
Yy rsin @ Wy

is illustrated in Section 2.4.3. Examples of other descriptions provided by the
sensor model are, for example, the operational range, sensor mounting position,

expected number of detections per object, clutter sensitivity, etc. A typical sce-
nario when tracking vehicles with a radar sensor is shown in Figure 4.1, illustrating
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five measurements distributed near the two vehicles, and one measurement in the
middle of the road. Some typical sensor model parameters and sensor model de-
pendent statistics are the following;:

Pp : Probability of detection (Pp = 0 outside the detection
region).

1-Pp :  The probability that an object is not detected even
though it is within the detection range.

¢ :  The clutter intensity

Ay : A resolution cell, in which two or more different tar-
gets cannot be separated.

p(Yk|xk, A% Pb=1) : The measurement distribution for a detected target.

Design of a sensor model depends heavily on the underlying sensing principle
and hardware design, a more detailed model is generally associated with a spe-
cific sensor and will not be further discussed here. Examples of common sensor
technologies are radar, laser based ranging, infrared, acoustic, and image sensors,
whose characteristics from a tracking perspective are studied e.g. in [58]. A more
detailed survey regarding radar systems modelling for tracking is given in [59] and
one example of how to track distributed targets, such as the cars in Figure 4.1,
using a more detailed radar sensor model is given in Paper III.
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Contributions and future work

HILE the previous chapters provide a background to the problems discussed
W in the contributions in Part II, this chapter presents a short summary of
the contributions in the appended papers and elaborate on possible extensions and
future work.

5.1 Contributions

The author’s work has mainly focused on recursive estimation, or filtering. More
specifically, modelling radar measurements, prediction models including the driver
input, and methods for estimating the mean and covariance of random variables
have been in focus — a trio which comes in handy when designing a filtering
framework; much like the three musketeers in a sword-fight. The efforts have
resulted in a derivative-free filter for recursive estimation, and a framework for
motion modelling where the control input from the driver is included. Further,
a sensor model that explains the presence of multiple detections from a single
object has been developed and incorporated in a tracking framework. The goal
has been to describe the traffic environment such that active safety applications
can utilise the description in making intervention decisions. A probabilistic frame-
work is well suited for such a description and allows for a natural extension of
the uncertainty representation into the decision layer, see Fig. 1.3. The work has
therefore come to include some aspects of decision-making and driver modelling
too, albeit not covering actual threat assessment. Rather, the proposed framework
for decision-making is intended for usage with any set of threat assessment algo-
rithms. Additionally, when designing a complete tracking system, several complex
design choices must be analysed and practical issues that arise must be coped with.
The work in this particular field has been characterised by the desire to create a
modular development platform that is suitable for continuous development.

The work has been supported by the Swedish intelligent vehicle safety systems
(rvss) programme and the strategic vehicle research and innovation programme
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(FFI), both of which are funded by the Swedish governmental agency for innovation
systems (VINNOVA).

Paper I: Moment Estimation Using a Marginalized Transform

So-called sigma-point methods are often applied to the task of estimating the mean
and covariance of transformed random variables in Gaussian filtering frameworks,
due to their simplicity and documented performance. Although the transforming
function is typically known, the integral expressions for mean and covariance are
not. In this paper, we propose to use evaluations of the transforming function to
describe a family of functions which could have performed the observed evalua-
tions. The family is selected such that expressions for mean and covariance are
known; estimates of the mean and covariance are then derived by marginalising
the function from the analytical expressions. The information provided by the
evaluations is used in a Bayesian framework, and the resulting estimation algo-
rithm performs well, especially in estimating the covariance matrix. Contrary to
the unscented transform, the resulting approximation of the covariance matrix is
guaranteed to be positive-semidefinite.
The author has contributed to a majority of this work.

Paper II: A Probabilistic Framework for Decision-Making in Collision
Avoidance Systems

When designing intervention rules intended to avoid or mitigate the consequences
of an accident, our understanding of the measurement and prediction uncertain-
ties should be taken into consideration. This paper describes how the posterior
description of the traffic situation, provided by a tracking system, can be used
together with prediction models to calculate a probabilistic description of possible
threats. We propose a decision-making framework which not only formally treats
these uncertainties, but also includes a model of the driver acceptance of interven-
tions. The reason is that, when aiming at collision avoidance, it is hard to define
objective performance measurements — how does one express the condition for
when an intervention is too early? Such decisions are subjective; in some situa-
tions it might be appropriate with high margins, whereas in other situations this
is not accepted by the drivers at all. In this paper we include a driver model in
the decision-framework in order to assess whether an intervention would be con-
sidered justified or not by the driver. It is shown that this approach can lead to
earlier interventions in certain scenarios, rendering a higher safety benefit while
suppressing interventions that the driver might not have appreciated. The exam-
ple implementation uses a driver model expressed in terms of the driver conception
of the world, and a previously known threat assessment algorithm.

This paper is a refinement of the ideas initially presented in [2], where the
author and Mattias Brannstréom jointly explored the no man’s land between their
respective expertise (filtering and threat assessment). The author’s contribution
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has therefore mainly concerned using statistical methods to describe the output
from threat assessment algorithms, the formal treatment of the associated uncer-
tainties in the decision-making process, and the inclusion and evaluation of a driver
model therein.

Paper III: Extended object tracking using a radar resolution model

Vehicles can be so-called distributed targets, meaning that they may yield multiple
radar detections in a single scan. The result is a difficult data association problem
that requires a detailed sensor model. The benefit of such measurements is that
information such as object size and orientation can be extracted. In this paper we
show how vehicles can be tracked using radar data containing multiple detections
from each vehicle, given a reflector-based sensor model and an improved data
association scheme.

This work has been carried out in close co-operation between the four authors
of the paper, where all contributed to a similar extent. The main contributions of
the author include designing a filter capable of using the reflector model, analysis
and acquisition of radar data, and validation and design of the reference filter.

Paper IV: A new vehicle motion model for improved predictions and
situation assessment

In this paper we present a framework for designing motion models which take
the expected control input from the driver into consideration. A methodology for
formal treatment of uncertainties regarding driver preferences and driving style is
presented, which makes such models suitable for use in a tracking system. The
ideas were originally introduced in [74], and were further developed in [6].

This work has been carried out in close co-operation between the four au-
thors of the paper, where all contributed to a similar extent. The author’s work
has particularly concerned the modelling of driver-specific parameters and the
marginalisation of these parameters from the state estimate.

Paper V: A design architecture for sensor data fusion systems with
application to automotive safety

When designing a tracking system, there are many requirements to consider; not
only must the output meet the requirements of the decision layer, the system
must also be adapted for real-time implementation in a vehicle. Furthermore, the
design should facilitate continuous development of the platform, such that future
systems benefit from old and new experiences. This document describes how a
tracking system for real-time usage in a vehicle can be designed and implemented
to meet these needs, and contains descriptions and advice regarding methods and
components of a tracking system. A tracking system using this design has been
used in the evaluations of Paper I1I and Paper II.
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This work has been carried out in close co-operation, and both authors have
been involved in all of the design choices.

5.2 Future work

Several interesting ideas for future research were born during this research; some
are necessary in order to make use of the presented methods in a real-time system
in a vehicle, whereas other ideas intend to improve the benefit of active safety
systems as a whole. Perhaps the most interesting ideas are the following:

Extending the marginalised transform framework

The MT framework shows promising results and there are several directions in
which the method could be developed. An interesting thought is to use a different
set of base functions than the Hermite polynomials, which are used in Paper I.
This could be useful when models are not well approximated as polynomials, but
it also invites to density filtering. This is related to a filtering approach that has
appeared recently in the literature, where the aim is to calculate the probability
density functions directly, rather than using the Gaussian filter framework.

Another interesting aspect is to use an adaptive prior for the MT, such that
the description of the function evolves over time and over the state space, when
applied in the recursive filtering framework. This could improve accuracy and make
it possible to use fewer sigma points, thereby improving real-time performance.

Modelling the sigma-points as noisy observations opens up the possibility to
include previously propagated sigma-points into the estimation, without constrain-
ing the approximation to pass through these points. The approach can be useful
in situations where it is computationally expensive to evaluate the sigma-points,
such as solving an optimisation problem.

The Gaussian filter in its basic form does not use the most recent measurement
in the calculation of the covariance matrix estimate. Some methods, such as the
iterated EKF, perform the state update iteratively to improve results using the
latest measurement. To use the marginalised Kalman filter in a similar approach
would be interesting, as it may reduce the influence of a poorly placed sigma-point
on the final estimate.

Including new sensor-families in the fusion framework

The inclusion of driver-state sensors, map databases and vehicle-to-vehicle com-
munication systems into the tracking system is an intuitive step, considering the
usefulness of such information in threat assessment. However, this would require
a different state-space representation than what we have used so far, and requires
new sensor models. It is not clear if this approach is beneficial compared with
other methods for including such information. Developing a sensor model for a
driver-state sensor, for example, could be an intriguing challenge to start with.
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Validation of driver models for decision-making

The evaluation of the decision framework proposed in Paper II makes use of a
driver model developed based on assumptions regarding drivers’ conception of the
traffic situation. Although the model is supported by studies on how the human
perception works, a model designed for use in a production-ready system needs to
be adjusted and verified using actual drivers.

Extending the real-time system

The system presented in Paper V needs to be continuously developed in order to
meet the demands of future in-vehicle safety systems. New sensors require not only
models of their measurements; if the sensor can observe objects which previously
could not be detected, new target models are also required. Track management
methods and self-assessment procedures need to be developed jointly with threat
assessment algorithms in order to develop relevant confidence measures. Robust
strategies for fusion of data on different levels of refinement are required, as some
sensors deliver filtered tracks, whereas others provide less processed measurements.
Furthermore, a carefully prepared development platform facilitates the transfer of
recent advances into vehicle programmes — this is a design challenge in itself.
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Abstract

We present a method for estimating mean and covariance of a transformed
Gaussian random variable. The method is based on evaluations of the trans-
forming function and resembles the unscented transform and Gauss-Hermite
integration in that respect. The information provided by the evaluations
is used in a Bayesian framework to form a posterior description of the pa-
rameters in a model of the transforming function. Estimates are then de-
rived by marginalizing these parameters from the analytical expression of the
mean and covariance. An estimation algorithm, based on the assumption
that the transforming function can be described using Hermite polynomials,
is presented and applied to the non-linear filtering problem. The resulting
marginalized transform (MT) estimator is compared to the cubature rule, the
unscented transform and the divided difference estimator. The evaluations
show that the presented method performs better than these methods, more
specifically in estimating the covariance matrix. Contrary to the unscented
transform, the resulting approximation of the covariance matrix is guaranteed
to be positive-semidefinite.

1 Introduction

Calculating the mean and covariance of stochastic variables is central to many
estimation tasks, including, e.g., sensitivity analysis, which can be applied to a
variety of systems including antenna characterization [1], power system analysis [2]
and circuit design [3]. It is also frequently an essential component in recursive state
estimation where the posterior mean and covariance often are used to characterize
the distribution [4,5]. The importance of this task, with applications ranging from
surveillance to medicine, have motivated a large part of recent research within the
area of moment estimation [5], [6], [7], [8], [9], [10].

The general Bayesian solution to the state estimation problem involves integra-
tion of probability density functions —integrals which are rarely mathematically
tractable. The family of Gaussian filters solves the recursive estimation problem
under the assumption that the concerned distributions are approximately Gaus-
sian. The equations used to compute the posterior mean and covariance under
this assumption are those of the linear minimum mean square error (LMMSE ) es-
timator, which coincides with the well known Kalman filter for linear systems [4].

A variety of Gaussian filters have been proposed to cope with non-linear models
[5], and the derivative-free filters [11], [6], [7], [8], [9] are particularly useful; with
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little or no adjustment, they can be applied to a wide range of problems. These
filters use a transformed set of deterministically chosen points, often referred to
as sigma-points, to approximate the mean and covariance. Arguably, the most
well-known sigma-point method is the unscented transform (uT) [7], [11], that
has been shown [12] to realize the fully symmetric integration formula presented
in [13], which is exact for integration over certain polynomial functions. The
(second order) divided difference filter (DD2) [6] calculates the mean and covariance
matrix jointly, and both estimates are exact for a certain family of second order
polynomials. An extensive analysis of the numerical integration perspective on
Gaussian filters is given in [14].

Although easy to apply, derivative-free filters are not problem-free. The UT
covariance matrix estimate is sometimes calculated such that it is not necessarily
positive-semidefinite. This behavior was overcome with the recent introduction of
the cubature integration rule [9], a special case of the UT, whose covariance matrix
estimates are guaranteed to be non-negative definite. It performs well compared
to methods of similar complexity [9], [15], [16], but unfortunately, the robustness
comes at the expense of using a less accurate integration rule. Furthermore, similar
to the UT, the mean and covariance are computed independently, which implies
two different assumptions on the underlying mapping within the same method.

In this paper the transforming function is approximated with a linear combina-
tion of Hermite polynomials, for which closed-form expressions for the mean and
covariance are well known. The polynomial coefficients are given a hierarchical
prior, and the posterior distribution of these coefficients is computed conditioned
on the transformed sigma-points. The desired mean and covariance can then be
calculated by marginalizing the influence of the coefficients from the analytical ex-
pressions. The approximation of the function as a linear combination of Hermite
polynomials, with unknown parameters, is the only approximate step in these cal-
culations. Similar approaches have been suggested in [17] and [18], albeit using a
non-parametric Gaussian process as a model of the transformation. A Bayesian ap-
proach towards learning such a process through evaluations was presented already
in [19].

There are several reasons to derive sigma-point algorithms using Bayesian tech-
niques. First, the mean and the covariance matrix estimates are calculated jointly,
based on analytical expressions rather than a numerical approach. Hence, it is
possible to guarantee a positive-semidefinite covariance matrix. Second, the model
assumptions become clearly visible through the prior distribution, making it easier
to understand the algorithm. Third, Bayesian methods are generally well perform-
ing in the sense that they are admissible under relatively loose assumptions [20]
and that they are optimal when the performance is averaged over the prior. Fi-
nally, we know that the key to improve performance is the choice of the prior.
Although the design of a prior can be difficult, we believe the choice is better
made explicitly than implicitly. To illustrate this, we present a family of priors
that result in the cubature, UT, and DD2 estimators, for certain choices of the prior.
It is shown that the presented algorithm can provide very good estimates of the
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mean and covariance, and that the estimation error of the recursive filter is more
accurately described using the proposed method. More specifically, we appear to
provide more robust covariance estimates, when the underlying polynomials are
not completely linear.

The paper is organized as follows. Section 2 describes the estimation task at
hand and a summary of the sigma-point approach. The proposed marginalization
technique is introduced in Section 3, and is applied to Hermite polynomials in
Section 4. Closed-form expressions for mean and covariance are derived in Section
5 together with a summary of the algorithm. Analytical results and a clarification
of the relationship to other sigma-point methods are discussed in Section 6. Usage
of the technique in a Kalman filter framework is demonstrated in Section 7, and
estimation and tracking performance is evaluated in Section 8. Our conclusions are
listed in Section 9. Finally, Appendices A—C provide results regarding the positive-
definiteness of the UT covariance matrix, properties of Hermite polynomials, and
an interpretation of the sigma-point selection scheme.

2 Problem formulation

Consider a transformation g : R" — R™ and a stochastic variable x € R™ with
probability density function

X NN(“X7PX)7

where g, p, and Py are all known. We wish to calculate the mean and covariance
of the transformed variable y € R™:

y = g(x).

These moments are given by the integral expressions

Ely]= /N<x iy P)g(x)dx (1)
]Rn
Covly) = /N(x; tes P) [9(x) — Ely]] [9(x) — Ely]] "dx
RTL

- /N<x; e, P)g(x)g(x)7 dx — Ely|E[y]”. 2)
R?’L

Expressing the solutions to these integrals on a closed form is often impossible for
transformations encountered in practice. Sigma-point methods provide approx-
imate solutions to these integrals, and have demonstrated nice properties with
respect to performance and simplicity. The question at hand is therefore how to
use the sigma-points as efficiently as possible.

79



PAPER [

2.1 Summary of the sigma-point approach to statistical moment
calculations

The family of sigma-point filters approximate integrals (1)—(2) using a weighted
sum:

/N X ; phy, Px)g(x)dx =~ Zwlg (3)

The so-called sigma-points, {x",...,x?"}, and the associated weights, w;, are cho-
sen according to a deterministic scheme. For the unscented transform, they are:

x’ = E[x] (4)
E[x] + < (1_"wO)Px>, 1<i<n
x! = ‘ (5)
E[x] — < = )Px> , n<i<2n
0 i—2n/2
1-— wo
W= (6)
where i = 1,...,2n and (\/ Px)i is the ™ column of a matrix square root such

that v/Pxy/Pyx' = Py. When x is Gaussian, the suggested setting for the UT [7]
is to use wg = 1 — n/3, whereas the cubature rule is obtained by setting wy = 0,
effectively removing x° from the set of sigma-points. This integral approximation
strategy, applied to equation (1), yields the estimator

Zw,g HNEay. (7)

The covariance matrix estimate, Py, is usually expressed in terms of the weighted
sum of squares, but we prefer to view it on the form (2) to make the dual use of
the integral approximation clear:

Cov(y Z wilg yllg(x') — y]"
2n 2n
= Z wig(x)g(x)" =Y wigx)y" — Z wigx)" + ) wiyy”
i=0 =0 =0
=2 wig()g(x)" —yy" £ Py. (®)

If the mean (7) is correctly calculated using a minimum number of points, the
covariance matrix estimate (8) will in general not be exact. In fact, with negative
weights it may not even be positive-semidefinite; see proof in Appendix A.
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The DD2 estimator uses the same sigma-point selection scheme (5), but is pa-
rameterized using a scalar h? = 1_”w0. The sigma points and the weights used to
calculate the mean are identical to those of the uT. The covariance matrix approx-
imation, however, employs a different set of weights which are positive regardless

of the dimensionality.

3 Proposed idea

Even though the transforming function ¢ is known, we model it as a stochastic
process with a prior distribution 7(g). Apart from the prior, the only available
information is the evaluated points, y = [xo, e ,xzn], and the function values
at these points, z = [g(x°),...,g(x*")]. Using estimation terminology: x and
z are our measurements, the function ¢ is a nuisance parameter with posterior
distribution p(g|z, x) and our objective is to estimate the mean, y,, and covariance,
Py, ofy.
The mean, expressed as a function of the transformation, g, is denoted by

y@)é:/ﬁﬂxsumIkXKXMx, (9)

and the corresponding covariance matrix by

%@é/wkumPQMﬂ—WMww—WMWx (10)

The expressions for the desired mean and covariance of y, given z and Y, are given
by marginalization over g:

m:Eb@ﬂzjkmm@mmw (1)

Py =E[Py(9) |z, x] = /Py(g)p(glz,x)dg- (12)

The idea is to use a prior 7(g) for which the integrals in (11) and (12) have closed-
form solutions. Although it is possible to find solutions for infinite-dimensional
integrals, it is more practical to consider a finite parameterization of g. In this
paper we focus on one such prior, presented in Section 4, where g is assumed to
belong to the family of Hermite polynomials. An interpretation of using this prior
is that the mean (11) and covariance (12) are averaged over polynomials that pass
through the points (x?, g(x")), for all integers i € [0, 2n], as illustrated in Fig. 1.

4 Using a Hermite polynomial to model the transform-
ing function

In order to motivate the use of Hermite polynomials, and to illustrate some fun-
damental properties, we study a scalar transformation. Any function g, for which
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z ‘sjujod
-ewiBis pajebedoad

sigma-points, X

Figure 1: An example of polynomial functions that may have performed the trans-
formation of the sigma-points. The mean and covariance of y = g(z) is calculated
by a weighted average of all such functions.

E[g(7)?] < oo, can be expressed in terms of a series of weighted Hermite polyno-
mials [10]:

| —

{Elg(x) Hi ()] H (), (13)

e

gl@) =)
k=0

for  ~ N(0,1). To have a tractable solution, we assume that the transforming
function can be approximated using a finite series, fully described by a weight
vector 8 = [0, ..., 0,

g(x) ~ Z O Hy.(z). (14)
k=0

The k™™ order hermite polynomial, Hy, is given by (85) in Appendix B, which
contains a summary of useful properties of Hermite polynomials. For instance, the
usage of Hermite polynomials leads to very simple expressions for the mean, g(g),
and covariance, Py(g), or as they now can be expressed, y(6) and 05(0):

p
op(0) = 67k
k=1

For example, if y = o + 2% and © ~ N(0,1), then y = Hy + Hy + Hs, (ie.,
0 = [111]7). Consequently, the expected value is fp = 1 and the variance is
07 + 032! = 3.

Additionally, using Hermite polynomials facilitates comparisons with other
sigma-point methods, which typically calculate the integral (7) exactly for cer-
tain polynomials.
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4.1 Multidimensional transformation

A transformation ¢ : R®™ — R™, performed by a linear combination of base func-
tions can be written as

9(x;60) = 6" h(x), (15)
where the base functions enter the equation through

h(X) = [HQ, Hl(l'l), v ,Hp(xl), Hl(xg),. .o ,Hp(l'g),. “ey Hl(xn), v ,Hp(l'n)]T.

In the following sections we assume x ~ N (0,1,,x,), a simplification justified in
Section 4.4. We construct the weight matrix from the p-dimensional vectors 07,
each describing the transformation from z; to y;, and the scalars ), for i =1...n
and j=1...m:

o5 ... 6 ... oy
vt ... e ... '™

0= . o - (17)
ot ... e ... @™

Consequently, 67, the 7' column of 8, defines the mapping from x € R™ to y; over
the base functions in h(x):

yj = (0))"h(x). (18)

The function ¢ is completely described by @ through equation (15), and we
turn our attention to the expressions for y(6) and Py(0). For a given polynomial,
i.e., one realization of 8, y has the mean

5(6) = E[0"h(x)|6]

= [65,....00]" (19)

where E[h(x)] is given by equation (83). To simplify notation, we introduce the
vector

w2 E[h(x)] =[1, 0,...,0]7, (20)
and write the covariance matrix for y:

Py (0) =E [[0"h(x) — 6" w][6"h(x) — 6" w]"|6]
=0"E [[h(x) — w][h(x) — W]T] 0
=607Co. (21)
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All off-diagonal elements of C £ E[[h(x) — w][h(x) —w]”] are zero, and the pn + 1
diagonal elements are:

diag(C) = [0, 11, 2\, ..., p!,..., 1, 21, pT, (22)

see equations (83) and (84) in Appendix B. The relation between the mean (19)
and covariance (21) of y, and the parameter vector 6, is now clear. Before we
attempt to marginalize @ from these expressions, we attend to the prior.

4.2 Designing the prior distribution

Using Hermitian polynomials, designing the prior 7(g) is now equivalent to de-
signing 7(0), and there is an intuitive interpretation: the number of elements in
0 determines the maximum order of the transforming polynomial. Similarly, the
variance determines which coefficients are updated with the information provided
in the propagated sigma points.

The proposed prior assumes the vectors 8/ to be independently generated
from a hierarchical model:

07 ~ N(0,c; P7). (23)

It is shown in Section 6.2 that the sigma-points can be selected such that the prior
on 6y does not affect the posterior distribution, p(é|z, x), but for completeness let
it be assumed that all scalars 6] are independently drawn from N (0,0’30). The

covariance matrix Cov(6’) = oszg is therefore block-diagonal, with:

ago/ozj 0o ... 0
e I 2
o ... 0 Py

The hyperparameter, «;, will be discussed in Section 5.2.

4.3 Estimates of mean and covariance

Expressions (19) and (21) are derived for a given weight matrix, 8. However, since
0 is modeled as a stochastic variable, the marginalization in (11) and (12) gives
the final estimators:

Yr = E[GT’LX]W
= {uf, 2 BT 12\ | = il w
B [[6),..., 052 ] (2)
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Py77r = E[GTC 0‘27 X]
= Mazc Koz +E |:[0 - MG\Z]TC[O - u€|z]|zv X:|
o Tr{ P}, C} 0
= 141, C Hgp, + . (26)
0 amTr{ ngC}

Expressions for the conditional mean, H6|z; and posterior covariance matrices, Pé‘z
(j =1...m), given observations z, x, are derived in Section 5.

4.4 Stochastic decoupling

The simple forms for w in (20) and C in (22) are expressed for vector arguments,
x, whose elements are uncorrelated with unit variance. Rather than expressing w
and C for any mean and covariance of x, a stochastic decoupling procedure similar
to the approach in [6] is proposed, such that w and C are constant. Instead of
studying

y = g(x)7 X~ N(uwa)a (27)

we introduce X ~ N(0, L, «,,), where I,,x,, is the n x n identity matrix, and set

yzg(i)ég(ﬂx—i_\/P_xi)a (28)

which has the same distribution as the original y in (27). Therefore, rather than
recalculating w and C, we assume the transformation is performed by g in (28).
This adaptation is built in to the algorithm described in Section 5.3.

5 Calculating the posterior distribution

Our objective is now to calculate the posterior distribution p(0|z, x) and its first
two moments, which are needed in the expressions for the mean and covariance
of y, given by equations (25)—(26). An exact expression of the distribution is
obtained by marginalizing the hyperparameter, «, from the hierarchical model:

p(67]z,x) = /p(f)j!%&x)p(aj\z’x)daj' (29)

Finding a closed-form solution to (29) is usually difficult. A simple yet useful
substitute is to use a point estimate of a;. In other words, we set

p(6|z, x) = p(67|a;,2,X). (30)

In the following section, the first two moments of p(@j |&;, 2z, x) are calculated for
a given estimate, &;, which is then derived in Section 5.2.
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5.1 Mean and covariance of 0

The linear relation between observations z and parameter vector 8 was established
in equation (15):

z = 6TH (y), (31)
where the observation matrix is given by:
h' (x")
H(x) = : : (32)
hT (X2n)

For notational convenience, we omit the reference to y from now on. Given a
zero-mean Gaussian prior distribution on 67, with Cov(6’) = a; P}, the posterior
distribution is also Gaussian with mean and covariance [21]:

. _— ol
uh, = PJHT [HPJHT| 2/ (33)
. . , -1 ,
a; P}, = <I - PJH" [HPjH"| H> a; P, (34)
where z7 is the j* column in z”. The conditional mean of 8 is K|z = [uéw ug‘z, ceey uﬁz].

Estimates y, and Py . in (25) and (26) can thus readily be calculated.

If all transformations are treated the same way a priori, i.e., if the covariance
matrices Py’ in (23) do not depend on j, the elements Tr{P}C} are also indepen-
dent of j. Hence, the superscript j can be dropped and the expression for Py .
can be simplified to

(05} 0
Py« = 14,,Crgp, + Tr{Py,C}. (35)
0 Q,

To simplify notation in the remaining part of the paper, it is assumed that Py
and P} can be used interchangeably. Furthermore, according to equation (34),
Tr{Py,C} does not depend on z and can therefore be calculated in advance.

5.2 The hyperparameter «

Estimates of oj, which were assumed known in the previous section, are preferably
derived from the posterior distribution conditioned on the propagated sigma-points
Z:

plajlz) o< p(zlaz)p(e;)- (36)

The posterior, on the other hand, relies on expressions for the likelihood p(z‘aj)
and the prior p(a;).
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The likelihood function

In our setting, 6 is a zero-mean Gaussian random variable, conditioned on a;, and
so is the linearly dependent observations z/. However, from the results in Appendix
C it follows that the mean is known for the cases we study and, consequently, is
independent of the hyperparameter prior. The observation vector of interest, z7,

is therefore the j™ column in [g(xo) —0g,...,9(x*") — OO]T, and the likelihood
function takes the following simple form:
1 e—ﬁjijT(HPgHT)%Zj (37)

p(# o) = ——————— ,
(2m)% (0% /| HPJHT|

in which p is the number of observations, in this case 2n + 1.

The prior

In the absence of prior knowledge of a;j, we want the prior to be noninformative
to ensure a weak influence on the posterior distribution. It is argued in [22] that

p(aj) o< 1/aj, (38)

is a sensibly vague prior with respect to the likelihood (37).

The posterior distribution

The expression for the posterior distribution, using the likelihood (37) and prior
(38), is:

y 1 L
p(@|ag) plag) oc —5g e (39)

where d? = 7/ T(HPgHT)_lij . The above expression is proportional to the scaled
inverse chi-square distribution, so

Qjjy ~ inv-x2(v, s?), (40)
with parameters v = p and s? = d?/p. The mean and mode of the scaled inverse
chi-square distribution are:
v 2 vo2

5%, mode(q;) = s, (41)

E(a;) =
() =2 U+ 2

and can be used as point estimates of a; in the posterior covariance matrix ex-
pression (35). Note that the conditional mean (33) is unaffected by the hyperpa-
rameter. The algorithm presented in Section 5.3 employs the mode (41) as a point
estimate of a;.
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5.3 The marginalized transform (MT) estimator

We have now reached the point where the MT estimation algorithm can be summa-
rized, and somewhat simplified, in a few easy steps. There are two design decisions
that can be made independently: the order of the transforming polynomial, p, and
the sigma-point selection scheme. Using 2 < p < 3 for the cubature points and
2 < p < 5 for the UT points assures a fully known mean (further explained in
Section 6.2).

For x € R", y = g(x) € R™, x ~ N (py, Px), do:

88

1. Select a prior covariance matrix 3, a diagonal p X p matrix, p < 5, with at
least two nonzero elements. See, e.g., the priors used in Section 8.

2. Generate sigma-points using wo = 1 — 3:

0

x' = Opxi
X =

k—n
X = [xo,xl,...,x2n].

(although wy = 0 can be used if p < 3, and for p = 2, any 2n + 1 points can
be used).

3. Set Pé’j = ¥ in equation (24) to form Py. The value for ago /o will not
matter. Calculate w, C,H(x) and Py, using equations (20), (22), (32) and
(34) respectively.

4. Propagate the sigma-points:
2= |9ty + VPX), o gl + VPx)|
5. Compute the mean, y,, using equation (25) and (33):
pos = PoHT [HPGHT| ™' 27
Yr = Hg|zW

6. Estimate the modes of the hyperparameters:

1 ) 1
= —— T TRHP,HTY =i T
%= Guyn gl P a
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where z/ 7 is the j' row in the observation matrix with subtracted mean,

[Q(XO) Y- ’g(x2n) - yw] :

7. Calculate the covariance matrix, Py r, using equation (35).

Steps 1 — 3 can be done in advance, as well as computing P,HT [HPQHT] _1,
[HP@HT] ! and Tr{P9|ZC}, in that way simplifying the algorithm significantly.
For example, the calculation of the mean can be identical to the UT, cubature rule
or to the DD2, for which also the covariance matrix estimator can be the same —
all depending on the design of the prior, see the discussion in Section 6.

5.4 Calculating the posterior cross-covariance matrix

It is sometimes required to know the cross-covariance between the state, x, and
the transformed state, y = ¢g(x). In the filtering algorithm that will be presented
in Section 7.3, it is a necessity, and is in fact already known from estimating g,
The cross-covariance matrix is:

T

Pry(6) = [ (x:0,1,)[x B [9(x:6) ~ 9(6)]ax
R?’L

= Ex[0Th(x) — 6T w]"]
= E[x[h(x) — w]7]0
= D6é. (42)

The sparse matrix D £ E[%[h(X) — w]”] is constant and can be written:
D=0 o ) (43)

which follows from the orthogonality property (82) of Hermite polynomials de-
scribed in Appendix B (recall that « = Hi(x)). In other words, Pyy(0) is the
n X m matrix of all first order weights:

oLL(1) ... et (1)
2,1 2.m

Pr(8) = 0 :(1) 0 :(1) | "
gLty L. g ()

The above cross-covariance matrix describes the relation to x ~ N(0,I,x,),
whereas the relation to a correlated state is established by multiplication with
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v Py. Including the square-root matrix and carrying out the marginalization of 6
in (42) yields

Pyyr =/ Px DE 0|z, x]
=V Px Dpy,, (45)

which is the estimate of the cross covariance matrix.

6 Analysis and comparison

In this section, we further explain the behavior of the proposed estimator, and
clarify the relationship with other sigma-point estimators.

6.1 Posterior uncertainties in mean and covariance

First, we analyze our estimates in terms of their distributions. Conditioned on «,
the mean, y(0), is a Gaussian random variable with covariance

E [[y(6) ~ ¥x][y(8) = ¥x]"la] = LuxmwPgw. (46)

The distribution of the elements in the covariance matrix, Py(0), is less trivial;
diagonal elements are weighted sums of chi-square distributed variables, whereas
the off-diagonal elements are created from products between independent Gaus-
sian random variables. This could be looked upon as a weighted sum of Wishart
distributed matrices created from the rows, 6;, of 6:

pn
Py (0) = Z 0} 0xcri1, (47)
k=0

where ¢, is the k' diagonal element in C, defined in equation (22).

Equation (46) illustrates how uncertainties in 0 affect y(0), and it is desirable
to design an estimator such that this variance equals zero. Inserting the expression
for Py,, from equation (34), into (46), we see that the covariance of y(8) is

Cov(5(0)) = w (I — p,H” [HP,H"] ™ H) PowT. (48)

One of the arguments for sigma-point approaches has been that it is easier to
approximate the probability distribution than the transforming function [7], [23].
However, it is not required for 6 to be fully known (Pg, = 0) in order for the
estimate to be exact; we see from equation (48) that it is enough to project the
uncertainties in @ onto the plane orthogonal to the vector w. In Appendix C it
is shown that the selection scheme (4)—(5) attains this projection, which means
that y, = y(0) with probability one. In other words, y(@) is identical for all
polynomials passing through the sigma-points.
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The result follows from using an integration rule, well-known from the lit-
erature, [12], [14], which integrates these functions correctly. However, the new
derivation provided here is conceptually different and may be more intuitive to
some readers. Furthermore, the type of uncertainty analysis performed in this pa-
per can provide an important tool for designing new sigma-point selection schemes
in the future.

6.2 Comparison with the UT and the cubature rule

Contrary to the UT and the cubature rule, the presented method suggests to calcu-
late the covariance matrix using a model of the transformation, and the estimates
are therefore conceptually different. The estimates of the mean, however, are eas-
ier to compare; the UT and the cubature rule employ known integration rules, and
the proposed method can yield these rules under certain conditions. To show the
similarities, we write the MT estimator of the mean (25) on the same form as the
UT estimator (7):

Ve =z [PQHT [HPHT| ‘I]Tw. (49)

This is clearly a weighted sum, y,. = zA\, of the evaluated sigma-points, with a
column weight vector

A = [HP,HT] 'HPyw. (50)

The MT and UT estimators are the same when the elements of A are identical to
the UT weights.

The definition of the precision of an integration rule is [14]:
‘A rule is said to have precision p if it integrates monomials up to degree p exactly,
that is, monomials Hgl:lei with k; > 0 and Z?Zl k; < p, but not exactly for some
monomials of degree Z?:l ki=p+1°
For the presented method, this definition is equivalent to having no uncertainties
in y(0), when the prior includes all monomials up to degree p. It is shown in
Appendix C that the sigma-point selection scheme (4) — (5) satisfies exactly this
— the MT and UT estimators for the mean are then identical. The explicit model
assumptions in the proposed method coincide with the implicit assumptions in the
sigma-point filter, and the actual values in the prior covariance matrix, Py, no
longer affect the result.

The integration rule used by the UT and the cubature rule have precision 3,
which can be quite limiting. A simple example serves as illustration:

y=mzx2, = ~N(0,Iz0). (51)

The variance of y is E[z222] = 1, but the sigma-point methods discussed in this
paper all fail to calculate the variance correctly. However, the prior used in the
presented method explicitly excludes cross-terms in the model, so the result should
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come as no surprise. Moreover, the solution is straightforward: modify the model
to include also cross-terms and add sigma-points to observe them. It should be
mentioned here that the MT and the UT, with wy = 1—n/3, would have precision 5
if it weren’t for these cross-terms, i.e., single-element monomials, a:f , are correctly
integrated up to p = 5.

Contrary to the uT, the MT can be tuned without moving the sigma-points.
The cubature rule, on the other hand, cannot be tuned at all, and the position of
the sigma-points varies in a predetermined manner with the dimensionality, n. For
instance, in a tracking system where targets are tracked using a joint state vector,
the performance of the cubature estimator depends on the number of targets, even
if the targets are well separated with independent measurements (with respect to
other targets).

6.3 Comparison with the divided difference filter

The DD2 is based on a second-order polynomial approximation of the transform-
ing function, with cross-terms excluded. The MT assumes that the underlying
distribution is Gaussian, which corresponds to setting the DD2 design parameter
h = /3. It is possible to design an MT-prior to correspond to this estimator. More
specifically, assuming a second order polynomial and using the UT sigma-points
yields equally many unknowns as observations. The second order polynomial is
therefore fully known, i.e. there are no posterior uncertainties in the parameter
vector 6, and the estimators are, for this particular prior, identical.

6.4 Selecting a set of sigma-points

The effects of employing a particular set of sigma points with the MT can be
evaluated in terms of the posterior uncertainties of the estimates. However, our
focus here is to evaluate the MT performance when using the 2n + 1 UT points,
and the 2n cubature points, where the main difference is that the cubature rule
does not employ a weight in the distribution mean.

It is foreseeable that there will be functions for which the integral of a poly-
nomial passing through the evaluated sigma-points, may constitute a worse ap-
proximation of the actual integral, than the integral over a lower order polynomial
passing through fewer points. For instance, in [9], it was shown that the cubature
rule performed better than the DD2 in estimating the mean of the function

1
99 = (52)
when the integer ¢ and the dimensionality of x was increased. Under these cir-
cumstances, the function (52) does not resemble a polynomial, and including a
sigma-point in the mean E[x] degrades performance. It cannot, however, be ar-
gued that it is generally sound to exclude that particular sigma-point — it has to
be judged depending on the function. Including the point provides information
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of the function, which obviously sometimes is helpful, especially when calculating
the covariance matrix. For example, the covariance matrix for functions symmet-
ric over the covariance contour will be zero when calculated using the cubature
rule, e.g.:

y=2a% x~N(01). (53)

If all propagated points have the same value this will also be the estimate of the
mean, i.e., g(x') =y for all sigma-points. The variance estimate is then:

2n
3 wilg(x’) - 3llg(x') — 31" = 0.
=0

This would be the case also for (52), if x ~ N(0,I). In real situations this is rarely
the case, but nevertheless illustrates an undesired behavior.

7 Application example: Recursive filtering

Robust recursive filters, e.g., for tracking a continuous process measured at discrete
time instances, are arguably very valuable. A famous solution is the Kalman
filter (kF) [4], although the KF is applicable only when models are linear. Several
filters intended for usage with non-linear models share a similar structure, differing
only in how they estimate moments, e.g., the UKF, CKF, and EKF. By applying
the marginalization technique presented in this paper in a similar fashion, the
marginalized Kalman filter is created — the MKF.

7.1 System model

A discrete-time non-linear system, described by the state vector, xj, is assumed
to evolve according to the model:

X = f(Xp—1, Wg_1)- (54)
Observations, yyg, are provided at discrete time instances:
Y = h(xk, Vk). (55)

The noise terms wy, v, are modeled as zero mean independent white Gaussian
noise. The goal is to calculate the posterior distribution p(xx|Yy), where Yy is
the collection of all available measurements, [y1,...,yx]. Estimates of the state
vector are often denoted Xy, where the first subscript refers to the time index of
the state and the latter to the time index of the last measurement used to update
the state.
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7.2 The one-step linear estimation algorithm

An accustomed approach for calculating the posterior distribution, used for exam-
ple by the EKF, UKF, CKF and DD2 filters, is to apply the LMMSE estimator for
each new observation. The filter performs two operations:

Prediction

Given p(xx_1|Yk_1), calculate the first two moments of the state distribution at
the time of the next unused measurement:

Kpjh—1 = E[xp|Yi_1]

= E[f(xp—1,Wr—1)|Yi_1] (56)
Py = Cov (x| Yk-1)
= E[f (1, Wk 1) f (-1, Wk 1) [Yho1] = Ko1Ky (57)

Update

Correct the prediction, Xy ,_1, using the measurement, yj. The best update that
is linear in yy, is given by the LMMSE estimator [24]:

Xie = Xplh—1 + nys,z‘}g_l (Yk — Fjp—1) - (58)

The estimator (58) requires knowledge of the mean, y;,;,_1, and covariance, Sy,_1,
of the measurement distribution, as well as the cross-covariance matrix Pyy:

Yek—1 = Elyg|Yg-1]
= E[h(x, Vi) [Yi-1] (59)

Skik—1 = Cov(yg[Yi-1)

= E[h(xk, vi)h (i, vi) [ Yko1] = Srip—13 k1 (60)
Py = Cov(xp, yi|Yi-1)
= Elxih(xx,ve) " [Yho1] = Rpro 19k (61)

The matrix mean squared error (MSE) of the estimate (58) is used as an approxi-
mation of the posterior covariance matrix, Py;. The matrix MSE is:

E [[xk — Xpe) (%6 — Zipp) " |ye] = Prjp—1 — nys,;‘}g_lex, (62)

and is a reasonable approximation to a posterior covariance matrix which does not
depend on the observation yj;. Expressed in terms of the so called gain matrix,

Ki = nyS];'}f_l, the expressions for the state update are:

Xk = X1 + K (Yk — Fkjp—1) (63)
Pk = Prjp—1 — KiSg1 K. (64)
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To sum up, the filter approximates the first two moments of the posterior distri-
bution, p(xx|Yk), with the estimate of the mean (63) and the matrix MSE (64),
concluding the recursion.

7.3 The marginalized Kalman filter (MKF)

The MKF is the recursive filter following the application of the MT to steps 1-2 in
the previous section. The state vector can be augmented to include noise terms,
described, e.g., in [7].

MKF prediction

Assume the state vector is Gaussian, i.e.,

Pk—1|Yr-1) = N(Xp—1; Xp—1je—1> Pr—1]k—1)-

Use the algorithm in Section 5.3 to calculate the mean (56) and covariance (57) of
the predictive distribution,

P(xk[Yi-1) = N (xp; X1, Prjp—1)-

MKF update

Apply the algorithm a second time to calculate the mean (59) and covariance (60)
of the measurement distribution. The cross-covariance matrix (61) is given by
equation (45). Calculate the gain matrix, K = nyS,;‘i_l, and approximate the

posterior distribution
p(xk|Yk) = N (Xk; Xp ks Prjr),

using the LMMSE estimate (63) and the matrix MSE (64).

8 Simulation examples

The cubature rule is a special case of the unscented transform with the benefit that
the estimated covariance matrix is always positive-definite — a property shared
also by the proposed method. Further, the results in [9] indicate that the cubature
rule performs better than the divided difference filter. Therefore, our main goal is
to show how the presented method performs compared to the cubature transform.
Two examples are examined: the transformation from polar to Cartesian coordi-
nates, which is also commonly used to illustrate the performance of the unscented
transform, and the bearings-only tracking problem [25].

In the first evaluation we use the Kullback-Leibler (KL) discrimination' to
measure how much a distribution ¢(y) differs from a reference distribution p(y)

!Usually referred to as the Kullback-Leibler divergence, although when introduced in [26], the
authors used the term “divergence” for the symmetric measure dkw.(p, q) + dxi(q, p).
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[27]:

_ ply)
dxL(p,q) = / p(y)log pr dy. (65)

This measure was also used in [9] to evaluate the cubature rule, which further
motivates using the same approach here. The distributions p and ¢ are approxi-
mated as Gaussians, for which dg(p,q) can be calculated analytically. The first
two moments of the reference distribution, p, are estimated using Monte Carlo
integration:

N

[ p@ste)ds = " gl (66)

n=1

Two slightly different versions, the MT® and the MT?, of the presented method
are evaluated. The MT® is implemented according to the algorithm in Section 5.3,
with p = 5, using the 2n + 1 UT sigma-points. However, in order to compare the
method fairly to the cubature rule, the MT? is introduced, using p = 3 and the 2n
cubature sigma-points. This is not the same as setting wy = 0 in the second step
of the algorithm, which in practice would exclude the point x° in the calculation
of the mean but not in the calculation of the covariance matrix.

8.1 Polar to Cartesian transformation

In this section the MT?, using two slightly different priors, is compared to the
cubature rule. Let y = g(x) be the transformation from a polar coordinate system
defined in terms of range, r, and azimuth, 1, to a Cartesian coordinate system:

r Z1 COS T
= = . . 67
x [¢]’ Y [wlsln:pg] (67)
By modifying the prior, the presented method can be optimized to yield excel-
lent results for a narrow family of transformations. However, this is not a fair
comparison and often not a realistic approach. Instead we use the same prior for

the 11 positions in Fig. 2, and for each position we evaluate 8 different azimuth
measurement noise variances, O'ii

oy, = [5%,10%,15%,20%, 25%, 307, 357, 402](1%)2 [rad?]. (68)

The range measurement noise variance is constant throughout all evaluations,
o2 = 0.5 [m?].

To illustrate the influence of the prior, we present results for two different

priors, both assuming a zero-mean Gaussian distribution of €. The first one is

created using the simple assumption that the function is a 2°4 order polynomial
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10

ol
T

Figure 2: A sensor, situated in the origin, with uncertainties in range and angle
measurements observes a target at eleven positions. The “banana-shaped” con-
tours are measurement space covariance contours, transformed to the Cartesian
coordinate system.

where the higher order term is relatively small, whereas the second one has been
numerically derived to perform well in this scenario:

1 0 0 1 0 0
=0 45 0|,3=|0 0036 0 | (69)
0 0 0 0 0  0.0007

The cubature evaluation points are used by all three methods and, as argued in
Section 6.2, the prior variance for the mean, 6y, does not influence the estimate.

The average Kullback-Leibler discrimination is presented in Table 1 and the
mean for each position and noise variance is displayed in Fig. 3. The reference
density was calculated using 10° samples. The results show that, although all
methods perform very well in absolute numbers, the marginalized sigma-point
estimator outperforms the Cubature rule using the same points y. It can also be
seen that Y is the better description for some noise models, and for position 6,
but that 3o performs better on average.
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Figure 3: The left figure shows the average Kullback-Leibler discrimination for
the different azimuth noise variances, whereas the right figure shows the average
Kullback-Leibler discrimination for the positions. The dashed line illustrates the
Cubature rule, the dotted line represents the use of 31, and the solid line the use

of 22.

8.2 Bearings only tracking

The bearings only tracking problem is well-studied and arises in passive sensor
applications such as sonar tracking. Several filters have been designed for this par-
ticular task, such as the range-parameterized EKF [25], but since we are interested
in comparing sigma-point filters, those filters are not included in the comparison.
Two MKF versions, based on the MT® and the MT3, are compared to the CKF, the
UKF and the DD2-filter.

The scenario we consider here, tracking of a non-maneuvering submarine, is
illustrated in Fig. 4. Most parameter values are taken from [25]. The state
vector contains the Cartesian position and velocity, x = [z ya’cy]T, and bearing

Table 1: Average Kullback-Leibler discrimination

Average KL-discrimination [x107%]
Cubature rule 478
MT3, 3 45
MT3, 39 29
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observations are non-linear transformations of x, with additive Gaussian noise:
6 = tan ! <Q) + w. (70)
x

The variance of the measurement noise, wy ~ N(0,02), is known to the tracking
algorithms, which are also given perfect knowledge of the prior distribution; for
each simulation, the initial position of the target is generated from the prior. The
process model is linear:

Xk = Vi, (71)

oo o
oo = o
o oM
— o N o
N oo

with process noise, v, ~ N (0,03,12X2). The state distribution is assumed Gaus-
sian, and the predicted distribution, which is consequently also Gaussian, is cor-
rectly calculated by all five filters. Hence, the methods differ only in the calculation
of the measurement distribution and the cross-covariance matrix. The parameter
values are:

oy =VI0P =, 0,=15° T=60s, N =30,
S

where N is the length of a trajectory. The filter is initiated using the scheme
in [25], at

3000 5922 6822 0 0

o — 4000 Py~ 6822 8162 0 0
—0.6]"’ 0 0 057 —0.35]°
—0.8 0 0 —035 0.34

which corresponds to a target at a range of 5 km, traveling towards the sensor at
a speed of 1 m/s with uncertainties in range (o, = 1000 m), speed (o5 = 0.3 m/s)

and course (o, = \/% rad).

Two performance measures are averaged over 10* simulations: The MSE, £, and
the average normalized estimation error squared (NEES), (:

N
£ = SO~ XTR - ) (72
k=
1 Nl ~ P -1
¢ == 2B T (PR) 5L %) (73)
k=1

Both are calculated for the position states, xP = [z y]T, and its covariance matrix,
PP, The results are summarized in Table 2. When the posterior covariance ma-
trix correctly describes the estimation error, the NEES is equal to the number of

dimensions of the evaluated state vector.
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Figure 4: Five different filters are applied to the tracking problem where a bearings-
only sensor, situated in the origin, makes 30 observations of a moving target. In
this particular example the target process noise is near-zero.

Table 2: RMSE and NEES, averaged over 10* simulations

RMSE, \/E NEES, ¢ || Number of sigma-points
MKF? 1074 1.97 2n
CKF 1083 2.46 2n
DD2 1077 2.40 2n+1
MKF® 1064 2.01 2n + 1
UKF 1076 2.40 2n+1

In this evaluation, the UT mean weight, wp, is 1 — 3, the DD2 parameter, h, is
V3, and the MKF? and MKF® are based on the MT? and MT®, respectively?, with
priors:

10 0 0 0

1 0 0 05 0 0 0

Sy =10 &5 0|, Zys=[0 0 5 0 0
5 1

0 0 3% 00 0 mpyp O

00 0 0 145

From Table 2 we conclude that the choice of filters does not, on average, affect
the MSE in particular and that the CKF, UKF and DD2 underestimate the size of the

2In other words, the MKF® and the MKF® estimates of the mean are calculated using the same
rules as the CKF and the UKF/DD2, respectively.
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error (recall that, nominally, ¢ = 2). The MKF, however, performs very well in this
sense. This can be explained in terms of the posterior uncertainties regarding 6,
which contribute to the covariance matrix estimate through the additive diagonal
matrix in equation (35).

9 Conclusions

We have presented a derivative-free method, the marginalized transform (mT), for
estimating the mean and covariance of a transformed Gaussian-distributed random
variable, which has several beneficial properties. In summary, the method:

e performs better than well-known sigma-point methods, such as the UT, bDD2,
or cubature rule, in the evaluated estimation task and the bearings-only
tracking scenario.

e is easy to apply, as the simplicity of derivative-free filters is maintained.

e has tuning-parameters that can be intuitively understood in terms of the
model of the transforming function.

In a more general sense, we present a method for designing sigma-point estimators,
based on explicit model assumptions. For example, it has been shown which
assumptions lead to the integration rules of the bD2, UT, and the cubature rule.
Sigma-point filters have previously been analyzed in terms of the precision of
the applied integral approximation. Still, as the non-linear functions encountered
in most applications are not polynomial, we argue that it is relevant to ask what
the estimates represent when they are not exact. A description of the latter is
precisely what the MT gives; the family of functions contributing to the estimates.

Appendix A: UT covariance matrix estimates

The UT covariance matrix estimate (8) is on the form

2n
P, => widd], withd=[g(x) - y]. (74)
i=0
Lemma 1: The covariance matrix estimate calculated by the UT is guaranteed
to be positive-semidefinite when all weights are positive.
Proof: P, is positive-semidefinite if XTPyX > 0, and

2n
xTP,x = Zwi(dei)2 >0, if w; >0Vi (75)
=0

Lemma 2: When wy ¢ [0, 1], there are functions for which P, is not positive-
semidefinite.
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Proof: For example, there exists a function g : R” — R!, symmetric such that

a=g(x"),ic{l,...2n} (76)
b= g(x%). (77)

The UT weights sum to one and y is assumed zero,
wob + 2nw;a = 0, (78)

leading to the following two relations:

1—w —w
w; = 2n0éw, anda:bl_uo)o. (79)
The variance is negative if,
0’5 = wob? + 2nwa® < 0
2
o wph? 4 (1 — w2 g
Wob~ + ( wO) (1 — w0)2 <
e wo(l —wp)? + (1 — wo)wd < 0. (80)

The left hand side on the last row is a second order polynomial with roots wy = 0
and wy = 1, and a maximum in wp = 1/2. In other words:

wo ¢ [0,1] = o} < 0. (81)

Each diagonal element in the m X m covariance matrix, corresponding to ¢ :
R™ — R™, is calculated analogous to 0'5. The proof is therefore valid for any
dimensionality.

Appendix B: Properties of Hermite polynomials

The univariate Hermite polynomials are orthogonal under integration under the
Gaussian pdf, i.e., for z ~ N(0,1),

0 i#7J

B[ H, ) H (a)] = [ pla) (o) o) = {Z., T (52)

It follows that the expected value is zero for all but the 0" polynomial:

0 ,i#j
B{Hi(z)] = [ ple) Hila) Ho(a)do = {1 . (53
Further, we conclude that, for [z1,...,2,]7 ~ N(0,L,xy),
0 ,i#jUk#I

E[H;(xr)H;(x)] = /p(x)H,-(ack)Hj(xl)dx =<1 ,i=j=0Vk,1I, (84)

il i=ink=1
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which follows from (82), (83). A simple formula expressing the Hermite polyno-
mials in terms of a random variable v ~ N(0, 1) was given in [28]:

Hy(z) =E [(# +vvV-1)"]z] . (85)
The first six Hermite polynomials are

Hy(z) =1, Hy(z) = 2 — 1, Hy(z) = 2% — 62° + 3
Hy(z) =z, Hs(z) = 2° — 3, Hs(z) = 2° — 102% + 15z.

Scaling the Hermite polynomials to achieve orthogonality when o, # 1 is achieved
by dividing the argument with the standard deviation: H;(x/o,). Expressions for
multivariate Hermitian polynomials are described in [28], offering the possibility to
extend the framework to model also terms not represented by the univariate Her-

mite polynomials, i.e., products on the form y = [[;_, =, for k; € {0,1,2,... }.

Appendix C: The sigma-point selection scheme

The uncertainties in the estimate of the mean are described by equation (48). It
is zero if HPpHY is invertible and there exists a vector A such that

H ()X = w, (86)

with w = [1, 0,..., 0]7. As we shall see, the sigma-point selection scheme (4) -
(5) always attains the relation (86).

For z ~ N(0,1) the sigma-points are x = [0,v/3, —v/3] and the observation
matrix for Hermite polynomials up to order 5 is:

1 1 1

0 V3 -3
H'(x) = h(0), h(v3), h(-v3) = | ' ¢ 2 (87)

3 —6 —6

0 —6v3 6V3 |

For A = [Ag, A1, ...]7 to solve equation (86) we see that:

1: =1 (from row one)
2: N =X\, Vi,7#0 (from row two and six) (88)
3: X=4)\,i>0 (from row three and five)

When the dimensionality of x increases, no unique elements are added to H”.
When x ~ N (0,1,,x,):

h(0) h(v3) h(-v3) h(0)  h(0)
H'(x) = [h(0) h(0)  h(0) h(V3) h(-V3)
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The third requirement is therefore adjusted to suit the multidimensional case:
Ao = (6 — 2n)A;. Substituting \; with w;, these are exactly the criterions (4) -

(),

with wg = 1 — n/3. The observation matrix associated with the cubature

sigma-point selection scheme enjoys the same properties (for p < 3).
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Abstract

This paper is concerned with the problem of decision-makirgystems aiming
at assisting drivers in avoiding collisions with other raggrs and objects. Anim-
portant aspect of these systems is not only to assist therdviven needed, but also
not to disturb the driver with unnecessary interventiongrébabilistic framework
is presented for jointly evaluating the driver acceptanfcarointervention and the
necessity thereof to automatically avoid a collision. Theei’s acceptance is mod-
eled by assuming that drivers make predictions of the futajectory of road users
and assesses these trajectories to judge if a traffic situaicritical, or if a colli-
sion safely can be avoided with reasonable effort. The freonleis evaluated on a
few different types of collision scenarios, using both dimed and authentic sensor
measurements. The results show that it enables earlievémions, and hence in-
creased system benefit, especially in situations wheredlitfisult for the driver to
predict the future trajectory of an object.

1 Introduction

Road traffic accidents are one of the world’s largest pubdialtth problems. In the EU
alone, traffic accidents cause approximately 1.8 milligarias and 43,000 fatalities each
year [1]. To reduce these numbers, vehicle manufacturedesadoping systems that can
detect hazardous traffic situations and actively assist vsars in avoiding or mitigating
accidents. Systems that assist drivers in avoiding colisiare becoming increasingly
more common and are even being introduced as standard eznfimsome passenger
cars [2].

Collision avoidanceA) systems can generally be divided into three layers, as-illu
trated in Fig. 1. Measurements from on-board sensors, siee@elerometers, cameras
and radars, are processed in the first layer and then intedpne the second layer that
makes decisions on when and how to assist the driver. Thiklthier executes the deci-
sion, e.g. by automatically applying the brakes of the vehic

The measurements are associated with uncertainties amskauently, as are the ve-
hicle and object state estimates that are obtained in treoséusion layer [3]. A threat
assessment algorithm utilizes these estimates to makétioed of road user trajecto-
ries. Based on these predictions, an assessment is pedfaorestimate if and how a
potential accident can be prevented [4,5]. Both the stdimates and the predictions are
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Fig. 1. Collision avoidance systems can be divided intodlagers. This paper focuses on
decision-making, threat assessment and modeling of thertdriperception of the traffic
situation.

associated with uncertainties which need to be treatedepl§of6]. Moreover, to obtain

a high customer acceptance it is important that the systemaalcounts for the prefer-
ences of driver, such that the driver is not disturbed by ytséesn during normal driving

conditions [7, 8].

The aim ofcA systems is to assist drivers in avoiding collisions witheottoad users
and objects, without triggering interventions that thevelrimay consider as unnecessary.
Clearly, in order to autonomously avoid a collision, an imémtion must be triggered
while an accident is still avoidable. However, most caliis that can be avoided lma
systemspossiblycan also be avoided by a skilled driver. This implies thatehs no
way of telling whether the driver would have been able to hatite situation without the
system intervening. That is, there is no objective measwagadle for judging whether
an intervention was useful or whether the driver was digtdtty the system. It is only the
driver of the vehicle that can decide whether an interventias motivated or not. Hence,
when making decisions on when the system shall take acti@me tis always a trade-
off between making a successful intervention and the risttistiirbing the driver. This
highlights the need of incorporating a driver model in ttve system, such that vehicle
safety can be further improved by enabling earlier intetie@is in traffic situations that
the driver judges as critical.

This paper is concerned with decision-makingixmsystems in the presence of uncer-
tainties. Several probabilistic decision-making alduoris have previously been proposed,
e.g., [4,6,9-11]. In these approaches, the risk of a fakenais balanced with the con-
fidence that an autonomous intervention is actually neealesidid a collision. The term
“false alarm” is, in these cases, typically defined as ametgtion performed even though
there would not have been a collision. From the driver’s pofrview, however, a more
relevant definition would be an intervention performed thatdriver regards as unneces-
sary. In the present paper, we propose to simultaneouslyateahe driver acceptance of
an intervention and the necessity thereof, as is illusiratehe decision-making layer in

110



A PROBABILISTIC FRAMEWORK FOR DECISIONMAKING IN COLLISION AVOIDANCE SYSTEMS

Fig. 1. Decisions on when to assist the driver are made bpdekiBayesian approach to
estimate:

1. how a collision can be avoided by an intervention, and

2. the probability that the driver of the vehicle will considthe autonomous interven-
tion as motivated.

Interventions are initiated at an earlier stage when ittisieged that the driver acceptance
for interventions is high. In this way, the benefit@f systems can be increased without
disturbing the driver. Moreover, to reduce the risk of thevelr getting used to having
interventions, and thus may start relying too much on théesysinterventions are not
initiated until a significant action is needed to avoid aisa@h.

As an example, a previously presented threat assessmenitlaly is used as a base
to assess how a collision with a single road user can be alqidy. Similar to [6],
the proposed framework enables this assessment to berpedan a probabilistic way,
such that uncertainties in object state estimates andghi@ws are accounted for. In
order to take the driver’'s preferences into account, a ndsieer model is formulated
under a few basic assumptions regarding driver behavitioadih it should be noted that
the proposed framework also supports other driver modealsaawide variety of threat
assessment algorithms. Specifically, the proposed drieeleiris built on an assumption
that some of the driver’'s safety margins originate from theed's perceived uncertainty
in the current and future state of road users. To put it difidly, the driver's desired safety
margins are modeled in a similar way to the safety marginsthaystems or autonomous
vehicles may use in order to safely avoid accidents. Inodi model of the driver’'s
safety margins into &A system enables the system to perform earlier interveniions
situations where the future trajectories of road users iffieudt for the driver to predict,
e.g., when a wild animal enters the road.

The paper is organized as follows. Section 2 provides a m@uddiv for this work and
shows that a small change in the decision timing can haversfisint impact on the
benefit ofcA systems. Section 3 outlines the problem formulation, wdei®ection 4
describes the decision-making framework. Section 5 pteska modeling choices made
in the specific implementation used to evaluate the framlewothis paper. Section 6
describes, based on these modeling choices, how the deaisiking framework can be
realized. Results are presented in Section 7, where theagah is evaluated on a few
different types of collision scenarios, using both simedband authentic sensor measure-
ments. It is shown that intervention timing can be improvediting a driver model, e.g.,
by taking a human centric approach to probabilistic denisimking. Conclusions are
presented in Section 8.

2 Motivation
This section describes how the present paper is relatedetoopis research on driver

models incA systems and shows, through an example, that system bensfibiggly
affected by the timing of interventions.
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2.1 Redated literature

Goodrich and Boer [7] propose than systems should account for not only the capabil-
ities of the vehicle and the sensor system, but also the antprand preferences of the
driver. Benefit and cost functions are introduced to makeés@ets based on a trade-off
between the potential benefit of an intervention and the afodisturbing the driver with
an unnecessary intervention. Although the concept of usisg functions is appealing at
first glance, this concept has some potential drawbacksatiegbointed out, e.g., in [4].
For example, the cost of an unnecessary intervention majffimil to define and relate
to the benefit of avoiding a potential collision. Hence, tleddviour of theca system
may be hard to predict and tuning of the system could becowtdematic.

McCall and Trivedi [13] propose that the probability tha¢ tiriver intends to apply
the brakes shall be estimated and that interventions shatiribited if the driver intends
to brake. The intent to brake is predicted by using a camextartionitors the driver’s
pedal usage and a camera that monitors the driver’s fackoddh a foot camera may be
used to predict whether the driver intends to apply the lsaikas probably difficult to
predict whether the driver intends to steer. The driver nisy be drowsy or cognitively
distracted, in which case driver intent could be difficulipredict, even if the driver has
placed a foot on the brake pedal. Moreover, in traffic sitretiwhere the driver intends
to brake to avoid a severe collision, it is reasonable torasghat the driver may consider
a brake intervention as motivated and thus not disturbing.

Rather than solving the difficult problem of estimating thizeks’s intent or the cost
of disturbing the driver, the driver model presented in fhaper aims only to estimate
whether the driver will consider an intervention as mot¢atas mentioned in Section 1.
In this way, driver autonomy can be maintained by only allayvihe system to act when
it is estimated that the driver has a high acceptability fiteriventions.

2.2 |mpact

As mentioned in Section 1, one of the aims of the present papeformulate a decision-
making framework that can be used to improve the intervantiiming of CA systems.
What additional benefit is expected if the intervention tighis improved by a fraction of
a second? This question is investigated through an example.

Assume that a vehicle equipped witlca system is driving at an initial speeg, and
that automatic emergency braking is initiated with a timsngh that the speed is reduced
to ve before colliding with a stationary object. How much earliees the braking have
to be initiated in order to fully avoid a collision? In atla systems the deceleration will
eventually reach a constant valaend a collision is avoided if

ve
=54 1)
extra meters extra meters are available available to bhiaghost vehicle to a complete
stop. The time to travel this distance, before braking igated, is
At Ve
v9  2av

(2)
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Consequently, by applying the brakés seconds earlier, the required extra distance is
gained and the collision is avoided. The required timingngjeaA¢ as a function of the
initial velocity v is illustrated in Fig. 2.

For example, given the initial speeg = 15m/s, the reduced impact speed= 4m/s
(i.e., 54 km/h and 14 km/h) and that the vehicle is driven gnadiphalt ¢ = 10 m/s), it
is enough to braké\t ~ 0.05 s earlier in order to fully avoid an accident. To put this time
into perspective, we will compare this time with the totalenvention timing required
for avoiding a collision. Assume that the autonomous bratstesn has an initial delay
tq before braking is applied, and that it takes an additiomakt, before full braking
capacitya is reached. Furthermore, latrc be the time-to-collision given that the vehicle
speed is constant and braking is not applied. Then a callisidully avoided if braking
is initiated at

i t Vo
ZL/av0|d:t or o 3
e =ty oy @)

whereas the vehicle collides with an impact speed

ve = V2a vy At (4)

if the braking is delayed\t s. For a typicalca systemtq ~ 0.05 s andt, =~ 0.5 S,
which in the example above gives that a collision is fully idea if braking is initiated
at t¥4 = 1.05 s whereas the vehicle collides at = 4 m/s if braking is applied at
TR — qavold _ At ~1.00s.

Apparently, the required difference in timing to attain i@amce rather than mitigation
can be very small. The reason for this is that the requirethntie s to bring the host
vehicle to a complete stop from the reduced velogitis relatively short once a constant
deceleratioru has been reached, see (1). Consequently, theAitrietakes to travel the
short distances before braking is initiated is small and decreases witheiasing initial
speedvy, see (2). If the intervention timing can be improved just isaation of a second
there is a high impact on the benefit of the system.

3 Problem formulation

Let x,'; be a state vector representing the state, i.e., positidogitag etc., at discrete time-
instancet;, of a vehicle hosting @A system. Similarly, Ieic}C be a state vector describing
the state of all other objects of interest, e.g., other \tekior pedestrians in the vicinity of
the host vehicle. Given, noisy observations on these statlested up to the current time
tx, denotedY.;, an intervention decision rule for avoiding accidents withdisturbing
the driver is desired. This decision rule should take intasteration that the state vectors
themselves are are not known to the system, but rather only their posterior probability
density function (pdf)o(xQ,x}JYl:k) calculated by the sensor fusion system.
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Fig. 2: The graph shows how much earlier the intervention of aystem must be trig-
gered in order to fully avoid a collision instead of collidiat an impact velocity.. The
three curves show the required timing improveménfor three different crash velocities
ve = 20, 15, and10 km/h, top to bottom. Braking\t seconds earlier fully avoids a
collision with a stationary target by the smallest possibkrgin. The result is valid for
braking on dry asphalt and is invariant to system time delagsd brake system ramp-up
timest, within the range of mostA systems.

4 Probabilistic decision-making

This section describes a probabilistic decision-makiagnework, and aims at at answer-
ing the following questions:

1. How can the risk of disturbing the driver be modeled?

2. What decision strategy is suitable when trajectory ptemis of road users are
associated with uncertainties?

A robust decision rule in &A system must treat several sources of uncertainties.
Firstly, there is an inherent uncertainty in the stat%sandx}€ as they are observed us-
ing noisy and imperfect measurements. Secondly, to adsesknhger in a situation, the
system needs to make predictions regarding the unknownefutBoth of these uncer-
tainty sources, illustrated in Fig. 3, can be addressed Imgus probabilistic approach
to decision-making. As previously described in Section & propose to simultaneously
evaluate the driver acceptance of an intervention and tbesséy thereof. Furthermore,
we propose to do so in a probabilistic decision frameworksm@ring two sets of hy-
potheses. The first, capturing the driver acceptadcedr hypothesgs The second,
describing the necessity for tkoa system to initiate an autonomous intervention to avoid
an accidentdriticality hypotheses This latter hypothesis set is used to manage the risk
that the driver gets used to having interventions and herse start to rely on that the
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Host vehicle

Fig. 3: When making intervention decisions, the proposathéwork treats uncertainties
both in state estimates and in obstacle trajectories ovesdigtion horizon, as indicated
by the light grey area in front of the car. The vehicle hostihg cA system can be

represented by any type of automotive vehicle, e.g. a camptamycle, or a truck, as

illustrated in this scenario.

system will avoid all accidents. The two hypothesis setslareted

H3 : Driver does not accept an intervention (5)
#H¢ : Driver accepts an intervention

¢ : AnimmediatecA intervention is not needed ©6)
H$ : An immediatecA intervention is needed

where theca system only takes action if bot{ is selected oveHd andH is selected
over?{§. If the probability of these hypotheses can be calculateddban the information
available, P{HY|Y ..} and P{HS|Y ..}, the decision rule detailed in Appendix A can
be used to choose one hypothesis over the other, see (44)e following sections we
derive the framework needed to make these decisions.

4.1 Threat assessment

A vital component in a collision avoidance system is theighib detect and assess the
danger in the current traffic situation, i.¢hreat assessmentn the literature there are
many different approaches to do this and good examples céoubd in, e.g., [4,10, 12,
14-16].

We propose to assess the danger in a situation by calculatsey ofn. objective
physical measures, denotéd;, . .., a,,}, describing how difficult it is for a&A system
to avoid a collision with other objects. This could, e.g. tinee-to-collision TC) [6] or
the needed use of available tire-to-road friction in oraeavoid an accident [12]. For
the derivation of the framework we assume that there existsuch measures, denoted
a1-n., Which are described by the functions
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whereX| . . v = {x},x},,...,x}, v} is the future trajectory of all other objects be-
tween timek andk + N. Given an initial statec}, we assume thaX]_ ., . . can be
described using a known statistical model

XEH—I:IH—N = fC(XEw Wz) (8)

wherew?, is a noise process describing the uncertainty in the mofidneoobjects.
Using the expressions in (7), a threat is detected if

o > olm Vi=1...n¢ 9)

lim where{a!m}"<  are feature specific design parameters typically spegfgame crit-
ical limit of the measure. The clear advantage of this apgras that the design param-
eters can be related to physical properties, such as desgiestl reduction for a collision
mitigation system when evaluatingrc. Additionally, different features can set differ-
ent thresholds depending on timing and intrusiveness oitieevention, e.g., a warning
feature can have a lower threshold than a autonomous bréd<tgye.
Using (9), the criticality hypotheses introduced in (6) tendefined as
{ He U, o < olm

c ne lim (10)

Hl : ni:l a; >«
where?#$ is true if all physical measures are above there respediiastiolds. To get
a robust and conservative decision rule we propose to makpaate decision on each
measure and require all to be true for there to be a crititahson. As such, the fact that
one measure assess the situation as very critical hasdimifitect on the total assessment
of the situation. For example, if thea system needs to use all available friction to avoid
a collision by steering to the left, the situation is stiltm@sessed as critical if the system
can easily avoid an accident by autonomously braking arsdémring to the right.

4.2 Driver acceptance modeling

In order to evaluate driver acceptance of an interventiomprepose to model the proba-
bilities for?-tg and?—t‘lj as defined in (5) and use the decision rule (44) to determiretheh
an intervention is accepted or not. We argue that:

The driver has a high acceptance for interventiortafdriver perceivethat
the traffic situation indeed was critical when an intervemtivas initiated.

Similarly as for the general threat assessment discuss8ddtion 4.1, we assume that
the driver’s sense of criticality can be assessed by evatuatset of physical measures.
The driver uses her eyes and ears to make observationsiregtre current traffic sit-
uation. Based on these observations, the driver is asswrdrdw conclusions regarding
the current state of the host vehicle, dencﬁgdand all other vehicles, denoteg. Addi-
tionally, the driver is assumed to make predictions of thariistates of the observed ob-
jects. Lets denot&’ samples of this future trajectory 4§, v = {z}.2} . ,....,2z} v}
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Using these (stochastic) variables, we propose to modadrilier’s “threat assessment”
of the traffic situation usingq physical measures, denotgd_,,,, which are described as

Bi ég;-’(zg,zg,:kw) i=1...ng. (11)
The driver is assumed to deem a situation as critical if
5i>ﬁym Vi=1...ng. (12)

In this case, the se{tﬁz'-‘m }a, are driver specific parameters which may be tuned with
respect to a specific intervention type, e.g., a warning @armaargency brake intervention.
These parameters are typically connected to the driveigsysanargins, e.g., an aggressive
driver may be modeled using one set of values, whereas anaulriver is better modeled
using a different set. Using (12), the driver acceptancenthgses defined in (5) can be
expressed mathematically as

HE Ui, B < BT

HE > BT

The driver’s perception of the current and future traffioaiton is typically not known

to theca system. Instead, to be able to evaluate (11), we proposectprababilistic

driver models to capture the driver's uncertaintyzhandZ , . ; based on the driver's
observations. We assume these models can be written onrthe fo

(13)

zf) = WX, vi) (14)
zj, = K'(X, Vi) (15)
Z§<:+1:k+N = fd(Z}ng) (16)

where (14) and (15) model how the driver perceives the hosicle state and target
states, respectively, and (16) describes how the driveligisethat the states of the other
objects will evolve over time. Each model includes a noiseess, denoted", Vﬁz and
wg, capturing the driver’'s uncertainty in in the current t@ffituation and the future
trajectories of the other objects.

4.3 Decision-making

In order for thecA system to make a decision of an autonomous intervention regope
to make two separate decisions, both of which need to be Fustly, is a significant
intervention needed to autonomously avoid a collision (6% and will the driver accept
the intervention, see (13). However, to be able to evalddiggnd (13) deterministically,
the system needs to fully know the state of the host vehialesliss the current and future
state of all other vehicles and even the driver's perceptieneof. Instead, we propose to
use a probabilistic decision-framework incorporatingistizal models to describe system
uncertainties.

To use the decision methodology detailed in Appendix A, wedn® calculate the
probabilities of hypotheses (5) and (6) using the models wWeahave defined and the
observations that have been collected. We start by derthiegexpressions for deciding
whether an intervention is needed or not.
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Criticality decision

Using the decision rule (44), the event that the situatigndged as critical according to
thei measure can be written as the boolean expression,

N {PI’{O&Z‘ > Oélilm |Y1:k} > C}
TP <™ Yo T T
wherec! is a threshold for indicating how certain tioa system needs to be that there
actually is a threat according to ti#& measure. Note that, as an autonomous intervention
is only initiated if it is also assessed that the driver atsap intervention, the thresholds
in (17) could be tuned such that it requires only a small podita that «; > a'i‘m without
causing undesired interventions.

The probability expressions in (17) can be calculated as

7)

Pr{c; > ™ | Y14} =
E {I{gf(xg, X;g:k-',-N) > Oflz‘lm}|Y1:k:} (18)

whereZ{-} is an indicator which is one if the expression inside the ésas true and zero
otherwise. Note that (18) can be calculated using the matiodel (8) and the posterior
pdf, p(xQ,xHlek), from the tracking system. The probability that e measure is
below its limitis1 — Pr{a; > o/™ | Y.}, following the law of total probability.

Finally, the system decides wether the situation is ctititanot by evaluating alh.
measures using (17) and forming the joint event,

D = (1) Df. (19)
=1
The system deems that an imminent intervention is needé®Jfig true.

Driver acceptance decision

Similarly as when the A system assess the criticality of a situation, we proposecitein
the driver’s acceptance by evaluating themeasures defined in (11) according to (12).
Given the driver models (14) — (16), the driver’s decisioattiere is a threat according
to thei™ measure can then be modeled as

Pr{g; > pimxh, X!
D? é{ {5 > 5?im| rl];ka tlk} > C?} (20)
PeB; < B™IX7, X}

wherecgj is a threshold for indicating that the driver experiencesdituation as critical
with respect to theé!" measure. The probabilities in (20) can be calculated as

Pr{g; > 5iim|Xr11:k>Xt1;k} =
E [I {g?(z% ZZ;HN) > @Im} |XT:k7 thk] (21)
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where the expected value is found using the driver models<146).

Similarly, as for the threat assessment of thiesystem, the driver assesses the situa-
tion on a whole as critical only if the situation is criticalttvrespect to alhg measures,
that is

nq
Dy 2 (DY (22)
i=1

For theca system to be able to assess the driver acceptance, i.euat/gR2), it
needs to marginalize the sta&$,, andX!, from the expression using the observations,
Y .. Consequently, thea system makes the decision as

L, [PH{D4|Yik} _ g
2ot (gt miv ) )

where
Pr{ Dy Y1k} =E [Z{Da(X0y, X\0)} Y1t (24)

andéd is a threshold specifying how certain toa system needs to be that the driver
judges the situation as critical given its uncertaint)Xih & andXtL o

Autonomous intervention decision

In order for the system to make an autonomous interventionust judge that the driver
accepts the intervention and that the situation is critidalsuch, the decision to intervene
or not is given by

D £ Dy( ) De. (25)

In sum, this concludes the presentation of our proposedhpibidtic decision-making
framework treating both state and prediction uncertairttigmconsidering both the driver’s
acceptance of an interventioBy, and the criticality of the situation from thea system’s
perspectiveD,.

5 Modeding choices

In order to evaluate the probabilistic decision framewavk, need to make assumptions
and specific choices regarding the models introduced ind@qus section. In this sec-
tion, we present one such possible set of choices that weouseatuate the framework
in this paper. These choices have been made to illustrat¢hindramework has appeal-
ing properties even under simple modeling assumptionsghwlgiaves room for further
improvement on threat assessment and driver acceptancelingpdThe selected state
representation is given in Section 5.1, whereas Sectioprggents one possible choice

119



PAPER I

Center of motion

Fig. 4. State representation in a Cartesian coordinatermsysiThe radius of turrRRy is
defined as positive when the road user is turning to the left.

of threat assessment measutggsee (7)], an object prediction mod¢l [see (8)] and
criticality limits a'l-‘m [see (9)]. Additionally, Section 5.3 presents a model ofdheer’s
perceptionh”, it [see (14) — (15)], her object trajectory predictiofis[see (16)], threat
measures; [see (11)] and criticality limitg3!™ [see (12)].

5.1 Staterepresentation

We choose to have the same state representation for alltsh'xjez}f as well as for the
host vehiclexz, here represented by a generic state vector

Xp = (g yr Ur vg ck Ok (26)

In (26), (zx, yr) is the road user’s position in the ground-fixed Cartesiandioate sys-
tem, ¥, is the heading angley is the object’'s speed over ground, = 1/Ry is the
current curvature of the trajectory, wheRg, is the radius of turn, andy is the longi-
tudinal acceleration. The instantaneous center of mosigrerpendicular to the heading
angle at a fixed distanaéfrom the front end of an object of length and width1//, as
illustrated in Fig. 4. These three measures are assumeddeteeninistic and known.

It is assumed that the system’s uncertainty in host vehtalm,&l@ is negligible, i.e.,
the state is assumed to be fully known and independent otabessof the other objects.
Furthermore, it is assumed that the information regardiregother objects coming from
the sensor fusion system is described using a Gaussiartydesisiv (X}, P}).

5.2 Threat assessment

In the framework presented in Section 4, the threat assesstgorithmg; is required to
be able to estimate the threat measurgfor any host vehicle state,*; and any obstacle
trajectoryX? . L, that can be given by the path predictifip see (7) — (8). One such al-
gorithm is proposed in [12], where four threat measures sed to describe the criticality
of a traffic situation. These measures are denoted

a1—4 = {Oébrakea Qacceh Xleft, Oéright} (27)
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By B B By
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Fig. 5: The algorithm estimates how a collision with a singbgect can be avoided during
a limited prediction horizorkt : kK + N. Acceleration, steering left, braking and steering
right are considered as potential evasive manoeuvres.

which represent the fraction of the available tire-to-réraction that thecA system needs
to utilize to avoid a collision with a single object by eitheaking, accelerating or passing
the object by turning to the left or to the right, respeciveélhese options are illustrated
in Fig. 5. The criticality limits, see (9), are denoted

o™y = { ke e Qo> Ctright - (28)
Since even a short summary of the algorithm would cover séyages, the interested
reader is referred to [12] for a description on how to esterihé measures; 4.

If there are multiple objects present, the threat of eachaili$ evaluated separately.
Only the object with the highest threat level is kept for et analysis and decision-
making for interventions. Clearly, the threat of the siilaas a whole may be higher than
the highest threat of a single object, but this problem istrezted in [12]. However, it
shall be noted that the proposed decision-making frameigafplicable in multi-object
scenarios if a multiple object threat assessment algorightadailable. In the continuation
of this paper, as the threat assessment is performed indiepiy for each object, we
assume that there is only one objeckﬁp

The future trajectory of the other objects may be given by sunyable prediction
model f¢, as such, we propose to use a so-called bicycle model [£7], i.

t t
Cf)s(‘l’tk+i—1) ”tk+z'—1
Sln(‘l’k+i—1) Uk+i-1
U}f—l-i—l Ckti-1
.1 ot (29)
Ugti—1
&, I{i < Mg}
| 6L T{i < ME)
with the prediction horizord = 1... N. The time interval between any two samples is

given bydt and the curvature ranék and the longitudinal jerI(}z is modeled as a noise
process given by

t ot
Xpti = Xppio1 T

¢t N
gt | (0,Qc). (30)

k
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Driver model
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world fusion : perception prediction assessment | 1
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Fig. 6: Contrary to the driver, observing the world with hgeg, the driver model observes
the world through a sensor fusion system.

For simplicity, the time intervald/¢ and M, during which the curvature rate and the lon-
gitudinal jerk are applied, respectively, are assumed thriogvn. The predicted motion
given by (29) corresponds to the common maneuver of applyitanstant steering wheel
angle rate followed by a constant steering wheel angle [T8E longitudinal motion is
given by a constant jerk followed by a constant acceleratidmere decelerating objects
are predicted to eventually come to a complete stop ratlaer¢thanging direction.

5.3 Thedriver asa collision avoidance system

We argue that most drivers are aware that they have a limiiéitydo perceive and predict
the motion of road users, and that this is considered whemplg maneuvers. Conse-
quently, if we assume that a driver desires to avoid cotlisjadhe driver (consciously or
subconsciously) needs to

1. observe both stationary objects and other road users,
2. make predictions of road user trajectories, and
3. plan safe maneuvers considering these predictions.

These three objectives motivate that the driver can be reddes a collision avoidance
system, consisting of

1. atracking system (i.e., the driver’s eyes or perceptigingn byh" andh!, see (14)
- (15),

2. aprediction modefy, see (16), and
3. athreat assessment algoritl@fh see (11).

The driver observes the real world directly in order to judgeether a traffic situation
is critical or not. Similarly, the driver model observes therld through a sensor fusion
system, as illustrated in Fig. 6.
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Thedriver’s perception

Many studies claim that looming, i.e., when an observed aldjecomes increasingly
larger on the perceiver’s retina, is one of the most impdxtaas that drivers observe when
making decisions on when to brake [19, 20]. Drivers havetgidhculties to perceive
small looming changes [21,22] and may hence find it hard imest the acceleration of
an object.

Modeling of the human perception is not an easy task, but jginghattempts have
been made, e.g., by using machine vision to estimate theapildlp that a pedestrian
has been detected by the driver [23]. Many more studies adeaeto obtain a more
complete human perception model. To limit the scope of oatyais in Section 7, we
assume that drivers only have difficulties in perceiving lthvegitudinal acceleration of
other road users, whereas position, size and velocity astsrare accurate. This basic
assumption is partly supported by [24], which shows thatd&uperception of an object’s
velocity is much more accurate than the perception of itelacation. To conclude, the
driver's perception, see (14)- (15), is modeled as

Zk = hh(Xl k7vk) = XIE (31)
z), = KX\, Vi) =X}, + v}, (32)
vi=100000ug", va~ N(0,02). (33)

Thedriver’s path prediction

The driver’s predictionfy of an object’s future trajectorz}ﬂk L See (16), is given by
the same prediction model the system use, see (29),2}yitts input instead oa‘:}g. For
simplicity, the prediction uncertainty is assumed to avége solely for the driver's un-
certainty in the object’s acceleration. Hence, the prooesse iSWg = 0 and the time
intervals in (29) are set td/¢ = Mg = 0.

Thedriver'sthreat assessment

Since the driver is modeled asca system, the driver's threat assessment is given by
g;-’ = g7, i.e., the same algorithm that was used for estimating tfeathmeasures; can
now be used for estimating the driver’s threat measures

51—4 = {Bbrakey Baccela /Bleft, /Bright}- (34)

The only difference is that the input to the driver’s threeﬂ;eassmer@? is given by the
driver's observationg! and predictionsZ{ , , . The driver's criticality limits (12) are
denoted

I|m lim I|m I|m I|m
1 4—{ﬁbrakev acceb Ieft> rlght} (35)

Driver acceptability for interventions

To summarize,
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An intervention is justified if the drivemodeled as &A systemjudges that
the traffic situation is critical with respect to all threaeasures3;_4 at the
time £ when an intervention is triggered, see (20).

In case the driver is distracted, we assume that once anémion is triggered, the driver
will shortly observe the threat and thus be able to judge kdrethe intervention was
motivated or not.

6 Implementation

In this section, the expressions needed to implement thisideanaking framework pre-
sented in Section 4, using the modeling choices and assaumsgtitroduced in Section 5,
are derived.

6.1 Probability approximations

The probabilistic decision-making framework presente8eation 4 basically consists of
evaluating probability ratios. These calculations ineadolving integrals (calculating the
expectations in (18), (21) and (24)) which rarely have aiedy solutions, which is also
the case for the nonlinear models used in this paper. Insteagsort to approximative
solutions.

To arrive at a computationally tractable solution, we ps#t use a grid of determin-
istically chosen sample (grid) points with associated Wisido approximate the integral
as a weighted sum of evaluation. That is, the probabilitynofeentE which is dependent
on a stochastic variable is approximated as

L
Pr{e} = EZ{Ex)}] = ) wZ{E(xW)} (36)
i=1

where{x(") 1 | are the deterministically chosen sample points@andx p(x®). As —
according to the modeling choices and assumptions we méekecition 5 — there is only
uncertainty regarding}g, wy andv}C we only need to choose sample points to evaluate in
these dimensions. We evaluate the criticality and driveeptance decision separately.

6.2 Criticality decision

The criticality decision is governed by event probabi$iten the form of (18). To approx-
imate these using the grid method we construct an augmetatieck = [(x!)7 (w$)T]7

which is distributed as
ot t
~t ~ Xk Pk 0
XJ, N([O]’[O Qc}) (37)

From (37),L = 49 grid points are selected as the union of three sigma poisigssterated
using the Unscented transform with= {0, 1 —m, 1 — %}, respectively, wheren is
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the length ofik. The interpretation ok is explained e.g. in [25]. Lets denote this grid
point set as

{wg ’ Xt ) }] 1 (38)

wherew* o p(x;”) as defined by (37). Each grid point in (38) is then propagated

through the motion model (29) to form the transformed grimpset{w XZ(,QFN L
The sought probabilities can now be approximated as

PHEY 11} = EIZ{E(x}, Xipn) HY 1:4]
L

Z Wi T{E (<!, X ) (39)

for the eventst = {gf(x}, X}, , v) > o™} wherei € [1,4].

6.3 Driver acceptance decision

The evaluation of the driver acceptance is performed in ti@pssas described by (20)
and (23). We start by evaluating the driver's sense of alitic as described by (20) by
finding solutions to probabilities on the form of (21).

For a givenxz and x}ﬂ, these probabilities are easily approximated using the gri
method. The proposed driver model, defined in (31) - (32putdies that the driver
only has added uncertainty regarding the longitudinal lacagon of the other object. To
account for this added uncertainty/ = 3 grid points inv, ~ A(0,02) are chosen in
the same manner as the Unscented TransformAfwctJn2 Lets donate this grid point set,

{wf, oL, (40)

wherew; o p(vff)). From (40), grid points representing the uncertainty indheer’s
perceptionz;, are obtained by appending these grid pointsit@ccording to (32) as

{wl ’ ht(xk> Vk(l)) l]‘/jlv (41)

Propagating the points in (41) through the prediction mdaa€¢R9) yields a transformed
grid point set{wlz,zz:(,?JrN =1, from which the probabilities on the form of (21) can
be approximated in the same manner as (36) and the decisi@d)rand (22) can be
evaluated.

For the CA system to assess the driver's acceptance of amént®n, the system’s
uncertainty inx§€ needs to be accounted for. Using the method explained atfwvdeci-
sion in (22) can be evaluated for a givef. Again, choosing a set df = 37 grid points
inx! ~ N(x!,P!) using the same procedure used to generate'(38)e probabili-
ties on the form of (24) can now be approximated by evaluatiegdriver acceptance as
described above by inserting each grid poinkjninto (41).

LIn practice, these grid points are chosen as a sub-set ofitheaints in (38) where thev$ dimension
is excluded
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7 Results

In this section, the decision-making framework is appliethie collision scenarios illus-
trated in Fig. 7, using the grid based implementation methd&kction 6 and the param-
eter setting in Table 1. In order to find a more suitable seleabf the driver’'s threat
thresholdss!™, it is suggested that extensive testing both in field opematitests and on
test tracks should be conducted, but such studies are ol aicbpe for the present pa-
per. In addition, when estimating how difficult it is for thewekr to steer or brake to avoid
a collision, it is assumed that the lateral jerk and the lmlnal jerk does not exceed
+10 m/s® and+15 m/s?, respectively.

In the examples, it is assumed that ttwe system is equipped with actuators only for
automatic braking, whereas steering or acceleration ¢ammperformed automatically.
This is indicated by the parameter values of the threat simff", e.g.,alm = 0 in
Table 1. The light grey area in Figs. 8-10 indicate when ibis liate for the system
to prevent a collision by braking. In the graphs, it is asstirtiee brake system has a
capacity of—10 m/s’, a maximum deceleration rate 620 m/s* and an initial time delay

of tg = 0.05s.

(-
©

>
i |

[

Fig. 7: Collision scenarios with a lead vehicle, a playingd;ha trash can and a turning
vehicle. The arrows in the rear end collision scenariofitate scenarios with and without

an evasive maneuver by the host vehicle (bottom).

7.1 Collision scenarioson atest track

Results for an authentic rear-end collision scenario aesgmted in Fig. 8. For safety
reasons, the lead vehicle is represented by a soft inflatabi@x1.7 m) which is attached
to a trolley driven by a wire system at 50 km/h. The state okthfecar is estimated using
a differential GPS system, as described in [26]. Measuremeise is added to obtain
measurements representative of radar and camera-baset fesion system, selé}g in
Table 1. In afirst test, the driver of the host vehicle appneadhe lead vehicle at 80 km/h
and performs a late evasive steering maneuver. Immediptedy to this maneuver it
can be seen that the probability that the driver considerdrtiffic situation as critical
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Table 1: Parameter setting

M smis ol omig ol omig ol 0m/s

Blim o 7 m/s el TMIST B Tm/s gim T mis?
& 9 g 025 & 9 o2 4m¥s!
5t 0.05s N 40 MS 20 MS 20

Host vehicle Lh 5m Wh 2m dn  3.9m
Lead vehicle Ly 3m Wy 1.7Tm  d; 2m

Playing child Ly 06m Wy 06m d 0.3m
Trash can Lt 0.6m W; 0.6m d; 0.3m
Turning vehicle Ly 5m Wi 2m dy 2.5m

P}, = diag(0.12 0.12 (143;)” 0.12 (0.01)* 12
Qc = diag(0.005 0.5?)

increases. However, the probability decreases as sooreakitker initiates an evasive
steering maneuver.

In a second test, the host vehicle drives straight into taé {ehicle at 80 km/h with-
out braking or steering. The results in Fig. 8 show thatdhesystem can prevent an
accident without disturbing the driver with unnecessamkhirg, given the parameter set-
ting in Table 1.

7.2 Simulated collision scenarios

Figure 9 depicts simulated scenarios where the driver isoagping either a playing
child, or a trash can, at 50 km/h. Both objects are initialhgifioned directly in the host
vehicle’s path and the child is standing still. The uncettain the state estimate is given

by the covariance matriR! in Table 1. The driver is assumed to have accurate estimates
of the current position of both objects, and knows that thstircan will remain stationary.

In this example, it is assumed that the child only can run zamkforth across the road,
where the driver’s prediction of child’s future speed is bded to the intervalt4 m/s.

The results clearly show that the estimated driver acceptéor interventions is higher
when approaching the child, as compared to when approatiéngash can.

7.3 Caoallision scenario using real radar data

In Fig. 10, the evaluation is performed for an intersectiotision scenario using a radar-
based sensor fusion system. In order to obtain realistisarements, a real target vehicle
was used. The state estimat&s P! in the scenario displayed in Fig. 10 are provided by a
tracker [27], using a further developed version of the ragsuisor model presented in [3].
The state of the host vehicle was then simulated to drive aglaeh speed (50 km/h)
than the actual speed, such that a collision situation waated without endangering
the drivers. The results indicate that it is realistic that systems can be designed to
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Fig. 8: Rear-end collision scenario with (top) and withdabtfom) an evasive steering
manoeuvre. The graphs show the probability that the drivitaacept a brake interven-
tion, P{ Dy [Y 1.1} (solid), and the probability that the situation is critigéith respect to
the ca system, P§D. |Y 1.} (dashed). The dotted line shows the lateral acceleration (i
[9]) of the host vehicle. The star marks the timie=(2 s) when the vehicles collide if no
evasive action is taken. At 1.8 s (top), PfD¢ | Y., } rises because the host vehicle
passes close to the lead vehicle while turning to the right.
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Fig. 9: The probability that the driver will accept a brakéeivention, PfDy |Y 1.}
(solid), when approaching a trash can (top) or a playingdctibttom) at 50 km/h. The
star marks the timet (= 2 s) when a collision occurs if no evasive action is taken. The
dashed line shows the probability that immediate brakimgeded, RrD¢ |[Y 1.5 }. When
approaching the child both Ff)d |Y1.x} and P{D¢|Y1.,} rise above the decision thresh-
olds ¢} andé (dashed, thin) while a collision is avoidable and thus, ¢taesystem can
use automatic braking to prevent a collision without disitag the driver.
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autonomously avoid, or at least mitigate, accidents indbimmon type of accident sce-
nario without disturbing the driver with unnecessary bngkiA differential GPS system
is used as reference to estimate when a brake interventitomger can be used to avoid
a collision (light grey area).

I — |

0 0.5 1 15 2

Fig. 10: The probability that the driver accepts an intetien P{Dq [Y1.;,} (solid), and
the probability that braking is needed,{Px. |Y1.x} (dashed), using data collected by
a radar based sensor fusion system. The host vehicle (Hoigcapproaching a turning
vehicle (top). The star marks the timex2 s) when a collision occurs if no evasive action
is taken.

8 Conclusions

In this paper, we presented a probabilistic framework faigslen-making incA systems.
We introduced a driver acceptance model for system int¢itvesi and showed that the
use of this model has several appealing properties. Spabifithe driver model enables
the system to perform earlier interventions in situatiorsere the future trajectories of
other road users are difficult for the driver to predict. Morer, the proposed framework
formally handles both measurement and prediction unceieai

Appendix A: Bayesian decision-making

In this section we summarize the basic bayesian decisidangaheory used in this pa-
per. More details can be found in good textbooks on the stlgag., [28].

Let there be two hypothese®{, and ;. Given some observations, we wish to
make a decision regarding which hypothesis is true.ol;&te the decision that hypothesis
H,; is the correct one and suppose we can express aJgss L(a;|H;) for making the
decisione; given that the true state ;. The risk R(«;|y) is defined as the expected
loss associated with a particular decision,

R(eily) = > XijPriHly}. (42)
7=0,1

The minimum risk is achieved by choosiffy over#, if R(ai1ly) < R(agly), i.e. if

p(y[H1) _ (Ao — Aoo) Pr{Ho}
p(yHo) = (Mo1— A1) Pr{#Hi}

(43)
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This is equivalent to evaluating the well-known likelihooatio. It may be convenient
to evaluate the posterior probabilities rather than thelililood, e.gin a patrticle filter
implementation. Applying Bayes formula to the left handesad equation (43) gives the
equivalent rule
Pr{Hily} " Ao — oo _
Pr{Holy} # do1— A1

The above relation suggests to choGge over H, if the ratio Pr{H|y}/Pr{Holy}
exceeds a threshotd

(44)
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Abstract

This paper concerns the problem of vehicle tracking when multiple radar re-
flection centers could be resolved on each vehicle. For this extended target
tracking problem we propose a radar sensor model, capable of describing such
measurements, incorporating sensor resolution. Furthermore, we introduce
approximations to handle the inherently complex data association problem.
The evaluation in terms of describing measured data and resulting tracking
performance shows that the model effectively exploits the information in mul-
tiple vehicle detections.

1 Introduction

Advanced automotive active safety systems often use sensors, such as radar and
camera, to gather observations on the traffic environment around the vehicle.
Through a tracking framework, these observations are refined to estimates of, e.g.,
position of other vehicles, pedestrians and the road. Based on the estimates, dan-
gerous situations can be detected and decisions of appropriate actions are taken.
For example, the system may warn the driver of an impending collision or intervene
by braking or steering in order to avoid the collision or mitigate its consequences.
For the active safety system to be able to make effective decisions, it is of great im-
portance that the provided estimates meet the requirements in terms of accuracy
and detail. To achieve this with a cost efficient system, the tracking framework
needs to have an accurate description of the statistical properties of the sensor
observations [1].

Many of the active safety systems on the market today are solely or partly radar
based. Except from being robust against different weather conditions, the radar
offers accurate measurements of range and range rate to objects. Furthermore,
the radar has a long history of use in, e.g., airborne applications, and there exists
a vast amount of literature on how to design a tracking system based on radar
observations, see [2,3] and the references therein. There are, however, important
differences between target tracking in airborne applications and vehicle tracking for
active safety systems. In airborne radar applications the aim is to track aircrafts
at distances of tens of kilometers, whereas in automotive active safety systems the
distances to the objects of interest are in the order of tens of meters. At such short
distances, the radar resolution is typically finer than the physical extent of objects.
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Where, in airborne radar applications, the targets behave as point sources [2,3], in
automotive scenarios the radar is typically capable of detecting multiple features
(reflection centers) on the same object. In the radar literature this type of target
is referred to as an extended or distributed object/target [4].

Receiving multiple detections from a vehicle offers a possibility to extract de-
tailed information about the object. For example, the spread of the individual
detections gives information regarding the physical extent of the object as well
as its orientation [1]. However, multiple measurements per object also introduce
some considerable difficulties compared to the point source case. For one, the al-
gorithms and models developed using the point source assumption are no longer
valid. Additionally, an accurate sensor model is more complex as the detections
are spread over large parts of the object and not accurately described as originat-
ing from a single point. The sensor model also needs to consider the possibility
that a target can generate multiple detections in contrast to at most one in the
point source case. The uncertainty in the number of target detections makes the
data association problem more intricate. The aim of this paper is to develop a
computationally tractable sensor model that accurately describes the radar detec-
tions from this type of object (vehicles). The ultimate purpose being to improve
the tracking of vehicles for automotive active safety systems.

Although the classical point source assumption does not hold for extended ob-
jects, little attention has been given to find a more suitable tracking formulation.
A good overview of different contributions up to 2004 can be found in [5], cover-
ing extended object tracking and the closely related problem of tracking groups
of targets. More recent suggestions include, [6,7] where a formal Bayesian track-
ing framework is proposed for estimating the centroid of the extended targets (or
target groups). The object extension is modelled as an ellipse and it is assumed
that multiple measurements can originate from each object. The elliptical shape
of each object is described using a positive definite random matrix. By including
these matrices in the state vector, both the target centroid and object extension
are jointly estimated from data. Although the proposed approach shows promising
results which are robust against object shape, it is difficult to exploit object spe-
cific shape information using this framework, when such information is available.
Gilholm et. al. [8] propose a particle filter solution where the detections from the
extended object are modelled by a non-homogenous Poisson point process with a
known but arbitrary spatial intensity. Using this description, it is possible to in-
clude information about the shape of the objects, but due to the limited flexibility
of the Poisson distribution, it is often impossible to incorporate specific knowledge
regarding expected number of target returns. The probabilistic multi-hypothesis
tracker (PMHT) [9] relaxes the point source criterion by modeling the measure-
ment to target associations as stochastic and independent, and has been applied
to extended object tracking in, e.g., [10]. Although the PMHT does not directly
provide covariance estimates, the method is useful if the number of detections
originating from each target cannot be accurately modeled.

For the problem of tracking vehicles using radar observations, there are reasons
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to believe that both the spatial distribution and the number of detections from
a vehicle can be accurately modelled. For example, the study in [11] indicates
that radar return from vehicles mainly originate from a number of specifically
strong reflection centers (point sources), such as the headlamps and the wheel
housings, see Fig. 3. Furthermore, if reflection centers are located within a resolu-
tion cell, the echoes from these reflectors are merged into a single joint detection
(cluster detection). In [12-15], a model that captures the general behavior of a
detection from a cluster including two sources/targets is used in conjunction with
a description of the probability that the two targets are unresolved. Using this
probabilistic description, the data association hypotheses and measurement model
are expanded to also consider a merged detection from the two targets. A similar
approach is proposed in [16], using a Gaussian approximation of the two-source
cluster detection density originally derived in [17]. Although the solutions referred
to here consider the influence of merged measurements, they are limited to handle
only two sources, and the result is not easily expanded to the more general case
of merging multiple sources.

Inspired by the findings in [11], we propose a radar sensor model describing
the spatial distribution of vehicle detections as well as a probabilistic description
over the number of vehicle detections. The proposed model also considers the
effects of merging a general number of target reflections (limited resolution). As
such, we are able to both incorporate shape information and expected number of
vehicle detections, as well as describe the statistical behavior of the measurements.
More specifically, the model family describes the radar reflections from a vehicle as
originating from a set of reflection centers and, depending on the resolution of the
sensor, reflectors likely to render a merged detection are grouped. The number of
detections from each group is modelled as well as the distribution of the resulting
detections. By associating measurements to reflector groups, instead of individual
reflectors or reflector clusters, the number of association hypotheses is significantly
reduced.

Furthermore, we derive a vehicle tracking framework based on our proposed
sensor model. The framework is based on a linear minimum mean square error
(LMMSE) estimator where the needed densities are estimated using the unscented
transform (UT) [18]. A generalized version of the joint probabilistic data asso-
ciation (JPDA) technique [2,19] is used to handle data association uncertainties.
The proposed model is compared to the commonly used point source model in
two aspects: model likelihood and tracking performance. The evaluation clearly
indicates that the proposed model has significant benefits in both aspects.

The paper is organized as follows. In Section 2 the tracking problem is for-
malized and the necessary notation is introduced. Section 3 presents the radar
sensor model, and in Section 4 we show how this model can be used in a tracking
framework. Finally, Section 5 presents evaluation results of our proposed sensor
model and the derived tracking framework.
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2 Problem formulation

This article studies the problem of tracking vehicles with known physical dimen-
sions, using multiple radars mounted on the host vehicle. The objective is twofold.
First, to derive a family of detailed statistical models describing the radar returns
from the vehicles. Second, to develop a vehicle tracking framework based on this
model with the ultimate aim to improve the estimates of, i.e., the position and the
velocity of the vehicles.

This section is partitioned as follows. The state parameters to be estimated
are defined in Section 2.1 together with a model of how they evolve over time. Sec-
tion 2.2 describes the necessary background properties of the radar observations,
and Section 2.3 discusses in more detail the needed properties of the radar sensor
model and the tracking framework for our specific problem.

2.1 State parametrization

All the parameters of interest are collected in the discrete time state vector zy,
where k is the discrete time index corresponding to continues time instance tj.
The state vector contains both the states of the surrounding vehicles and the host
vehicle. Each vehicle, [, is described by the sub-state vector

T
! R R
Zp = [ ok Syl Uk Vi G Uk | s (1)

where (Ci s Cék) is the position of vehicle [ expressed in a global Cartesian coordi-
nate system. As illustrated in Fig. 1, \I’f,C is the heading angle and vff is the speed
in the heading direction of vehicle [ and ’[)}f is its time derivative. The variable cﬁc
represents the curvature of the current path of the I vehicle. The state vectors
of all vehicles are stacked to form the complete state vector

w=[() " @ (@) 2

where zﬁ is the host vehicle state and N, is the number of surrounding vehicles.
The state vector evolves over time as stipulated by the motion model,

2z =1 (Zh—1,€4-1) , (3)

where f;,_1(-) is a non-linear function and ey is a noise process included to reflect
both model uncertainties and the dynamics of the vehicles. Assuming that the ve-
hicles move independently, we can consider the motion of each vehicle separately.
To describe the motion of a vehicle we use a slightly modified version of the simpli-
fied bicycle model derived in [20], where the difference lies in the use of curvature
instead of yaw-rate, ¥y, = vjC.
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Figure 1: Coordinate system and state parametrization used in this paper.

2.2 Radar observations

For each discrete time k a radar provides M detections, where M} detections
originate from the tracked vehicles and M are clutter detections. All detections
are stored in the unordered (unlabeled) measurement vector,

v 6" ()] @

Each detection is defined as

T
1, (5)
where r,i is related to the range, 7'“,2; to the range rate, and (152 to the angle to the
object that gave rise to the detection relative to the sensor.

Let us define an ordered collection of the detections originating from the tracked
vehicles as y!, and a collection of those originating from clutter as y§. These vectors
are related to the measurement vector, yx, through an unknown permutation
matrix, Héwk, with dimension [MjxMjg],

Yi = [Tk 7k 0k

C
yi = (T @ I3.) [ Yk } : (6)
Yk
where ® is the Kronecker product and Isy3 is a three-by-three identity matrix.
The purpose of Hé\/[k is to describe mathematically that the measurement origin
(data association) is unknown. In our model, all permutation matrices Hi‘,/[’ﬂ are
equally likely, which means that the order of the detections in yj is completely
unknown (random). The treatment of this uncertainty is an important part in the
derivation of the tracking framework and is further detailed in Section 4. However,
let us first define y¢ and y! in more detail.
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Clutter detections

It is commonly assumed, see e.g. [2], that y¢, is described by a homogenous Poisson
process in the observation space according to

Yi.i ~ Uniform(V), Mg ~ Poisson(uV), (7)

where yj ; is the ith clutter measurement, p is the clutter intensity and V is the
volume of the observation space. In addition, we assume that the clutter detections
are independent from each other and the target detections.

Target detections

Given zp, we assume it is possible to partition the visible reflections centers into
N well separated groups, where each group can render multiple detections. Fur-
thermore, we assume that the number of target detections for group n, M ,’; > has
a probability mass function 7

Pr{M; .| z}. (8)

that we can model. Conditioned on Mli n» the detections from group n can be
described using a sensor model

YZ n— hz (Zk’wkv Mli,n) ) (9)

)

where wy, is a measurement noise process capturing both model uncertainties and
measurement disturbances. From (9) we can generate

T
T T T
vi= | 0h)" )" (i) | (10)
and the total number of target detections is given by

Nil
M =>" M, (11)

n=1

2.3 Objectives

The main objective of this paper is to improve tracking performance by accurately
modeling the radar response from the vehicles. To accomplish this, we need to
derive an accurate model of the radar detections which is also suitable to be used
in a tracking framework. In this section we discuss the objectives of the radar
sensor model and the vehicle tracking framework separately.
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Sensor model

The aim of the sensor model is to describe the statistical behavior of the measure-
ments, given z;. The behavior of the clutter detections is readily given by (7), but
modelling the target detections (8) — (9) is more complicated. It is crucial that
these models capture the behavior of the vehicle detections from different aspect
angles and at all ranges [21]. A vehicle radar response model, i.e., expressions for
(8) — (9), that considers these aspects is derived in Section 3.

Tracking framework

Assuming that the number of vehicles is known, the objective of the tracking
filter is to recursively calculate the posterior probability density function (pdf)
P (zk‘Yk), where Y, £ {y1,y2,...,yr} contains all the available observations up
to and including time k. From p (zk‘Yk), it is then possible to compute estimates
and uncertainty measures of z;. The calculation of p (zk‘Yk) is feasible if we have
knowledge regarding two specific models [2], namely the motion model, defined in
(3) and the sensor model, defined by (7) - (9).

To arrive at a computationally tractable solution, we restrict our tracking filter
to an Immse estimator of z;. As such, only the first two moments of p (zk‘Yk)
need to be calculated, i.e.,

Zp = B {2 Yi} . Py = Cov {z[ Yy} (12)

However, due to non-linearities in both the process and measurement model it
is difficult to find an exact solution to (12). Instead, filters which approximate
these moments are commonly used, e.g., the extended Kalman filter (EKF) [22]
or the unscented Kalman filter (UKF) [18]. The latter is derived for the proposed
sensor model in Section 4, treating the uncertainty in measurement origin (data
association) modelled by the unknown permutation matrix H%’C.

3 Radar sensor model

Our proposed sensor model is based on the findings presented in [11], where the
radar response from vehicles is modeled as originating from reflection centers (fea-
tures) on the vehicles more likely to reflect the incident radar wave. Due to limita-
tions in radar signal bandwidth, pulse duration and antenna aperture size, radar
sensors are not capable of resolving reflection centers that are too closely spaced.
As such, not all of these reflectors are always resolvable and the response from
some might merge to form a joint detection. In [11], a mapping is proposed for
how to transform the vehicle states to a set of reflector positions in observation
space. Additionally, a scheme is described for how to form clusters of those re-
flection centers that are unresolvable and how to model detections from these
clusters. As this model was developed for simulation purposes, rather than for
use in a tracking system, it neglects important probabilistic descriptions needed in
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the tracking context. For example, the model requires the received signal strength
of each individual reflection center to be known. Moreover, conditioned on the
signal strength and zx, both which reflectors are clustered and the positions of
the resulting clusters are deterministic. In the tracking context, it is not realistic
that the signal strength is known a-priori and consequently, we do not know which
reflectors are clustered or the position of the resulting detections from the vehicle.

In this section, we derive a radar sensor model using a stochastic description
of the received signal amplitude from each reflector center, arriving at a model
more suitable in a tracking framework. The derivation is conducted in four steps
which are shown in Fig. 2 and summarized as follows. First, based on the model
in [11], the positions of the reflection centers of the vehicles in z; are mapped to the
observation space. Second, we form all possible clusters of reflection centers which
may generate merged detections. Due to uncertainty regarding which reflectors are
resolved and which are not, the resulting probability density of reflector cluster
could be highly multi-modal. Third, to alleviate this multi-modality, we group
reflectors which may belong to the same cluster, and approximate the cluster
density by marginalizing over all cluster possibilities. The result is a description of
reflector groups capable of generating multiple measurements. Finally, depending
on the probability of detecting the possible clusters in each group, we find an
expression for (8). Assuming that the measurement noise is additive and Gaussian,
we now write (9) on the form

Mt
Yin = Gn (20s My ,) + Wi, Wi ~ N <0’ Wi > (13)
where
My,
Wi = D g, © Wi (14)

The function G, (-) maps z; to the target measurement vector for group n, given
knowledge regarding the number of measurements generated by the group, M} . .
Note that although we condition on z; and the number of detections from the
group, Gy (zg, M} ) is still stochastic due to uncertainty in which reflectors that
are clustered (We’call this clustering uncertainty).

The following sections present the derivation of the distribution of G, (zx, M lin)
and M ,in using the steps described above. To simplify notation, the time depen-
dence is omitted and all stochastic variables are conditioned on z, even though it
is not explicitly stated.

3.1 Reflection center model

According to the model in [11], the studied radar only receives reflections from a
discrete set of points on a vehicle, so called reflection centers. The different reflec-
tion centers are divided into two categories: point reflectors and plane reflectors.
Fig. 3 displays the configuration of point reflectors suggested in [11], where the
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Figure 2: Schematic view of the measurement generation process in our proposed
radar sensor model. The notation used in the figure is introduced in subsequent
sections.

reflectors are placed in the vehicle wheel houses and corners. Associated with each
reflector is a visibility region, indicated by cones in Fig. 3; a reflector can only
render a reflection if the sensor is within this region. The plane reflectors are mod-
elled as circle sectors typically describing the sides of the vehicle. Furthermore, it
is assumed that the radar only can receive a reflection from these plane reflector
if there is a point on the surface which normal points directly towards the sensor.
The reflecting point on a surface therefore depends on the position of the sensor,
and may change over time as the vehicle moves relative to the sensor platform.

Figure 3: Vehicle reflection centers with associated visibility regions.

Given the vehicles’ positions and physical dimensions, each reflector ¢ has a
deterministic position in observation space, denoted r; = [r;, 7, ¢;]7 and expected
signal power o;, expressed as

()" 0.]" = Ri(2), (15)

where the mapping R is defined in Appendix A. Although the physical dimensions
of the observed objects are assumed known in this paper, in a sensor data fusion
system, information regarding object extent could be provided by, e.g., a vision
sensor and/or vehicle-to-vehicle communication.

In addition to the position of the reflector in observation space, it is also im-
portant to model the signal amplitude, A;, of the received reflection. This is an
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important model feature as the probability of detecting a reflector depends on the
strength of the received echo, and the position of a merged detection depends on
the relative amplitude of the included echoes. The amplitude model used in [11] is
a deterministic function of the radar antenna pattern as well as the position and
visibility of the reflectors. We instead propose to use a Swerling I model [23] for
the amplitude of the reflected signal, where the reflection amplitudes are modeled
as fluctuating according to the Rayleigh distribution,

A; ~ Rayleigh(o;). (16)

As is shown in the coming section, using a stochastic amplitude model instead
of a deterministic enables us to describe uncertainty regarding number of vehicle
detections as well as their positions.

3.2 Cluster model

In Section 3.1 we presented a model for the vehicle response from a radar with

infinite resolution through the mapping z o However, a sensor with limited
resolution cannot resolve too closely spaced reflectors. To model this behavior, a
resolution cell is used

Ag=[A, A AT (17)

and two radar responses which are not separated more than Ag, in all three dimen-
sions, yield a merged detection. Unfortunately, the situation is more complicated
for multiple reflectors, as unresolved clusters can be formed in several ways.

Cluster formation

In [11], the following algorithm is used to map reflectors into clusters, an operation

here denotes as r < cc:
i) Find the reflector with the strongest amplitude, A;.

ii) Form a cluster by identifying the reflectors which are within the resolution
cell (centered at r;).

iii) Repeat i) and ¢i) with the remaining reflectors, until no reflectors are left.

The clustering algorithm above, can be used to divide the set of all visible reflectors
into clusters and we refer to a description of all resulting clusters as a cluster
constellation. However, it is important to note that since the amplitudes of the
reflections are stochastic (in contrast to [11]), several different cluster constellations
may be possible, even for a given z. For notation, we construct a list of all
possible constellations, and introduce the variable cc as a pointer to the cluster
constellations in that list. The total number of constellations in the list is denoted
N¢¢ (and consequently cc € {1,2,...,N}), and the number of reflector clusters
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Figure 4: Example of a vehicle with three reflectors (top) and three different cluster
constellations (bottom). The dashed line corresponds to a reflector cluster.

in constellation cc is L. Fig. 4 illustrates these concepts by showing three possible
cluster constellations in a simple example. Here, N = 3 with L' =1, L? = 2 and
L3 = 2 as the first constellation clusters all reflectors and the other two contains
two clusters each.

Cluster 7 in constellation cc, containing J reflectors' with indices i1,...,iys,
can at most generate one detection which in that case can be modelled as y§° =
ci® + wi¢ where wi¢ ~ N(0,W). The signal component, c{¢, is modelled as a
weighted sum [11] of reflector components:

J
Cfc = Z wilril, (18)
=1

where
A;,

22721 Ail
Although this is a rather simplified model of the underlying physical phenomenon
of merged measurements (such as target glint) [4,24], it serves the purposes for our
radar sensor model. Since the amplitudes are stochastic, so are the weights (19)

and the signal component of the cluster (18). As for the reflector detections, the
received amplitude of a cluster is also Rayleigh distributed but with the parameter

(19)

wil

Cluster density

For a cluster, the distribution of its position is defined by (16), (18) - (19), which is
difficult to evaluate. As the aim is to use the proposed sensor model in a Kalman

!The notation for the number of reflectors will change as we can get more specific. In this
section we use J to indicate the number of reflectors in a generic cluster.
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filter framework, it is convenient to approximate p (cfﬂ z) as a Gaussian density
with the same first two moments as the underlying distribution.

Let overscore denote the expected value of stochastic variables, such that, e.g.,
A; = E{A;}. Further, let Ar;, = r;, — ¢, Aw;, = w;, —w;, and set S; = Zle A,
The first moment of c{¢, as given by (18), is

J
=CcC ___ . .
c;¢ = E W;, Ty, (21)
=1
and after some manipulations an expression for the covariance can be found as

J
Cfc = Z Aris (Arit)T E {szs Awlt} . (22)

s, t=1

The position of each reflector, r;,, is given by transformation (15), but we also need
to express w;, and Cov {w;_,w;, }. As the moments of a Rayleigh distribution are
well known, approximations of these quantities are readily found through Taylor
expansion,

_ Ay Ay + Ai —S"_‘g"l. (23)
Si Si Si S
More details on the derivation of the mean and covariance of c{¢ as well as the
approximations used are found in Appendix B.

To summarize, we propose a stochastic mapping of reflectors into cluster con-

C(- ce

stellations, r ﬁ) {ccc}cj\ézl, where N is deterministic but both cc and c* =
[c{¢, ..., cf%] are stochastic. The density of each cluster in each constellation, c{¢,
is approximated as a Gaussian density,

p (Clgc| Cc, Z) =N (Cgc; égcv Cfc) ) (24)

where ¢¢ and C{© are given by (21) and (22), respectively.

3.3 Group model

In multi-target scenarios, the total number of possible clusters, Zé\izl L, can be
significant. Hence, it could be difficult to find a computationally feasible solution
for associating measurements to individual clusters. To mitigate this difficulty,
we suggest to form reflector groups containing reflectors that are likely to get
clustered, and describe the measurement distribution by marginalizing over the
cluster constellations. Let a group be a set of reflectors, formed such that for
every reflector ¢ in the group, all other reflectors belonging to one or more clusters
with reflector 7 are also included. As a consequence, each reflector ¢ in the group
is positioned within Ag to at least one other reflector in the group. The number

of groups, N9, is then the total number of such partitions of the reflectors. Fig. 5
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Figure 5: The formation of two reflector groups (solid lines).

displays a scenario where two groups, i.e., N9 = 2, are formed; one containing only
one reflection center in the rear wheel and the other composed of three reflection
centers in the front. A suboptimal, but simplified, solution to the association
problem is obtained by associating the detections to the reflector groups. By
ignoring which specific cluster in a group that gave rise to a detection, the number
of hypotheses are reduced substantially.

Fach group is viewed as an entity which can generate multiple and independent
detections. The number of detections from group n is denoted by M}, and the

T
signal components (the positions) as g, = (gml)T ey (gmM,tl)T] . Using this

notation, (13) can be written as

As only reflectors within each group can form clusters with each other, we can
consider the cluster constellations for each group independently. For group n we
can generate NS¢ cluster constellations, and we let cc in this case indicate one
specific constellation in this group and L{ denote the number of clusters in this
cluster constellation. A new list of cluster constellations is generated for each
group and cc is used to index one of the constellations. Further, let ¢ denote
the signal component of the I*" cluster in constellation cc for group n, and Pse(l)
denote the detection probability of this cluster - a probability easily computed from
the Rayleigh assumption in (16) and (20). If we assume that all possible cluster
constellations are equally likely, we can describe the pdf of g, by approximating
its components g, ; as independent and identically distributed with the density?

NCC LCC

gn i) = Nee Z Z qn lpc gn i (26)

n ce=1 [=1

where the weights qy are defined as

PCC(l)
Sty Pee(m)

%In (26), the notation Peee, (8n,i) should be interpreted as the pdf of c;’; evaluated at g,

cc
n,d —

(27)
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To further simplify the implementation of a tracking algorithm based on this model
we make a Gaussian approximation, p(gn;) ~ N (8n.i;8ni,Crn). Using the
approximation in (24), the expected value, g, = E{g,.;} is given by

NCC LCC

e D> (28)

N ce=11=1

gn =

and the second moment, C,, = E {(gm — 8n)(8n,i — gn)T} by

S\ In cc = =cc = —~cc
Cn - Z Z Nc’lc <Cnvl + (g" - Cn,l) (gn - Cn,l)T) ’ (29)

where ¢, and C7Y, is given by (21) and (22), respectively.

Addl‘clonally7 to complete the description of the groups, we need to calculate
the probability mass function M}, the number of detections originating from group
n. By again assuming that all cluster constellations are equally likely, we have

e
Pr{Mi} = Ncc > Pr{M}]|cc}, (30)

n ce=1

where Pr {Mﬁ! cc} is easily calculated from PS¢(1).

In summary; we group closely spaced reflectors and use the cluster description
to calculate the expected signal component each group, its covariance matrix and
the probability mass function for M!  the number of detections from group n.

3.4 Target measurement model

In Sections 3.1, 3.2 and 3.3 we describe three mappings, R(:), C(-) and G(+), relating
the position of the vehicles to the measurement distribution. The procedure can
be depicted as
R(-
z () r { cc}cc_ Mt
where the first two mappings are deterministic whereas the last two are stochastic
due to uncertainty in the resolution capabilities of the sensor. The transformation

Z R—()> r describes the signal components of strong (vehicle related) radar reflectors
in observation space. By modelling the resolution capability of the sensor, C(-),
we form a set of cluster constellations, {ccc}i\::cl. To reduce the complexity of the
data association problem, we form groups of reflectors that belong to the same
cluster constellations, G(-). The groups are described by their spatial density,
p(gn) ~ N(gn;&n Cn), and the probability mass function Pr { M} }, describing
the number of target detections from each group. The result is a description
of target measurements originating from groups of reflectors, where each group
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n generates M! independent and identically distributed measurements. The 7
detection from group n,

yfz,i ~ N(gnv Cn + W)v (31)

is an independent of all other detections (conditioned on z). The complete tar-
get measurement vector y' can be generated by drawing the number of target
detections from the group, M}, according to (30), for each group n = 1... N9Y.
Subsequently, construct y!, by generating M! independent realizations of yﬁu- con-
forming to (31). The complete target measurement vector is formed by concate-
nating all group measurements as defined in (10). This concludes the derivation

of our sensor model.

4 Tracking framework

In this section we present a tracking framework for recursively calculating the
posterior density, p (zk| Yk), using the proposed sensor model derived in Section 3.
To handle uncertainty in the number of target and clutter detections as well as the
random permutation matrix, H;‘,”’@, in the calculation of p (zk| Yk), it is convenient
to introduce a data association hypothesis vector, A. The purpose of this vector
is to associate detection number j in y; to a certain group, n. Consequently,
A(j) = n, if measurement j originates from group n and, A(j) = 0, if it is to be
regarded as clutter. Using this description, the sensor model can be written as

' N <Yi;§>\(j)7 Cap) +W k> if A(4) #0
I A7) = 32
p (2 ) {(%) it A(j) = 0. )

This formulation makes it possible to associate measurements to group n according
to the support of Pr {Mfl‘ z}. That is, each group can generate multiple detections,
each carrying information regarding the state of the vehicle. This distinguishes
our sensor model from the classical point source model.

By considering all possible data association hypothesis, the posterior density
can be formed as

p(ze| Yie) =D p (2| A, Yi) Pr{X| Yy}, (33)

where p (zk‘ A, Yk) is the posterior density without data association uncertainty
and Pr {)\‘ Yk} is the probability of that association. Due to, e.g., non-linearities
in (15) and the dimensionality of the data association problem, it is difficult to
find an exact solution to (33). Instead, we resort to an approximate solution.

In the literature it is possible to find several possible approaches, such as par-
ticle filters [25], Multiple Hypothesis Tracking (MHT) filters [26] or the Probabilistic
Multiple Hypothesis Tracker (PMHT) [9] to handle or simplify these types of prob-
lems. To make the implementation suitable for real-time applications with limited
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capacity to batch measurements, we propose a Kalman-like filter framework [27]
employing a generalized version of the Joint Probabilistic Data Association (JPDA)
algorithm [19]. The generalization of the JPDA algorithm for this problem consists
in allowing multiple measurements to originate from the same group, in contrast
to at most one in the original JPDA formulation. The conditional posterior density,
P (zk| A, Yk), can be calculated for each A, and we approximate this distribution
by a Gaussian density with mean 22‘  and covariance Pg - Estimates of 22‘  and

Pg‘| ., are found using the UT [18] through

-1
e = + Py (P) (92 —92s) (34)
-1 T
PY. = Puc i~ P (PYy)  (PD) (35)
where zy ;1 and Py,_; are estimates of the mean and covariance of zk| Yi_1,

A
Yy’

association hypothesis A and, PZ>‘y is the corresponding cross covariance between
the state and the measurements. In accordance with the JPDA idea, the result-
ing Gaussian mixture (33) is also approximated as a single Gaussian where the
contribution from the individual densities are weighted by their hypothesis prob-
ability, Pr {)\| Yk}. Given a Gaussian prior density, p (Zk—l‘ Yk—l); the proposed
approach is briefly outlined below.

respectively. The covariance, P, , is the innovation covariance under the data

1. State prediction: Estimate Zy;_; and Py, by propagating Zk—l‘Yk—l
through the motion model (3) using the unscented transform.

2. Measurement prediction: Transform zk‘ Y _1 to the observation space, using
the series of mappings derived in Section 3 and the unscented transform to
retain an approximation of the predicted group measurement

yz,n = gn =E {gn| Yk—l} ’ (36)

as well as the predicted group covariances
Pie = Cov {gni 8n,i| Yi-1}, (37)
Peg' = Cov {gn,i,8m.j| Yi-1}, (38)

where i # j if n = m. The innovation covariance, P;,‘y, is given by (37) — (38)
and the measurement noise covariance, Wy,.

3. Data association: Use g, and Py, = Pg,+ W}, to perform measurement gat-
ing. Then generate the set of all possible measurement to group association
hypotheses and calculate their probabilities Pr {)\‘ Yk}.

4. Measurement update: For all A, form the needed entities in (34) - (35) and
approximate p (zk| A, Yk). Finally, p (zk‘ Yk), is found by marginalizing the
data association hypotheses, see (33).

A detailed description of the different steps is given in the following sections.
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4.1 State prediction

The state prediction is performed by calculating a Gaussian approximation of the
predicted density

p (2| Yio1) = /p (zi| k1) P (Z—1| Yio1) dzi—1. (39)

This approximation is found by propagating p (zk_1| Yk—l) through (3) using the
unscented transform [18] as

p(zr] Yio1) = N (2k; Zgjp—1, Prj—1) - (40)

Assuming the vehicles move independently, the unscented transform can be per-
formed for each vehicle separately.

4.2 Measurement prediction

In Section 3 we derived a radar sensor model conditioned on the state through
a series of mappings. To form the expressions (34) - (35) we need estimates of
the first and the second-order moments (36), (37) and (38). Again we use the
unscented transform to find approximations of these moments. However, for our
proposed group measurement model, the approximation is not as straightforward
as for the motion model. As such, it requires some additional discussion.

Using the unscented transform described in [18], we choose 2n,+1 deterministic
sigma, points with associated weights, where n, is the dimensionality of z;. The
sigma points and their weights are chosen such that they capture the first two
moments of (40) exactly. Let us denote the set of sigma points with associated
weights as,

(Z, i} (41)
Although not required, we choose the weights such that uiz > 0,Vi=1...2n,+1.
This is used to avoid risks associated with using the unscented transform in high
dimensions, such as the risk of estimating non-positive definite covariance matrices
and a mean situated far away from each propagated sigma point.

By propagating each sigma point through the mapping (15), we receive the
sigma point sets

Rl (B (12
where Rff describe the reflector positions of the i sigma point in observation space
and X} their expected signal power. From (42) we can form estimates of the first
two moments of rk‘ Y_1 according to

Thlh—1 ~ Zqui (43)
i

Per~ Y uj (R, — ) (R, — Breo1) (44)
7
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where ty;_1 is the estimate of the reflector position. The covariance matrix, Py,
has the following structure

11 12 1in
ng ng . Pgrr
Ny
P, Pi;z ... P
Prr - . . . . ) (45)
nyl nrn
P .0 L PR

where n, is the total number of reflectors on the vehicles in zy. From X, the
estimated expected signal power is similarly attained as

Epr-r ~ > upSh, (46)

which is used in (30) to account for reflector visibility under state uncertainty,
primarily in target heading. In practice, we only need to consider those reflectors
which are visible, i.e., for which &Iiﬂ g1 > 0.

From (43), we determine which reflectors belong to the same group. As only
reflectors within each group are able to form clusters with each other, we consider
the cluster constellations for each group independently. Following the algorithm
in Section 3.3, we form all possible cluster constellations for each group. Using the
mapping (26) we can calculate two of the sought moments, (36) and (37), as

NCC Lcc

8n = Nee Z Z anlAflcl (47)
Ny cc=1 =1

Ncc LCC

YO (g (- ) (& e)) (13)

ce=1]=1""

Note that the weights, qccl, are dependent on the estimated expected amplitudes,
G k1, through Pg¢. Values for ¢, and P¢je, are found using the same approxi-
mations as in the derivation of (2 ) (22), detailed in Appendix B, and assuming

independence between w; and ry, ;,

I
A%Cl =E {Cnl| CcC, Yk 1} Z'LU[ rk)|k‘ 1 (49)
=1
Pc, = Cov {c |cc Y;_ 1} R
JCC
J ~CC Alj ~CC T
Z Pre’ + (rk|k 17 nl> (rk\k—l nl)
2,7=1
x E {wliwlj} s (50)
where, [1,...,1 Jee, are the indexes to the reflectors in the cluster under considera-

tion. Using (47), (48) we can form the Gaussian approximation of the i*" predicted
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measurement from group n as

P (Y| Ye-1) ® N (s 80 Pag + Wh). (51)
The additional sought covariance, Pgg', assesses the covariance between two de-
tections from the same group or alternatively two detections from different groups.
For the filter to be able to perform the state update for all groups jointly, it is im-
portant to accurately assess these correlations. Conditioned on zg, it is assumed
that these detections are uncorrelated. Hence, the correlation only comes from
uncertainty in z; and we can approximate the group cross covariance as,

cc cc
J?’L Jm

Por = ) wn,wn, P, (52)
J

i

where {n,};]:’cbc1 and {77”%};];6”61 are the indices of all the reflectors in each group,
respectively. The weights, w,,, and w,,, are calculated using the assumption that
all reflectors in each group are clustered as, for example,

Ap,
Zjn Ap,

The cross covariance between detections from the same group is simply found when
n=m.

4.3 Data association

In difference to standard JPDA, the generalized version of the JPDA algorithm pro-
posed here considers the possibility that a single track can generate multiple mea-
surements. To avoid unlikely data association hypotheses, we employ an ellipsoidal
gate [2] centered at the group mean using (51). From the gated measurements and
knowledge regarding the maximum number of detections generated by group n
(max M, ,’;n), it is possible to construct the set of all local hypotheses, i.e., the set of
all feasible associations between y, and group n. By combining local hypotheses
from all groups in an admissible fashion (such that each detection in yy is associ-
ated to precisely one group, or classified as clutter) we obtain a global hypothesis,
described by the vector A. The hypothesis probability can be expressed as

Pr {/\‘Yk} ocp(yk‘)\,Yk_l) Pr {)\‘Yk—l}- (54)

The likelihood of the data association hypothesis is found through the Gaussian
approximation (51) and the clutter model (7) as

i 1\ M
p (yk‘ A71Y’k—1) :N (yl?ayg\“g_lapgl\y) <V> : (55)
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where
T
e = | @x60) " Eai) - (Br6) ] (56)
CNT CNT 17T
yr = [(y,?(m> ,(y,?(”)) ,...,(y,?(””)) ] (57)

for {j1,...,Jdm} ={J : A(j) # 0}, and similarly P;‘y is constructed as

Pg\gl) + W, ... Pg\gl))‘(jm)
A . . .
Pyy - . : ' t. - N (58)
Pé‘éﬂ'rrl)}\(]l) o Pg\éjm) + Wk;

The expected signal component of the group n, g,, used in (56) is found in (47).
Expressions for the covariance components in (58) are found in (48) for the group
covariance, Pg,, and in (52) for the cross covariances between group n and m,
Pgg'.

The data association vector, A, provides perfect knowledge regarding the num-
ber of clutter detections, M, and the number of detections from group n, M, ,’; -
Hence, the prior probability for the association vector in (54) can be partitionéd
as

Pr{A|Yi_1} =Pr{X\ M}, M| Y1}
= Pr{A| M}, M} Pr{M} Pr{M}| Y, 1}, (59)

where M}, = [Mlil e M,?Ng] ! and N is number of groups. As M is assumed
to be Poisson distributed, we have
Pr{Mg} = (uV)Mkexp(—uV) /M. (60)
Furthermore, Pr {)\‘ M, M, ,5} is found using combinatorics,
MY 1l -1
Pr{\| M}, M} = }jl < M - %}gj My ) : (61)
Finally, the probability of the total number of target detections,

Ni
Pr{Mj| Y1} =[] Pr{M],|Yr} (62)

n=1

where Pr {M ,in| Yk_l} is approximated using estimated expected signal ampli-
tude, OA'k‘k_l in (30)
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4.4 Measurement update

To perform the measurement update defined by (34) - (35), we first need to con-
struct the included entities. The predicted mean and covariance are already given
in Section 4.1 and ng“ w_q and P;‘y are given by (56) and (58), respectively. How-
ever, the cross covariance Pz>‘y needs to be estimated.

Using the sigma point sets in (41) and (42), P, = Cov {zk,rk‘ Yk_l} can be
estimated as

T

Poe~ Y uj (Zj, — Zpp—1) (R} — Faypei) (63)

From (63), P;‘y is calculated in three steps. First, approximating the relation
between reflectors and clusters as in (21) we find

N
P;Cc}n = Z wliPlzim (64)

where [; lists all reflectors in cluster [ in cluster constellation cc. Using (64) and
(28), it is easy to find

NCC LCC
1 n n

Pl = Fe 2 2 dniPa (65)
n ce=11=1

from which we can finally construct the sought cross covariance, PZ)‘y7 as

A(J A(Jm
P = [Pzg(ﬁ),...,Pzg(J >], (66)

for {jla s 7]771} = {j : A(]) 7& 0}

The posterior mean and covariance estimates under data association hypothe-
sis, A, are found through inserting (56), (66) and (58) into (34)-(35). The posterior
density (33) is a weighted sum of the posterior densities for all A weighted by (54).
The mean and covariance of a Gaussian mixture model are readily calculated
though moment matching, see e.g. [2]. This concludes the derivation of the filter
framework for estimating the position of vehicles using possible unresolved radar
detections.

5 Evaluation

In this section we compare the proposed extended target model, denoted M,
with that of a point source model (basic model), Ma, similar to those presently
used in the automotive industry. The evaluation is performed in two steps, First,
we compare the ability the models to explain radar observations. Second, we
compare the estimation error, e} = HE{Z}JY;C,M,L} — Ziszv of the tracking

155



PAPER II1

53

S1

-

Figure 6: Host vehicle equipped with three radar sensors, one mechanically scanned
77 Ghz long range radar, denoted s1, and two medium range 24 GHz radars looking
to the right and left, denoted sy and sz, respectively. In the evaluated tracking
scenario the host vehicle is traveling at constant speed at a straight path. The
target vehicle drives at a crossing path stopping in front of the host vehicle before
making a left turn.

system derived in Section 4 with one based on Msy. The evaluation is limited to
single target vehicle scenarios, i.e. z, = [(zz)T, (z,lc)T

For both evaluations, radar observations are collected from three sensors, one
long-range radar at 77 GHz (denoted s1) and two medium-range radars at 24 GHz
(denoted s9 and s3), mounted on the host vehicle as illustrated in Fig. 6. Sen-
sor s1 has an update rate of 10 Hz, a field of view of 16° and a detection range
of approx. 150 m, whereas so and s3 cover a 150° field of view up to approx.
70 m using 13 independent receive beams, each delivering detections every 40ms.
The resolution cell for the two types of sensors are, A% = [2m, .5m/s, 3.5°] and
AZ“’ = [2m, 6m/s, o], respectively, where AZ“’ is used to describe the resolu-
tion in each of the receive beams of s and s3. The corresponding measurement
noise covariance for a point target is specified as W;! = diag ([.4, 2, %])2 and
Wzm = diag ([.4, .9, %])2. Target vehicle reference position, ZZ, and host ve-
hicle position measurements are acquired using accurate DGPS measurements. We
proceed by introducing the point source model, then explain the two comparisons
and their results respectively.

5.1 Point source model

To evaluate the tracking performance gained in terms of estimation error by con-
sidering the vehicles as extended objects, we compare our tracking system with
one based on a point source model. To make the comparison as fair as possible, we
use the same state parametrization and both models exploit knowledge regarding
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the physical dimension of the observed vehicle. Given z/%C the model compensates
for offset errors by positioning the expected target measurement, yhz, on the

intersection between the line of sight between the radar sensor and (Ci k,Ci k)

and the vehicle frame. Using this model we design a probabilistic data associa-
tion filter (PDAF) [28], where only one measurement may originate from the target
and the presence of multiple measurements are modelled as clutter described by a
homogeneous Poisson process.

5.2 Sensor model comparison

The ability to explain a set of given observations can be compared by evaluating
the log-likelihood ratio

p (yi| 2, M)
Uy, =1 —_— 67
(Yk Zk) 0og <p (Yk‘ Zk;,MQ)) ( )
where the model specific likelihood functions can be partitioned as
p (yi| 26, M;) = Z P (yi| Aks 2, Mi) P {p| zis, M; } . (68)
ALE Ly

In the following sections, we present expressions for p (yk| Ak, 2, Mz) and P{)\k| Z;,
M;} for the different models as well as the evaluation of (67) for radar measure-
ments from two types of radar sensors.

Likelihood function

The likelihood ratio test is commonly used to compare hypotheses, in this case
which model is more likely to have produced the radar measurements. The test
is reasonable if the number of tuning parameters are the same for the compared
models. For our proposed sensor model, My, (68) is given by (55) and (59), with
the minor difference that we do not have to integrate over z;. The corresponding
densities for My are obtained similarly as

N (¥ ¥ W) ()M = M =1

p(Yk‘)\k,Zk,Mz):{(l)Mg M =0
v P M =

Pp e (uV) i Mt -1
Pr {)\k| Z, MQ} ={ M MZ!*“V(HV)ME IZ

(1- PD)T : M =0.
The probability of detection is modelled in the same way for both models and the
clutter intensity, u, is estimated from data using nonparametric PDA [29]. Note
that the same parameters are used for tuning both models, i.e., the measurement
noise covariance and the probability of detection. All other parameters are taken
directly from the sensor specification.

157



PAPER II1

Results

The log-likelihood ratio (67) is evaluated using radar measurements from two sen-
sors of different types, s; and so. The data is collected while the host vehicle
drives straight towards the target vehicle at an angle of 18° (offset from the side
of the vehicle) starting at a distance of 40m. A scatter plot of the collected data
is illustrated in Fig. 7a.

Figures 7b and 7c display (67) evaluated for measurements delivered by sensor
s1 and sg, respectively. Both figures show a clear advantage in favour of our
proposed model. This is especially clear for sensor s; which has higher resolution
than sensor sy and where we often receive multiple detections neatly concentrated
to the front and rear wheel housings, see Fig. 7a. For sensor so, the detections
are spread along the side of the target vehicle (some even positioned outside the
vehicle frame). This behavior is also modelled in M; but the advantage is not as
dominant as in the case of sensor sj.

21 : "

3 . .
-5 0 5

(a) Scatter plot of the evaluated target measurements from the s1 (red) and s2
(blue) radars.
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(c) Log-likelihood ratio sz

Figure 7: Log-likelihood ratio comparison between our model, M1, and the simpler
point source model, M.

158



EXTENDED OBJECT TRACKING USING A RADAR RESOLUTION MODEL

5.3 Tracking filter comparison

The tracking filters based on M; and My are evaluated using data from sy, so
and s3 in the scenario depicted in Fig. 6. This particular scenario is chosen, both
because it is a relevant scenario for active safety systems addressing intersection
accidents [30] and because it is challenging for a radar based tracking system.

In the evaluation, both filters are initiated in the reference state, z(l], provided
by the DGPS system with initial covariance Py = diag([1, 1, 1%], .5, .001, 1.5])2
and use the same process noise parameters, ag = 9 and ag = 7—10. The filter
implementation for our proposed model is given in Section 4 and for the point
source model we employ a standard UKF.

The result of the comparison is shown in Fig. 8 in terms of absolute longitudinal
and lateral positioning error, e, and e,, in the reference vehicle coordinate frame
as well as absolute velocity error, e,, and heading angle error, ey, in the global
coordinate frame. The result indicates a clear advantage for M; in terms of
accurate and stable positioning of the target vehicle, as well as velocity and heading
estimates. Worth noting is the later part of the scenario, t € [7, 10]s, where
the two vehicles are close and many of the features on the reference vehicle are
resolved. In this part of the scenario the target vehicle starts to turn, something
that confuses the simpler point source model while our model still manages to
position the vehicle well. Additionally, the jump in the heading estimation error
at t ~ 9.8s is explained by the filters only receiving measurements from the rear
part of the vehicle for some updates. As measurements again appear from the front
of the vehicle, it is clear that our proposed model is able to take more advantage
of the new information to deduce the heading of the vehicle more accurately than
the point source model.

6 Conclusion

In this paper we have proposed an accurate and tractable radar sensor model
capable of describing both multiple detections from a vehicle and their relation to
the limited sensor resolution. Furthermore, we have developed a framework for
tracking vehicles based on this model. The evaluation of the sensor model shows
that our model is clearly better than the reference model at describing the vehicle
radar detections from the two evaluated sensors. Additionally, the evaluation of
the tracking performance indicates substantial benefits using our model compared
to the reference model.

The reference model is notably simpler than the proposed one, and clearly
penalized in the evaluation when multiple features are resolved. However, it is
presently used in many systems and our comparison show that a widely used
family of tracking frameworks can be adapted to incorporate the new measurement
model, with improved performance as a result.

By formally including sensor resolution in the model, it can be used for a wide
range of sensors and targets by changing appropriate parameters according to the
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Figure 8: Comparison of the absolute estimation error from our tracking framework
(solid blue) and the point source model (dashed red) for longitudinal and lateral
positioning error in the reference vehicle coordinate frame, e, and e,, as well as
absolute velocity error, e,, and heading angle error, e, in the global coordinate
frame.

sensor specification. This feature is of most importance to the automotive industry
as it allows for sensors to be more easily replaced or updated.

Appendix A: Reflector mapping

The reflector mapping is divided into two parts; first the reflector is positioned in
the observation space, second, the the expected signal amplitude is modelled.

Appendix A.1: Reflector position

Assuming that point reflector with index i is positioned at x; = (z;,y;) in a local
coordinate system with the origin in the center of target vehicle j. The global
position of the reflector is then given by

7 e
$)-18

where R(:) is a 2x2 rotational matrix. Similarly, assuming that sensor, s, is
mounted on the host vehicle at x5 = (z,ys) and with an angle of 15, the global

+RD | 5] (69

7
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position of the sensor is defined as
i1 e[ ]
Tl=| % |+ R 70
IR IR (10

Additionally, we define the relative angle between reflector ¢ and sensor s according

to
j7i _ CS
o; s = arctan S (71)

-

Using these relations, the mapping zy i) r; is defined as

o= (@ - @R+ (G- )2 (72)

ry = (vi COS(Mg — ) + vi coS (g + arg(x;) — ai7s))

- (v,}; cos(P — ay ) + v cos (g + arg(xs) — ai,s)) (73)

b = Qs — Vp — Vs (74)
where vi = %CLHXZH and v? = vlich||x4|| are the velocity component due to

rotation of the target and host vehicle, respectively.

Appendix A.2: Signal amplitude

The signal power of the sensor is characterized by two functions, the reciprocal
antenna gain pattern, A,(¢), and the signal attenuation, A,(r). Associated with
each reflector is a visibility function, v (a; s, ) dependent on the relative angle
between the observing sensor and the reflector and the heading of the target vehi-
cle. Using these models, the expected return amplitude of reflector i is calculated
as,

0i = Aa($i) Ar(ri)vi (i, V7). (75)

Appendix B: Gaussian cluster density approximation
In this section we derive the gaussian approximation of the cluster density in (21)
and (22). Let a cluster i consist of N reflectors positioned at rq, ry,...,ry in

measurement space. According to (18) the signal component of the cluster is
given by

N
C; = E Wp, T,
n=1
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where in this case the reflector positions, r,, are known whereas the weights, w,,,
are stochastic. The weights are expressed in terms of the received signal amplitudes
of each reflector, A,,,

_ An
Yom—1 Am

Wy, =
where

A, ~ Rayleigh(oy,).

To find a Gaussian approximation of cluster density we need to find the first two
moments of c;.

Appendix B.1: Mean approximation

The mean of c; is

N
¢i=E{c} =) wnr,. (76)
n=1

where w,, = E{w,} is not trivial to express. However, monte-Carlo simulations
indicate that the approximation

where

A, =E{A,} = an\/g, (78)

yields a reasonable approximation of (76).

Appendix B.2: Covariance approximation

The remaining difficulty is to approximate the covariance matrix of c;,
C,=F {(Cl — éi) (Ci — éi)T} (79)
The first aim is to find a representation which more robust to approximations. For

notation, set Ar,, = r, — ¢; and Aw,, = w, — Wy,. In the following, we will use the
relations

an =1, (80)
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which follows from the definition of w,,, and

N
> @, Ar, =0, (81)
n=1

which is clear due to E {r — r} = 0. These relations and notations yield

N N 4
Ci=E <Z Wy (T — f‘)) <Z Wy (T — f)>
n=1 n=1

() (o) |

N N r
E (Z AwnArn> (Z AwnArn>
n=1 n=1

N N
>3 ArpAr] E{Aw,Awy, } (82)

=1m=1

3

Recall that the matrices Ar,Arl are known for all indices n and m. Hence, we
will now strive to find approximations for the scalar factors

Cov {wp, w,} = E{Aw,Aw,,} . (83)
To this end, we use the Taylor approximation
Wy = S,
N&+An_An _ (SZ_SZ)AH
TS S; Siz
A, A, SiA,
where S; = Z%:l A, and
Ap = E{An} (85)
N
m=1
Thus, we get

CO"{w"’wm}“EKE‘ 57 ><s T >}

_E{AAL} E{AS} A,

52 S3
E{A,S;} A, FE{S?}A,A,
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To evaluate (87), we essentially only need the relations

E{A} = op\/7/2 (88)
A2 =F{A2} =252 (89)

E{A, A} = E{AZ} ifn=m
T\ E{4nY E{A,}  otherwise.
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Abstract

Reliable and accurate vehicle motion models are of vital importance for
automotive active safety systems, for a number of reasons. First of all, these
models are necessary in tracking algorithms which provide the safety system
with information. Second, the motion model is often used by the safety ap-
plication to make long term predictions of the future traffic situation. These
predictions are then part of the basic data used by the system to determine if,
when and how to intervene. In this paper we suggest a framework for design-
ing accurate vehicle motion models. The resulting models differ from conven-
tional ones in that the expected control input from the driver is included. By
also providing a methodology for a formal treatment of the uncertainties, a
model structure well suited, e.g., in a tracking algorithm is obtained. To uti-
lize the framework in an application will require careful design and validation
of sub-models for calculating expected driver control input. We illustrate the
potential of the framework, by examining the performance for a specific model
example using real measurements. The properties are compared to those of
a constant acceleration model. Evaluations indicate that the proposed model
yields better predictions and that it has an ability to estimate the prediction
uncertainties.

1 Introduction

A current trend in today’s automotive industry is to equip vehicles with more
and more active safety systems. These have the objective of aiding the driver
in different accident prone situations, such as unintentional lane departures or
dangers caused by distracted drivers. Based on sensor data, active safety systems
try to assess the situation and detect dangerous scenarios. Some examples of active
safety systems, which are currently available on the market are given in [1]. To
improve these systems in the future, detailed vehicle motion models will be most
valuable. The reasons for this are at least threefold:

1. The motion model is an integral part of the tracking system which provides
the safety system with information regarding the surrounding environment.
More precise motion models would improve the tracking system’s ability to
handle complex traffic scenarios.
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2. An active safety system needs to decide when and how to intervene. In
theory, an accurate motion model enables the safety applications to make
better long term predictions, and thereby allow decisions to be made earlier
and with greater confidence, [2].

3. Careful modelling of specific situations of interest, e.g., related to different
driver maneuvers, can help the safety application to classify and understand
the traffic situation.

The motion models predominantly used in tracking systems are derived from
the fundamental laws of dynamics and assume that the input is approximately
white Gaussian noise. Such models have been employed extensively in numerous
applications, and often with satisfactory results, [3], [4], [5]. However, there are
reasons to believe that traditional models can be improved to better meet the de-
mands of future safety systems. For instance, more accurate long term predictions
would be most useful for a decision making algorithm.

A main weakness in traditional models is that they do not capture the influence
the driver has on the vehicle motion. Under normal conditions, it is reasonable
to believe that the vehicle is completely controlled by the driver. Attempts to
model driver behaviour have appeared previously in the literature. In [6], a driver
behaviour model is used to design an adaptive cruise controller and in [7], similar
ideas have been used for threat assessment. Other examples of driver behavior
models have been developed for micro traffic simulators [8], and in the ongoing EU-
projects ISI-PADAS [9] and ITERATE [10]. A closely related problem exists in the
field of robotics where algorithms are designed to find a collision free path through
a partly unknown environment, see, e.g., the textbook [11] and the references
therein. We believe that neither of these models fulfill the requirements from a
future active safety system. For instance, the models in [6], [11] are not suitable
from a tracking perspective as they do not provide a stochastic description of the
vehicle motion. Similarly, the idea in [7] is not well suited for decision making
as it does not capture the variations in driving styles and driving preferences
among different drivers. Finally, since the models for micro process simulators
are designed for simulation purposes they lack a description of uncertainties in
predictions as well as the ability to adapt model parameters to observed data.
These properties are essential for filtering and decision making purposes and make
these models inappropriate alternatives in their current form. The same arguments
also hold for the models so far presented in the ISI-PADAS and ITERATE projects.

In this paper, we continue to develop the model framework introduced in [12],
[13]. The idea is that the driver controls the vehicle by making a trade off between
different objectives such as the desire to travel fast and to travel comfortably. To
describe the expected driver control signal, we use a cost function which reflects the
driver objectives. By minimizing this cost function the most likely control signal
can be calculated. Compared to [12], [13], the model framework is here extended
to cover a more generic model structure. More importantly, it is also adapted
to handle uncertainties in the cost function parameters. This allows us to design
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models which not only contain knowledge regarding typical driver behaviour, but
which are also able to capture variations among different drivers and to adapt as
the driver behavior changes.

The main contribution of this paper is the model structure described in Sec-
tion 3. This structure suggests a method for including the expected driver input
in a model structure, and provides guidelines on how to construct cost functions.
In contrast to other commonly used methods, our approach has the advantage
that model parameters have a clear interpretation. Having said that, a significant
amount of work still remains before this approach can be used by an application.
First of all, the cost function needs to be adjusted and validated for the intended
application. Secondly, an efficient implementation for minimizing the cost func-
tion has to be developed. To illustrate the performance of the suggested model
structure, we present one cost function and evaluate it using real measurements.
In the studied examples, the proposed model explains the data better and provides
better predictions, compared to a constant acceleration (CA) model.

The paper is organized as follows. Section 2 presents the notation and some
of the most commonly used motion models in tracking applications. In Section 3,
a general description of the proposed modelling framework is provided. A specific
design of the cost function is described in Section 4 and later evaluated on measured
data in Section 5. Finally, Section 6 contains the conclusions.

2 Background

The vehicle motion model describes the evolution of a time-discrete vector x; €
R™ | referred to as the state vector of the model. For vectors and matrices (in-
dicated by boldface) we use the sub-index k as notation for a discrete time in-
stant with a continuous counterpart in ¢y, whereas the notation x(k) is used for
scalars. The continuous time interval between two samples is constant and denoted
Ts = t;, — t._1. We consider a state vector partitioned as

xp = [(x)" (z1,)" £f]7, (1)
where XZ is the state vector for the host vehicle, z} is the state vector for the nearest
target vehicle in front of the host vehicle and the vector ry contains parameters
describing the road. Our main interest in this article is to derive a model for
the vector XZ. For zfc and r; we use standard models which are described in this
section. The model we propose for the host vehicle can also be used for one or

several target vehicles, but for simplicity we apply it only on the host vehicle.
We restrict the scope to Markovian models on the form

X = f1(Xp—1,€5-1), (2)

where f;_1(-) is a possibly time-varying and nonlinear function of x;_; and a
stochastic noise vector e;_1 € R™. The noise process accounts for model uncer-
tainties, and is traditionally modelled as an independent and identically distributed
(i.i.d.) process with zero mean.
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An important subgroup of the general model structure (2) is the family of
linear motion models defined by the matrices Aj_1 € R"=*" and Bj_q € R"=*"e
such as

X = Ap_1Xp—1 + Br_1ep_1. (3)

These motion models are popular in tracking applications because they enable
simple and efficient algorithms such as the Kalman filter [14], for estimating and
predicting the states.

A frequently used linear motion model, is the CA model. In this model the
state vector sz is parameterized as

2, = [1(k) mj, (k) i (k) 7, () i, (k) 7, (K)] T (4)

where (75 (k),n,(k)) is the center position of the vehicle and (7} (k), 7}, (k)) and
(i (k), it (k)) are the first and second order time derivatives of 7% (k) and 7! (k).
In the version of the CA model employed here, the noise process e, determines the
jerk between sample instances. The acceleration, velocity and position increments
are thus given by €Ty, e, 72/2 and e,T3 /6, respectively. The system matrices
then take the form

3
1oT 0 Lo T o0
01017, 0 % 0 %
A=|00 1 0 T 0| g_| 5 0| (5)
000 1 0 T, 0o
000 0 1 0 . 0
00 0 0 0 1 | 0 T

where the noise process is modelled as e ~ N (0, C.), where C. = diag[o% a%-y].

In essence, the CA model is a kinematic particle model [15], where the object
motion is decoupled in the different dimensions. Other examples, where the ob-
ject’s motion in the different dimensions are instead coupled, are the coordinated
turn (CT) models [3], [4]. More detailed vehicle motion models, which for instance
take wheel slip and wheel angle into account, have been derived for applications
such as vehicle stability and traction control. The textbook [16] provides more
information on dynamic vehicle models, and describes the single track model or
bicycle model which has been used for vehicle tracking, at least in a simplified
form, see, e.g., the study [17].

In this paper, we use a curved road coordinate system such that the position of
the host vehicle (n/, ng) and target vehicle (n}, 7)) are given relative to the road.
This coordinate system, previously used, e.g., in [18], is defined in Fig. 1. The
same figure also contains a Cartesian coordinate system (&,,&,), which will be
needed later in Section 4. To find a relation between these coordinate systems, a
model of the road curvature is required. Here we follow suggestions from e.g. [19]
and use a clothoid model. The road curvature is then described by a local linear
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€a

Figure 1: This figure illustrates the global Cartesian coordinate system (&;,&,),
and the curved road coordinate system (n,,7,).

approximation about the host vehicle, i.e.,
c(nl + Ang) = co + Anger. (6)

The parameter cg is the local curvature at the center of the road and c¢; the
curvature change rate as a function of distance An, from the host vehicle. We
include the clothoid parameters c¢q(k), c¢1(k) and the lane width L, (k) in the road
state vector

v = [Lu(k) co(k) 1 (k)] (7)
The evolution of r; is modelled as
10 0
ry = 0 1 Tsﬁm(k - 1) rp—1+ VZ—17 (8)
0 0 1

where vj,_; ~ N(0,Q,).

3 Motion model framework

In this section, we describe how the motion model is extended to incorporate the
effect of the driver. We base the modelling idea on a set of postulates which are
highlighted in the text. The equations for calculating the driver input are also
presented and important model properties are discussed.

3.1 Model structure

We will here motivate and present the structure and some key components in the
proposed model.

173



PAPER IV

Postulate 1. The driver controls the motion of the vehicle by steering and
adjusting the acceleration.

As the classical motion models fail to acknowledge the influence of the driver, there
is, at least theoretically, room for substantial improvements if we can model the
driver actions. Naturally, the vehicle obeys the laws of physics and the models in
Section 2 are still appropriate even though the input is no longer white noise. In
a general parameterization we suggest a model

Xt = o1 (X, W1 (Xk—1), V1), 9)

where uy_1(x;_1) is the driver input signal and vi_; is a white noise process.
Modelling the driver input ug_1(xg_1) is a key component here and the topic of
Sections 3.2 and 4.

The complete state vector for the host vehicle is given by xﬁ, but the kinematic
state of the host vehicle is described by the vector zZ which is a subvector of xz.
The propagation of this kinematic state vector is described by the model

2y = 51 (21 w1 (xp-1) + Vi) (10)

Here we use a modified CA model

z = Az}, + B(up_1(xp-1) + vi_1), (11)

where .
up_1(Xp_1) = 77x(k‘) 12
k—1(Xk—1) |:772(k):| (12)

and vi_; ~ N(0,Q). There are other model structures, like the bicycle model,
which often describe vehicle motion more accurately than the chosen CA-model.
However, as we shall see, the CA-model leads to a relatively simple implementation.

There is reason to believe that the variations in behavior between different
drivers can be large. We therefore allow the function uy_1(xx—_1) to be parameter-
ized by a vector 8j_1, which is intended to capture variations in driver preferences
and driving styles. For an example of what parameters 6;_; may contain see
Section 4.

The evolution of 6, is described by the model

Or = gk—1(0k—1,v]_1), (13)
i.e., it is assumed to be independent of all other elements in xz_l. We use
101, Vi 1) =101+ (1 = y)p + Vi1, (14)

where Vz_l ~ N(0,Qg) while v € [0,1), p and Qy are design parameters. The
proposed process model is such that when an element in 0;_; is not observable,
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its posterior distribution approaches a prior distribution representing the set of all
drivers. To illustrate the convergence of the first two moments we study

E[0y41] = +'E[0)] + pn(1 -7 (15)
2
Cov|[B41] = v Cov[By] + 11 _:};2 Qp. (16)

Thus, v determines convergence speed, whereas p and Qg/(1 — +?) are the limit
values of the first two moments as the prediction length | — oc.

The task of modelling driver behaviour in terms of ug_;(xx_1) and vi_q is
an extensive and difficult problem. To simplify the problem we assume that it is
divided into subproblems for which the uncertainties are smaller and v;_; has a
unimodal distribution.

Postulate 2. In normal traffic, the actions of a driver can be divided into
a set of different categories.

Each category typically corresponds to a driver intention such as: changing lanes,
following the lane or turning left, but it could also capture other aspects of the
situation such as if the driver is distracted or not. Given the intention of the
driver, it is easier to capture the driver behavior. We use a scalar parameter m(k)
to indicate the driver action which is currently active.

The complete state vector for the host vehicle is now given by

xj; = [(25)" 65 m(k)]". (17)

Note that the function ug_1(xx_1) depends on both 8 and m(k) and the impli-
cations of this are further discussed in Section 3.3.

3.2 Calculating the driver input ug(xy)

In the suggested framework, the driver operates the vehicle such that three main
objectives, or driving rules, are fulfilled.

Postulate 3. The driver strives to control the car in a safe and comfortable
manner, and at a preferred velocity.

The safety preference corresponds to the driver’s desire to control the vehicle such
that it stays in the preferred lane and at a safe distance to other vehicles and
objects. Distance is here both a spatial and temporal measure. Simultaneously,
the driver asks for a comfortable journey and is reluctant to be put under large
accelerating forces and jerks. The third objective captures the driver’s desire to
maintain a preferred velocity.
Based on this assumption, we can represent the driver preferences mathemat-
ically using a cost function
cost(ug_1,Xg—1). (18)
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Suggestions for cost functions that penalize trajectories which are in conflict with
the above preferences are given in Section 4. As we will see, the cost function is
implicitly dependent on the vector @ _1.

An important driver ability is to make decisions based on both the present and
upcoming situation.

Postulate 4. The driver plans ahead and tries to find the optimal route,
such that the driver preferences are considered for the mear - and not only
the immediate - future.

We wish to incorporate this property in our model, such that the expected driver
input at time & — 1 enables a desirable journey also for the near future. The
cost function is therefore evaluated for a trajectory of driver input signals and
corresponding state vectors. By selecting the trajectory with the lowest cost,
we can produce a prediction of the vehicle motion, that incorporates knowledge
regarding the road, other objects, speed limits, etc.

In a sense, we are hereby approximating the driver by an optimal controller
[20], where the optimality criterion is defined by the cost function. The optimal
driver input is obtained as u_1(xp_1) =

argmin min RN 2
Z cost(uy,,x 19
Ug—1 {uk, e uk‘-i—N—Z} ) ( 9 n)a ( )

where the future state vectors x,, n > k — 1, are calculated using the model (9).
The driver input, ug_1, is usually a nonlinear function of the state xz_; which turns
the modified CA model in (11) into a nonlinear motion model. Here we assume
that the driver completely controls the car such that there are no uncertainties in
the motion model; we set v, =0forn=k—1,....k+ N — 3.

To solve (19), we take an approach which is very common in optimal control and
which is advocated, e.g., in Betts [21]. Instead of parameterizing the problem in the
free variables ug_1,...,ur+n—2, we solve for the optimal sequence of state vectors
Z, ..., Zp+N—2. The motion model (11) (with vi_; =0forn==%,...,k+ N —2)
now enters as linear constraints on the state sequence. As a consequence, the opti-
mization problem becomes more high dimensional, but with much nicer properties.
In this alternative form, the optimization can be solved conveniently using a built
in routine in TOMLAB (http://tomopt.com/tomlab/) called SNOPT. SNOPT
solves the optimization problem using a efficient sequential quadratic program-
ming method [22]. Note, however, that depending on the choice of cost function,
the optimization problem (19) may be of different complexity. The properties of
the optimization problem hence needs to be considered when designing the cost
functions. For the cost functions presented in Section 4, which are designed so
that their first and second derivatives both exist and are continuous, and for the
test scenario described in Section 5, SNOPT computes the optimal trajectory in
less than 50 ms on a conventional computer.
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3.3 Model features

The idea of approximating the driver as an optimal controller according to an ob-
jective function has been discussed previously, e.g., in [6]. An important difference
in the new motion model is the inclusion of the parameters 8 and m(k). In this
section, we discuss the vital role these parameters have for situation assessment
and to produce reliable predictions.

Driver preferences, 6y

The purpose of the parameter 8j is to capture the individual driving style, and
allow the driver preferences to vary over time. Naturally, additional parameters
add complexity to the problem, but the benefits obtained by introducing the vector
0, are arguably more significant.

First of all, as time goes by the system gains information regarding 6j by
tracking the vehicle trajectory z?, z5,... ,ZZ. Due to improved knowledge about
0;., predictions become more accurate and biases are reduced. The objective is, of
course, to attain this performance for (virtually) all driving styles.

Second, by describing the uncertainties in 6, we can obtain a parameterized
and improved description of the uncertainties in zZ. While the cost function frame-
work provides an estimate of the expected control signal, the random vector 6
affects also the variance of ug_1(zk_1). This is a key advantage of the model
framework, which owes to the fact that the uncertainties in 8 can be propagated
to ZZ according to (10). In situations where the optimal trajectory is essentially
independent of 8y, i.e., when most drivers would act the same, the predictions are
more reliable. On the other hand, in other circumstances the optimal trajectory
may be highly dependent on the driving style, which would lead to a lower con-
fidence in the predictions as 6}, is not fully known. As we shall see in Section
5, the variations in prediction uncertainties coincide fairly well with the observed
prediction errors.

Driver intention, m(k)

It may seem like a drawback to include the hypotheses parameter, m(k), into the
state vector, as it leads to several difficulties. First, to provide a complete de-
scription of the model in (9) one must design a process model for m(k), given by
the probability function P(m(k)|x_1). A second complication is that a prede-
termined list of possible hypotheses is also needed; of course, depending on the
position of the vehicles, not all of these hypotheses may be likely. Nonetheless, for
many applications, it is also potentially the greatest advantage with the framework
since it enables straightforward and formal derivations of the posterior distribu-
tion of m(k), as demonstrated in [13]. In particular, once the intention specific
motion models have been developed, information regarding m(k) is extracted sim-
ply by examining the past trajectories of the vehicles. Thereby, one may obtain a
powerful tool to draw conclusions regarding m(k) and thus, the traffic situation.

177



PAPER IV

However, it is beyond the scope of this article to fully develop and illustrate cost
functions for multiple intentions. Thus, even though we would like to point out the
potential gains with including m(k) it is not properly investigated here. The state
vector used in the remainder of this article is therefore reduced to xI* = [(z})767]7.

4 Designing cost functions

The cost functions should be designed to capture the typical behavior of the driver.
We have partly based our choices on behavior studies used to design roads [23] and
common practise for driving taught at driving schools. As was argued in Postulate
2, the actions of the driver can be separated into different categories. Each of
these will typically require different cost functions. In this paper we focus on the
hypothesis that the driver intends to follow the right lane of the road. Designing
cost functions to describe the normal driver behavior is different compared to most
previous contributions which have been focused on predicting dangerous situations
[24], [25], [6].

We divide the cost function into four different components related to the lon-
gitudinal velocity, ¢j,(u,,X,), the lateral positioning of the vehicle, ¢, (u,,x5),
the comfort of the trajectory, c¢.(u,,x,), and the interaction with other vehicles,
cl (Un,X,) and ¢ (up, x,). Among these, cjq(Un,Xn), ¢, (Un, x,,) and ¢2, (u,, X;,)
cover the safety aspect discussed in Postulate 3. Similarly, c.(u,,x, ) ensures that
the trajectory is comfortable and ¢;,(u,,, x,,) that the preferred speed of the driver
is maintained. A weighted sum of the different components constitutes the total

cost

cost (U, Xp) = QoClo(Un, Xp) + QaCla(Wn, Xn) + eCe(Un, Xn) + QinCin(Un, Xp)
(20)
where the parameters «y,, a4, @ and «;, decide how the driver gives priority to
the different costs.

As mentioned in previous sections, driving preferences, and thus driving style,
are characterized by the vector 8. In our implementation, 6, determines «;, and
Qin, but also the parameters ﬁﬁ_ref(k‘) and ¢, (k) related, respectively, to c¢j,(u,, X,)
and ¢, (uy,x;,) defined below. We will return to the parameterization of 6 and
its process model in Section 5.2. The remaining weight parameters are assumed
constant and are given the values oy, = o, = 1.

4.1 Longitudinal cost function, ¢,(-, )

The longitudinal cost function reflects the driver’s desire to maintain a specific
speed, given by the parameter f]ﬁ_mf. To punish trajectories for which the speed of
the host vehicle deviates from the reference speed, we use

Clo(Wn, Xp) = (7} (1) — i re()). (21)
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Figure 2: Lateral cost function for following the right lane. The figure specifies
the mathematical expressions for the different road regions.

If this cost function is omitted, the optimal driver tends to slow down as that leads
to a safe and comfortable journey. Like the other parameters in 6y, f]ﬁ_mf(k:) is
partially unknown initially. However, ﬁil_ref(k:) is special since it sometimes varies
significantly over time, e.g., when the vehicle exits or enters a highway.

4.2 Lateral cost function, ¢,(-,-)

The objective with the lateral cost function is to associate large costs to trajectories
outside the driver’s preferred lane; a cost related to the desire to drive safely. Fig.
2 defines how ¢j4(u,,%,) depends on the lateral position 7,. The background in
Figure 2 consists of a road, portrayed with thick grey lines divided into different
cost segments. In the expressions, CW is the width of the car and LM is a margin
to the lane edge, whereas k1 and ks are design parameters used to tune the cost
function. We use k1 = 1000 and ko = 3.

4.3 Comfort cost function, c.(-,-)

The comfort cost corresponds to the driver’s desire to steer the vehicle in a smooth
and comfortable manner. Smooth trajectories are accomplished by increasing the
cost for large accelerations and jerks. However, the acceleration perceived by the
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driver is not equal to the acceleration of the vehicle expressed in curved road
coordinates. Instead, the global Cartesian coordinate system (&;,&,) is used. It
is easy to construct a nonlinear mapping 7' : R? — R? from road coordinates to
Cartesian coordinates, i.e., T' is such that T'(n,n,) = [&2 Sy] Using the mapping

T it is also possible to compute (£(n), {Z(n)) and (ﬁh(n), 52( ) from z", r,, and

(75 (n), iy (n).

To simplify the expressions we introduce the notation £h \/ Eh(n)? + §y n)?
and 5 \/ 3 ( )2. The cost function is divided into two parts:
ce(Ta(n), h(n), 20, 10) = ca(€(n)) + (€ (n)), (22)

where ¢,(-) is related to the acceleration, and ¢;(-) is related to the jerk.
Empirical studies indicate that people are fairly insensitive to jerks and ac-
celerations up to a certain level, above which the motions feel more unpleasant
(possibly with the exception of accelerating forces). We use functions c,(-) and
¢j(+) of the form
{E2
4 when x < g,

clz) =<9 (23)
<

5 x?
6 1o

6
5 ) otherwise.
g

As a consequence, we get cost functions which increase more rapidly for z > ¢g and
which have continuous derivatives. Based on information from [23] we set g = 2
for ca(-) and g = 1.5 for ¢(-).

4.4 Cost functions for vehicle interaction, ¢;,(-,")

An important aspect in the proposed motion model is that it not only incorporates
the interaction between the vehicle and the road, e.g., in ¢;,(u,,x,), but also the
interaction with other vehicles. Here we define a cost function which seeks to
penalize trajectories where vehicles are too close. We limit our design in this
article to situations when there is one more vehicle close to the host vehicle. The
vehicle interaction cost contains two parts

Cin(urw xn) = Ciln(urw xn) + szn(uru Xn), (24)

which concern the temporal and spatial distances to the other vehicle, respectively.
To measure the temporal distance we introduce the time headway

(k) — ny (k)
il (k)
which reflects the time it takes for the host vehicle to reach the current position
of the target vehicle. A typical driver is reluctant to allow the time headway to

th(k) = (25)
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become too small, whereas it matters less if ¢}, is, say 4 seconds or 10 seconds. The
cost function

Gn=tn(k))® -
Cit (Wn, X ) = { e~ L0 <tw(k) <ty

(26)
0 otherwise,
is selected to enable our model to capture this behavior, and ¢, is included in the
state vector 6.
The spatial distance is here defined as the distance between the longitudinal
positions of the two vehicles

d(k) = ng (k) — i (k). (27)

In this case, we design the cost function for a scenario where the target vehicle is
initially positioned ahead of the host vehicle, on a single lane road. A reasonable
cost function for the spatial distance should be large when d(k) is small (and even
larger when d(k) is negative). We use the cost function

0 ifd<d
(d—d)® o
Cint(unyxn) = (8_4)2 itd<d<d (28)

Note the resemblance to (23), if we set z = d—dand g = d — d. The parameter
values used in our evaluations are d =5 and d = 2.

5 Evaluation results

To evaluate our model we study how well it explains (predicts) two different
driving sequences. The sequences are real traffic situations, collected using the
same driver on straight, busy, two-lane roads at two different places in a city. The
host vehicle is positioned in the middle of the road and is traveling behind a target
vehicle, see Fig. 3. The two vehicles are closely spaced, such that the host vehicle
has to slow down when the target vehicle slows down, see Fig. 4 and 5.

The host vehicle is equipped with a 77 GHz radar sensor, which measures the
range and range rate to the target vehicle. Based on these and internal mea-
surements on the host vehicle speed and acceleration, we estimate the trajectories
Z}L‘ = [z}f, . ,z}i] and Z}, = [z'i, e ,th] using a Kalman smoother. As benchmark
we use a CA model also for the host vehicle. For notation, we introduce

My : constant acceleration model

My : proposed motion model,

to indicate the choice of model.
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Figure 3: Test scenario: Host vehicle, described by a state vector zz, travels on a
straight road behind a second vehicle, described by z.

5.1 Evaluation criteria

We will mainly study two different properties of the model, where the first concerns
the prediction capability and the variations in prediction uncertainties. More
specifically, we will compare the mean and the variance of the density! p(z |Z 1>
Zi |, M;), fori=1and 2, to the observed trajectories.

The second property is the model likelihood

p(Z}, 2 | M;) = p(Z} |2, Mi)p(Zh | M), (29)

which is a standard criterion in model testing, see [2]. As we are mainly in-
terested in the ratio between the two likelihoods, our evaluations below study
Z%‘Zt , M), since p(ZtL|./\/lZ) does not depend on M;.

5.2 Filtering 6,

In this section we describe how 8} is treated in the evaluation.

Motivation

We notice that both criteria involve the computation of densities of the host state
vector, either p zk‘Zk L2, M;) or p(Z%!ZE,Mi). For the CA model, these
densities are completely determined by the process noise covariance matrix C, =

diaug;[o*-z,']-z azﬁ-y]. In the evaluations, we select o%- and 0-2,-7-?! in order to maximize

Mz
p(Z}|Z], My).

For the proposed motion model, these densities are, in principal, evaluated in
the same way. We will describe the evaluation steps for the density p( Z |Zt ,Mas)
first. Later, at the end of Section 5.2, We explain how the algorithm can be
adapted to instead compute p(z ‘Zk 1 k 1,Ma). To simplify the calculations,
we decompose the likelihood as

L
p(Z} |25, Ma) = ] p(2}| 251, 25, M), (30)

k=1

'n this section, all densities are conditioned on the initial states, zf and z§, even though these
variables are omitted for brevity.
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Figure 4: An illustration of the positions, velocities and accelerations of the two
vehicles, in the first sequence, as functions of time.

and our primary goal is therefore to find p(zZ‘Zg_l,Z'}J,Mg). Note that this
expression is not conditioned on 0. By marginalizing the dependence on 8y, the
variance of @ will influence the uncertainties in the predictions of ZZ.

To evaluate

p(2}| 2y Zi, M) = / p(2i|Ok1, Zi s, 21, Mo)p(Or 1| Zji_y. Zi, M2) Ay,

(31)
we approximate p(Ok_1|ZZ_1, Z' . M,) as a Gaussian density and then apply the
Unscented Transform [26] to obtain a Gaussian approximation of (31). In Section
5.2 we describe how to obtain p(60y_1 ‘Zz_l, Z' ., M5) using the Unscented Kalman
Filter (UKF), but first we describe 6} and its model in more detail.

Parameterization of 0,

The time evolution of @) was described already in (13) and (14). We have pre-
viously mentioned that 6, defines ay,, n., ﬁ)}z_rof(k) and t(k), and we now wish
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Figure 5: The positions, velocities and accelerations of the two vehicles, in the

second sequence.

to specify how. For some of the parameters, it appears equally likely that they
should increase by, say 30%, or to decrease by the same amount. For the process
model in (13) and (14) to agree with this, we use the parameterization

OCl()(k)

8 coth)

(32)
ﬁil—rcf(k)

where &, = 1, a4, = 70 and #, = 2. The other model parameters are p =
[0006]", v =0.95" and Qp = diag[l 1 1 0.08]/80.

The filter recursion

Here we present a recursive algorithm to compute p(Bk‘Zh ,Z My) from
p(Ok_1|ZZ_1,ZtL,M2). We use the Unscented Kalman Filter (UKF), which is a
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Kalman-like technique to approximate the updated density? p(Gk_l‘ZZ, Zt, My)
and the predicted density p(Ok‘Zﬁ, Zt Ms).

In the update step, we adjust the prior density with the information obtained
from the likelihood function?

(01,71, ZL) < N (BT [zg - Azg_l} w1 (1,2l ZL), Qz> . (33)

In (33), we have used the singularity of p(ZZ|0k—1, ZZ_I, Z' ) (there are only uncer-
tainties in some dimensions) in order to reduce the dimension, by multiplying with
the Moore-Penrose pseudoinverse, Bf. To employ the UKF, it is more convenient
to express (33) as

B! |7 — Az, | = we (851,70, Z1) + Vi, (34)

where Bf [ZZ — Azﬁ_l] is regarded as the measurement equation. The update step
of the standard UKF algorithm can now be applied based on (34), see [26], [27].
We employ the UKF parametrization defined in [27] with [« 5 k] = [1.05 2 0].

In the prediction step, we assume that we have a Gaussian prior density,
P(Ok—1|Z}, 25, Ma) ~ N (015 011, Pr—1jn)- (35)

Since the process model for 6y, described in (14), is linear and Gaussian, the
predicted density is also Gaussian

p(Ok|Z}:, 21, Ma) ~ N (O1; Oy P, (36)

where Oy = 701 + (1 — y)p and Py, = v*Pr_yp + Q..

From an implementation perspective, the UKF is very convenient to use but has
the disadvantage that it requires us to evaluate uy_1(6x_1, ZZ—1= ZtL) several times
(once for each sigma point; since 8_1 contains 4 elements we have 2 x 4 +1 =19
sigma points).

We have here written the densities conditional on ZtL. The calculations when we
instead condition on Z! are analogous, but with a slight difference in the update
step. As we have seen, the function uy_; takes ZtL as input in order to know
how to compensate for the vehicle interaction, c;,(-,-). When 2,2z} ... 2z} are
unknown, we predict these based on z};_l. The approach taken here is to use the
predicted mean of the CA model, 2112—1+l = Alz’,;_l. (Note that ¢ stands for target
whereas A is raised to the power of [).

2As z} is related more directly to 05_; than to @y, the suggested order (first update,
then predict) is more straightforward; normally one would instead first predict, compute
p(Ok’ZZ,l, Z% , Ms), and then do the update, calculate p(Gk{ZQ, 7, Mo).
In previous sections, uy—_1(-) only took xz_1 as input. However, when Z} is known we use it
as an additional input. To understand how this influences the computations, see the discussion
at the end of this subsection, Section 5.2.
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5.3 Results

As mentioned above, we observe two cars driving on a straight road in a city.
We evaluate the criteria in Section 5.1 on two different sequences, see Fig. 4
and 5. Both sequences are interesting since there is interaction between the two
vehicles; the host vehicle is forced to slow down when the target vehicle slows down.
Measurement data is obtained with the frequency 20 Hz. However, to speed up
the optimization algorithm we assume 7T = 0.3 and a prediction horizon N = 10
(see (19)) during our calculation of ug_1(+).

Prediction accuracy

We now wish to evaluate how well the predicted density p(z !Zk 1> k 1, Ma)
corresponds to the observed trajectories. The motion model in (11) is driven only
by the jerk values between the sample instances. We will therefore compare the
predicted jerk values (obtained from uy_1(-)) with the values computed from the
measurements. For the CA model we use the values 0727@ = 0.95 and 07.2736 = 1.08
for the first and second sequences, respectively, since these values maximize the
likelihood, see Section 5.2.
Fig. 6 shows the jerk predictions obtained from our model

E{T] ‘Zk 1722—17M2}7

which is denoted here as modified CA, together with the observed jerk values.
Note that the jerk predictions provided by the CA model are zero at all times. As
we can see, the jerk predictions are fairly accurate most of the time. In the first
sequence, the predictions are less accurate at around ¢ = 6 when the host vehicle
temporarily accelerates even though the target vehicle slows down. Similarly,
for the second sequence the model incorrectly predicts an increased deceleration
at t ~ 14. However, overall the predictions from the modified CA model are
substantially better than those from the standard CA model.

For the predicted density to be accurate, it is also important that it has a
reasonable variance. Let us denote the error between the predicted jerk and the
observed jerk by Anﬁ(k) Ideally, we would like the variance of the predicted
density,

Var{7( |Zk 12y, Mo},

to be identical to (A7"(k))? on the average. As discussed previously, we hope
that the model also has an ability to know when the predictions are reliable and
when they are more uncertain, see Section 3.3.

The variance of the predictions (the uncertainties in the predictions) and the
prediction errors are given in Fig. 7 and 8 for the respective data sequences. On the
average, the variance is 0.65 and 0.83 in the first and second sequence, respectively,
whereas the correspond errors, (A7"(k))?, are 0.45 and 0.36. The model is thus
overestimating the uncertainties, but at least the order of magnitude is correct.

186



A NEW VEHICLE MOTION MODEL FOR IMPROVED PREDICTIONS AND SITUATION ASSESSMENT
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Figure 6: Predicted and true jerk for the two trajectories.

At several occasions, like at around ¢ = 6 and ¢ = 8 in the first sequence and
at t &~ 13 in the second sequence, larger prediction variances coincide with larger
errors. Since an increased prediction variance can only be caused by uncertainties
in O, this is a good sign in favor of the filter described in Section 5.2. Though
the evaluation is limited, this is still a promising indication.

Model likelihood

We stated above that we wish to compute p(Z’L‘,ZtL‘MZ-) for My and Mo, as a
measure on how well the models explain the data. However, by studying

k
log p(Z| 27, My) = ) logp(a} | 2]y, Z}, M), (37)
j=1
fork =1,..., L we also get information about how well the models explain different

parts of the sequences (the logarithm is merely included to enable us to illustrate
functions of different magnitudes in the same figure). In addition, we also include

187



PAPER IV

Var("'fﬁ(/f)|zﬁfp Zi_, M,)
4F T T T ]

Figure 7: Prediction uncertainties and prediction errors for the first sequence.

the function
k
ZIOgP(ZﬂZ?—l?Z;aMz)a (38)
j=1

which is made up of the predictive densities discussed in Section 5.3. In the
figures, we refer to logp(ZZ‘Zt ,Mj) as CA, logp(ZZ‘Zt , M3) as Conditional CA
and Z§=1 logp(zﬂz;?_l, Z%, My) as Modified CA.

The three log-likelihood functions are shown in Fig. 9 and 10 for the first and
second sequences, respectively. Generally speaking, Modified CA and Conditional
CA are similar and significantly larger (better) than CA. Compared to the pro-
posed model, here represented by Modified CA and Conditional CA, CA explains
the data very poorly when the acceleration changes notably; its likelihood func-
tion decreases quickly at those times whereas both Modified CA and Conditional
CA are much smoother. The only clear exception is the Conditional CA which
decreases substantially around ¢ = 6 in the first sequence. The reason for this is
that the model expects the driver to break harder when there is instead a slight
acceleration; the same phenomenon was discussed previously related to Fig. 6. To
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Figure 8: Prediction uncertainties and prediction errors for the second sequence.

put the numbers in Fig. 9 and Fig. 10 into perspective, Jeffreys [28] states that
a log-likelihood difference greater than 2 should be viewed as decisive evidence as
to what model is true.

6 Conclusion and future work

We have presented a general framework for modelling vehicle motion. By includ-
ing the influence of the driver into the model, an improved prediction ability is
obtained. Moreover, with a formalized treatment of uncertainties in the underly-
ing model parameters, the description of the prediction uncertainties is improved.
Specific attention was here given to adapting the model to when the driver follows
the right lane of the road. Accurate data from real driving situations was collected
to study the model properties. For the evaluated test scenarios, we have shown
that a model developed using our framework describes reference data considerably
better than the commonly used CA model.

There are several possibilities to further develop the motion model. First
of all, more driver intentions should be added to capture interesting scenarios
such as lane changes, overtakings and distracted drivers. For these scenarios, the
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main challenge is to design suitable cost functions which accurately represent the
driver behavior and still result in a manageable optimization problem. Further, a
more extensive validation is needed using more test scenarios and several different
drivers. The validation data should be used to investigate the model’s capability
to adapt to different driving styles, and also be used to fine tune the cost functions
presented in this paper. Finally, it would be interesting to explore the usefulness of
the prediction capability of the model in a decision making algorithm. For instance
in a collision avoidance application or for run off road detection.
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A DESIGN ARCHITECTURE FOR SENSOR DATA FUSION SYSTEMS WITH
APPLICATION TO AUTOMOTIVE SAFETY

Fredrik Bengtsson, Lars Danielsson

In this paper we present a modular sensor data fusion functional architecture, tailored for
development of automotive active safety systems. The purpose of the fusion system is to
provide active safety applications with accurate knowledge regarding the environment
surrounding the vehicle. Our proposed functional architecture is designed in such way that
the fusion system is easy to maintain, upgrade and re-use. These aspects are assessed by
the use of a reference implementation which is evaluated in terms of tracking performance
and scalability. Furthermore, the reference implementation demonstrates that a system can
be implemented using rapid prototyping tools, from which we can automatically generate
c-code.

INTRODUCTION

In order for automotive active safety applications to make decisions about when to warn or
intervene in dangerous traffic situations, reliable information about the traffic environment
surrounding the vehicle is needed. Measurements on the environment are typically
supplied by sensors mounted on the vehicle, for example radar sensors and vision systems.
In order to meet the challenging requirements posed by safety critical applications, it is
increasingly common to use information from several on-vehicle sensors in a data fusion
framework. The task of fusing sensor data is performed by a tracking system or perception
layer (1).

Tracking systems have been researched extensively and there is a significant amount of
results available regarding system design, e.g. (2, 3). In this paper we have regarded the
task of system design from an automotive safety system research perspective, which in
some aspects differ from many other tracking applications; sensors or hardware are subject
to change and multiple applications pose different requirements. At the same time,
hardware and software should to a high degree be shared components. The result is a
functional architecture that allows for robust, versatile implementations using known
tracking strategies.

The proposed architecture is used in a reference implementation to evaluate the design
principles. Algorithms are implemented using Mathworks Embedded MATLAB, from
which it is possible to generate c-code and demonstrate the system in real-time on
prototype PC hardware. The work is supported by Swedish Intelligent Vehicle Safety
Systems (IVSS) program and is a part of the Sensor Fusion for Safety (SEFS) project.

PROBLEM FORMULATION

The main objective for this paper is to describe a functional architecture that can be used
when designing a fusion system, all the way from a research platform to the vehicle
production system. In this section we discuss aspects that need to be considered in order to
solve this task.
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Fusion Architecture

Active safety system research is aided by a perception layer where sensors can be
exchanged and different tasks can be developed and evaluated separately. It is also
desirable to have an architecture that allows code to be re-used through different
development steps, i.e. it should be straightforward to go from the research system to an
in-vehicle system. Embodiments intended for in-vehicle programs need to be developed in
parallel with safety applications, while as long as possible keeping the door open for
introducing new sensors or achievements regarding fusion methods. For these reasons, an
architecture suitable for both research and embedded implementations, as illustrated in
Figure 1, would be very useful.

Research platform | <* Experience

g Y
| Architecture I
| Sensor evaluation component dies::a:;':.: Vehicle programs :
: development P |
I |

U

Figure 1: Fu3|on system components are used in multiple applications, ranging from sensor evaluatlon and
research to embedded implementations in a vehicle program. A common architecture makes it possible for
every application to make use of recent developments.

Therefore we aim to present a modular architecture that facilitates fusion system
development jointly with sensor evaluation and in-vehicle studies.

Practical considerations

In the most natural multi-sensor tracking scenario all sensors are synchronized and the
complete state vector is updated using all available information simultaneously. However,
in practice sensor data is delayed due to internal signal processing algorithms or limited
communication bandwidth and will arrive to the fusion in an asynchronous manner. If this
is not considered, performance will suffer, e.g. as shown in Figure 2.

| | | |
= =
Tr—1 1 ta Ty T1 78
Figure 2: During t;_1 to t a truck moves from left to right in the figure. Sensor one reports the position at
time ¢; and sensor two reports the position at t,. However, the detections are delayed until 7; and 5

respectively. In this figure 7, > 75, which implies that the vehicle moved forward in the time interval
(tx—1, 2] and then backwards during (72, 1]

The arrival order of measurements is generally unknown in advance, and in a system with
delays it may happen that we receive a so called out-of-sequence measurement. As shown
in Figure 3, it is possible for a measurement to arrive after the state vector has been
updated with information from a newer measurement, i.e. out-of-sequence, in practice a
problem which requires special treatment.
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Figure 3: Sensor data measured at tg’j), arrive to the fusion at time ¢, where 4 define the sensor and j is a

measurement counter for that sensor. The fusion system receives data at times (¢g, t1, ..., ¢k, ... )and
must handle asynchronous measurements, some of which take longer time to reach the fusion system than
others. One reason for such behaviour is that certain sensors transmit accumulated measurements in a burst,
7)

i.e. a list of measurements. Note that t;f may be smaller than t;_1.

Filter technique and data association

Algorithms typically make use of a Kalman filter (KF) framework, while sensor specific
methods are used in pre-processing steps such as data association and track initialization.
It is important that the architecture supports filtering techniques such as Extended Kalman
filter, Unscented Kalman filter, multiple model frameworks and, to some extent, Monte
Carlo methods. At the same time, sensor specific adaptations must be allowed.

Modularity

There is often an architectural conflict between a modular and re-usable system and the
optimal signal processing algorithm, fully exploiting all the information in signals and
models. To achieve the flexibility described above, processing should be performed in a
certain order with limited information exchange between adjacent functional blocks. In
other words it needs to be modular, which may lead to suboptimal processing.

TRACKING SYSTEM

The task of a tracking system is to, at a time ¢, describe the measured environment as good
as possible given all available data, including uncertainties. Here we introduce the
discrete-time state vector x to contain everything we want to know at time ¢, = kT(k),
where T, (k) is the system sample time and k£ € N a counter. Similarly, we introduce y,, to
be the vector of measurements on the surroundings received in the time period (¢x—1 , tx)-
For a system with N sensors we form

yie =) )" - )" (1)

The task can now be formulated as to calculate the posterior density p(xk|y1, ..yk)-In

order to do this, two statistical models are needed, a process model and a measurement
model. Textbooks which thoroughly explain estimation and modelling are e.g. (4, 5).

In an automotive context, a tracking system is responsible for refining the information
supplied by onboard sensors to supply safety applications with information about the
surrounding traffic situation. In Figure 4 this relation is depicted together with components

199



that are necessary in order to calculate p(xx|y1,...yx). This includes gating and data

association, track management, measurement update and state prediction. More
information about these different components can be found in e.g. (3, 6, 7).

Sensors | Multi-sensor tracking

system

Figure 4: Schematic view of a tracking system and its components, in the context of typical automotive
comfort or safety applications.

Applications

Track
management

Gating and data
association

Adaptive cruise
control

Prediction Update tracks Collision

mitigation by
braking

In a multi-sensor system, as in Figure 4, depending on the update rate of the tracking
system, the measurement vector from each sensor, y, may be composed of several

measurements of different age. In this case y? has the following structure

4,1 i,1 4,2 i,2 i, M (k i, M(k
GYT L 61) (QG2)T (02 GMENT (MR T

i = (v v

where M*(k) are all measurement lists from sensor i received in the time period (tx_1, ),
with corresponding time stamps \“*" ") That is to say, 4" contains all measurements
received at time 7" € [r#7! 1. Note that 7" is defined as the time sensor i last
delivered data prior to #;_; and that M*(k) > 0, i.e. sensor i can deliver zero or multiple
measurements during an update cycle of the fusion system. If the sensor delays are known,
the time for the actual measurement ¢\, can be derived from 7). Thus it is possible for

t,(j’j) to be smaller than ¢. Figure 3 shows how measurements from three different sensors

fall in different measurement vector slots, for example {y\>! &% @3 6Dy ¢y

FUSION ARCHITECTURE

A central requirement on the perception layer is a high degree of modularity, so that
algorithm components can be continuously developed and sensors may be exchanged or
added to the system. Further, it must be suitable for automotive safety systems regarding
e.g. in- and output data, computational load and terms of robustness, etc. It is a challenge
to design a system with these properties, but the work is aided by an appropriate high level
functional design.

Architecture outline

Our goal is to treat perception layer functional tasks in a fashion that facilitate usage
according to Figure 1. One important aspect is how to control the flow of information; the
magnitude of data transfer easily grows during development. We suggest a one-way data
flow where usage of internal variables is minimized and transferred variables are well
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specified and available to modules in a predictable fashion. A well organised data flow
that has grown during development can be slimmed at a later stage, depending on which
methods are actually used. Functional tasks are grouped into modules, chosen to facilitate
separate development and are shown in Figure 5, supporting a variety of state update
methods to be used for each sensor individually. Models should be restricted to the class
of models with the Markov property. However, usage of statistical linearization methods
allow models to be readily exchanged — only the transformation function need to be
defined — which further supports modularity.

Functional modules

A functional architecture supporting an asynchronous fusion scheme, as discussed in the
problem formulation, is shown in Figure 5. The general idea is to have a common
prediction and delay compensation block, run at each internal iteration in the fusion
scheme, and to divide the subsequent processing modules by sensor data origin. A
dedicated sensor processing module is used for each sensor, e.g. if internal sensor data is
to be processed the filter internal sensors module is activated. After all data in a cycle has
been processed, additional track handling strategies may be applied on a global level. It is
recommended to treat all parameters needed in the fusion system as input and output
signals, to avoid internal “global parameters”.

The architecture is readily extended with new blocks, e.g. including data from an e-
horizon system or implementing an estimator to be used for complex posterior
distributions. Adaptations such as performing e.g. track-to-track fusion, can be assigned to
existing modules.

Sensor 1 Sensor 2 e Sensor N

[ I J

Measurement
aggregation and sorting
PREDICTION
MODULE FILTER FILTER
INTERNAL EXTERNAL
SENSORS SENSORS
Compensate delayed o N
measurements Measurement update sf:;;f;;:n
GLOBAL
TRACK
Predict Ego vehicle Data association HANDLING

source

Track handling

Track handling

Predict Tracked objects
FILTER LANE
TRACKER

Measurement update Measurement update
Predict Road

Figure 5: Fusion algorithm functional architecture. The large block is called once for each received
measurement, executing necessary prediction and filter modules in the correct order.
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Measurement aggregation and sorting

The information from each sensor arriving to the fusion system is stored until the
beginning of the next system cycle, allowing e.g. platform specific conversions. The
aggregated measurements are sent to the fusion system in a sorted manner; the
measurement that occurred first is sent first, etc. Naturally, any knowledge regarding
expected measurement delays should be incorporated in the sorting.

Prediction module

The prediction of the state is made in four basic components, predict ego vehicle, predict
tracked objects, predict road and compensate delayed measurements. These components
make sure that the measurements and state vector are aligned in time for the upcoming
filter blocks. Typically this module is used to predict x;_; to the time of the earliest
measurement ¢, € (¢x—1, tx] and subsequently with the next measurement at ¢, € [tx,, tx]-
The compensate delayed measurements block is called in the event of an out-of-sequence-
measurement, and several strategies can be used to process such data. If models allow, a
so called retrodiction step can be incorporated in the update procedure, explained e.g. in
(8). An optimal retrodiction increases system complexity as it requires us to store previous
states, a problem which can be avoided using sub-optimal alternatives. Nevertheless,
blocks in the corresponding filter external sensor module must support retrodicted state
updates which in itself add complexity. A procedure that does not affect following
modules is to disregard measurements deemed to old, and to adapt the measurement
distribution accordingly for measurements actually used.

Filter internal sensors

The ego vehicle is often modelled in more detail than observed vehicles and
measurements not available from other vehicles are typically obtained at a high rate. For
these reasons it is suitable to perform the filtering of measurements from internal sensors
in a separate module.

Filter lane tracker

Lane tracker measurements are often pre-processed and should if possible be treated using
knowledge regarding internal filtering models. Nevertheless, this does not prevent ry from
being updated with data from external sensors in another module.

Filter external sensors

Each sensor observing the environment outside the ego vehicle has a corresponding filter
module. Sensors may observe the world quite differently and it is here detailed sensor
models are used to perform measurement prediction, data association and state updates.
Track management such as track initialization or calculating track score can be carried
out, and in multiple model frameworks, model probabilities are updated. Note that the
module input generally is an object list, which is required for efficient data association.
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Global track management

Track deletion, validation and merging of tracks can be done on a global level to
complement the limited set of track management tasks done locally for each sensor.
Strategies for object classification, for example during track validation, can be
implemented here.

IMPLEMENTATION

We have implemented a simple, but fully autonomous, tracking system to be evaluated
before proceeding to develop components further. It is based on the proposed architecture
and runs on a platform that can be used in real-time in vehicle demonstrators (9). Detailed
information regarding this particular implementation can be found in (6, 7).

Parameterization

For a total of n, tracked cars, the state vector x;, is partitioned as
xp, = [(z7°)" (z)" (Z)" ... ()" )" €©)

where z¢ is the state vector for vehicle 7 and rj, describes the road. The choice of states in
zi is directly affected by the choice of vehicle motion model. Similarly, the
parameterization of ry, is coupled with the choice of road process model.

Sensor setup

The evaluation sensor setup is limited to one radar, a lane tracker camera and internal
sensors measuring ego vehicle states.

Radar

Delphi's ACC3.5, 77GHz Automotive Radar, with a detection range of approximately 150
meters and an opening angle of 16° is mounted in the front of the vehicle. Up to 20
unfiltered detections, each consisting of range (r [m]), range rate (+ [%]) and azimuth (¢

[rad]), grouped in an object list are reported every measurement cycle (100 ms). The 5t
object list" is written

’Y(l’j) :[7’1 P1T1T2 P2 T ... 7"20‘,0207'"2()]T, (4)
letting index one denote the radar sensor.

Vision system

A camera based lane tracking system provides measurements on the vehicle heading
relative the road V. [rad], the distances to the left and right lane markings R.s and Log
[m] respectively, and the road curvature ¢, [m~!]. The j** measurement in a fusion cycle is

! for the j ** object list in the k t* iteration, but & is left out at this point for clarity reasons
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A3 = (W, Rofs Loss co]”, (5)

if the vision sensor is indexed as sensor number two.

Internal sensors

Several internal sensors are available in modern vehicles. In this system the vehicle speed
v [2], acceleration a [%] and yaw-rate W [*24] are used for ego vehicle tracking.
Consequently,

Y =[va ¥, (6)

Filtering

A statistical linearization algorithm (10) is used to estimate effects of nonlinear
transformations, resulting in the so called Unscented Kalman filter (UKF). Effects of
linear transformations are calculated analytically. The global nearest neighbour data
association method is implemented using the auction algorithm (11) and unlikely
associations are ruled out using ellipsoidal gates. Unassociated measurements yield new
tracks, confirmed when associated with measurements n-times out of m possible. Track
deletion occurs using a similar scheme, or when uncertainties are larger than a threshold.
Measurement delays are estimated and assumed known and, when using a single radar,
there are no problems with out-of-sequence-measurements.

Vehicle motion model

The same parameterization and dynamic model is used for other vehicles as well as for the
ego vehicle. We include the global position (¢;, &, ), heading ¥, velocity v, yaw-rate ¥ and
acceleration a in the vehicle state vector:

ze=[% & v all (7)
The motion model is derived from the continuous-time model
2(t) = [v(t)cos(¥(t)) v(t)sin(¥(t)) ¥(t) a(t) 0 0]T+[0 0 0 0 vy(t) va(t)]". (8)

v;(t) and v, (t) describe modelling errors and are continuous time Gaussian stochastic
processes. Both are zero mean and white, with intensity ¢, and g, respectively. A fixed
step-length discrete model is used, a derivation of which is presented in (12).

Road process model

We follow suggestions from e.g. (13) and use a clothoid model to make a local
approximation of the road curvature around the ego vehicle. The curvature cq changes as a
linear function, so at distance 7 ahead of the ego vehicle, the curvature is written

co(n) = co(0) +n e, ©)
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The road state vector contains ego vehicle heading angle relative the road, distances to
the lane markings and the curvature parameters (co, c1). Apart from ¢, described in (9), all
states are modelled as constants influenced by zero mean white Gaussian noise (WGN).

Measurement models

The radar sensor model is kept fairly simple, which is sufficient for this evaluation. It is
assumed that the vehicle can be modelled as a point target, i.e. at most one measurement
may originate from each vehicle. The measurement equation for one radar detection
(i=1),1is

r
,),;,j =7 |+ W,lc’j, (20)
¥
where, omitting the time dependency (k) and assuming the detection originates from
vehicle {,

P - — )2+ (€ -6 — )2

i = vl cos(— (1! — ™) + @) — v cos ()
!

o= tan () g g, . 1)

x

(€2, €y, €) rEPresent the sensor mounting position and orientation in the local ego vehicle
coordinate system. The ego vehicle motion is considered a deterministic control signal and
measurement noise, wy.”, is WGN with known covariance.

Measurement models for the ego vehicle sensors and the vision system are linear. The
vision system sensor model (i = 2), using the identity matrix I, becomes

%f’j = [ Iixa O ] ri + Wﬁ’j, (12)
and the sensor model for internal sensors (i = 3) is written

’Y}:)’j = [ 03,3 I3 } zy° + Wi“i- (13)

EVALUATION

It is hard to assess and quantify architecture performance. In this section we aim to
demonstrate that the purposed fusion architecture is capable of producing a functional and
processing efficient perception layer, using rapid prototyping tools. This is accomplished
by evaluating the estimation accuracy of the reference implementation and by making
predictions of the computational load when additional sensors are included.

Performance comparison and evaluation

We compare the estimates from the reference implementation with that of a sensor
specific tracker used in active safety systems already on the market, relative ground truth
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data. The aim is to show that our modular system is capable of performing on par with or
better then a dedicated sensor tracker based on the same data, and that estimates are
sensible relative ground truth data.

The comparison is limited to two scenarios. Scenario 1 involves the lead vehicle making a
hard braking manoeuvre whereas in scenario 2, the host vehicle is accelerating towards the
target vehicle. Sensor data from the described sensor setup is collected together with
highly accurate differential global positioning system (DGPS) measurements of the
position of both the host and the tracked vehicle. Using these DGPS position
measurements we estimate the quantities needed to evaluate the tracking performance.
Note that only the position is measured directly and that other states are calculated using
the motion model derived from (8) and a UKF filter. Hence, the estimates of the other
states can mainly serve as an indication of the magnitude of the true errors. The
parameters in the implementation have been tuned to cover common scenarios, and the
same setup is used for scenario 1 and scenario 2.

0 5 10 15 20 25 0 5 10 15 20 25 30
Time [s] Time [s]

Figure 6: Evaluation of estimation accuracy for scenario 1 (left) and scenario 2 (right) using DGPS position
measurements as reference. In the figures are the Euclidean error shown for all the states in the state vector
for the target vehicle using the reference implementation (black) as well as for the sensor specific tracker
(red), for applicable states.

Results, shown in Figure 6, indicate that a tracking system implemented using the
proposed architecture is capable of delivering sensible estimates and that performance is
comparable with that of a dedicated sensor tracker.

Processing time evaluation

The second aspect of our fusion architecture to be evaluated is it's scalability in terms of
processing time for the multi-sensor system. As shown in Figure 5, adding a sensor does
not affect the content of other modules. Hence, we can imitate a multi-sensor system by
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independently duplicating both the prediction for the tracks and the filtering module for
the external object sensor, i.e. simulating additional radar sensors. This way it is possible
to simulate a larger number of simultaneous tracks, and multiple sensors.

In Table 1 the mean and maximum processing time for a system with 1 — 5 simulated

external object sensors is shown. Simulated sensors deliver data simultaneously, which in

corresponds to a “worst case” scenario. The processing times are measured running the
algorithm in MATLAB on a laptop PC (Intel Pentium M 1,66 GHz). Initial tests indicate

faster processing when running algorithms on a dedicated development hardware, i.e. XPC

or dSPACE autobox (14, 15).

Table 1: Mean and maximum processing time for a system based on data from 1 - 5 sensors.

Processing time [s] | DF1 DF2 DF3 DF4 DF5

Mean 0,0049 | 0,008 | 0,0110 | 0,0141 | 0,0171

Maximum 0,0123 | 0,0191 | 0,0284 | 0,0367 | 0,0462
(+55%) | (+48%) | (+29%) | (+20%)

The measured processing times indicate that this implementation can run at least in 20 Hz
incorporating data from 5 sensor similar to the forward looking radar.

CONCLUSIONS

We have proposed a fusion functional architecture that is modular in nature and support
code and component re-use through different incarnations of the system. The architecture
supports rapid prototyping tools, from which code suitable for production projects can be

automatically generated. Sensor specific filter components with well defined input and
output signals allow a high degree of adaptation while maintaining the general filtering

framework. Several filtering techniques, such as the KF, UKF and EKF, are supported and
can be used jointly in a single system. A reference implementation of the system based on

standard methods run in real-time and performs on par with, or better than, a sensor
specific tracker when using the same input data. We conclude that the proposed fusion

architecture facilitates technology transfer and enables us to research and develop high-
performing multi-sensor tracking systems for automotive safety systems in a structured,

non-limiting, fashion.
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