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Abstract

To help drivers avoid or mitigate the severity of crashes, advanced driver assistance
systems (ADAS) can be designed to provide warnings or interventions. Prospective
safety assessment of ADAS is important to quantify and optimise their safety benefit.
Such safety assessment methods include, for example, virtual simulations and test-
track testing.

Today, there are many components of virtual safety assessment simulations with
models or methods that are missing or can be substantially improved. This is
particularly true for simulations assessing ADASs that address crashes involving
cyclists—a crash type that is not decreasing at the same rate as the overall number
of road crashes in Europe. The specific methodological gaps that this work addresses
are: a) computational driver models for car-to-cyclist overtaking, b) algorithms for
model fitting and efficient calculation of ADAS intervention time, and c¢) a method
for merging data from different data sources into the safety assessment.

Specifically, for a), different driver models for everyday driver behaviour while
overtaking cyclists in a naturalistic driving setting were derived and compared. For
b), computationally efficient algorithms to fit driver models to data and compute
ADAS intervention time were developed for different types of vehicle models. The
algorithms can be included in ADAS both for offline use in virtual assessment
simulations and online real-time use in in-vehicle ADAS. Lastly, for ¢), a method
was developed that uses Bayesian statistics to combine results from different data
sources, e.g., simulations and test-track data, for ADAS safety benefit assessment.

In addition to presenting five peer-reviewed scientific publications, which address
these issues, this compilation thesis discusses the use of different data sources;
introduces the fundamentals of Bayesian inference, linear programming, and numerical
root-finding algorithms; and provides the rationale for methodological choices made,
where relevant. Finally, this thesis describes the relationships among the publications
and places them into context with existing literature.

This work developed driver models for the virtual simulations and methods for
the reliable estimation of the prospective safety benefit, which together have the
potential to improve the design and the evaluation of ADAS in general, and ADAS
for the car-to-cyclist overtaking scenario in particular.

Keywords: Traffic safety, overtaking manoeuvres, cyclist, safety benefit, natu-
ralistic data.
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Part 1

Introductory chapters






Chapter 1

Introduction

According to the Annual Accident Report by the European Commission (EC, 2021),
road traffic crashes cause 22,700 fatalities and 1.2 million injuries each year in Europe.
Similar numbers are reported for the United States by National Highway Traffic
Safety Administration (NHTSA) (NCSA, 2021). Advanced driver assistance systems
(ADASSs) are being developed and introduced onto the market in order to reduce the
number of crashes. ADAS helps the driver avoid collisions with other road users
such as vehicles, pedestrians, and cyclists.

Safety benefit assessments are performed to evaluate ADASs and quantify their
expected real-world benefit. Their assessment has a high priority among various
groups of stakeholders (Page et al., 2015). For example, policymakers need to
understand the benefit of safety systems to be able to decide on mandatory vehicle
safety equipment design in order to further reduce road deaths and injuries. Consumer
organisations play a role in raising public awareness of car safety and promoting the
usage of safer vehicles. Vehicle manufacturers and safety systems suppliers seek to
refine ADAS performance and optimise their safety benefit.

While safety benefit assessment approaches have improved over the years, there
are many components where models or methods are missing or can be substantially
improved. Although this is true in general, it is particularly timely for assessing
ADAS addressing crashes involving cyclists, because the number of cyclists in traffic
is increasing and crashes involving cyclists is not decreasing at the same rate as the
total number of road crashes in Europe (European Commission Directorate General
for Mobility and Transport, 2018).

1.1 Why focus on cyclist crashes?

According to the World Health Organization’s 2018 Global Status Report, vulnerable
road users (VRUs), such as pedestrians and cyclists, constitute 26% of road traffic
deaths (WHO, 2018). In the European Union (EU) in 2017, 8% of road fatalities
were cyclists (European Commission Directorate General for Mobility and Transport,
2018).

Preventing collisions with vehicles or mitigating their violence would greatly
reduce the number of cyclist fatalities and severe injuries, thus contributing to a

3



4 1.1. Why focus on cyclist crashes?

safe transport system for all road users as part of the 2030 Agenda for Sustainable
Development Goals’ prioritising road safety (WHO, 2018; Tingvall et al., 2020).

In traffic there is a wide range of critical scenarios that drivers and cyclists may
encounter that lead to crash and injury risks for the cyclist. One scenario stands out,
however: data analyses from several countries (France, Germany, Italy, Netherlands,
Sweden, and UK) using different crash databases all show that the most prevalent
scenario is a cyclist crossing the road approximately perpendicular to and approaching
a passenger car (Op den Camp et al., 2014). Longitudinal scenarios in which the
car and the cyclist are travelling in the same direction and the cyclist is impacted
from behind by the car also comprise a substantial portion of car-to-cyclist crashes.
These longitudinal scenarios account for 10-49% of all fatal crashes between cars and
bicyclists, and they account for 7-29% of crashes with serious injuries. (The exact
percentages depend on the country.) For these scenarios in France, Germany, and
Sweden, 40-50% of the crashes with serious injuries and 75-85% of the fatal crashes
occurred in rural areas and on straight roads (Fredriksson et al., 2014; Uittenbogaard
et al., 2014). The longitudinal scenarios made up the largest share (ranging from
25-64%) of cyclist fatalities in car-to-cyclist crashes in Germany, Hungary, and
Sweden; the high fatality rates are linked to the high car impact speeds observed
on rural roads (Wisch et al., 2017). In Japan, the longitudinal scenarios represent
approximately 8% of all car-to-cyclist crashes and 48% of fatal car-to-cyclist crashes
(ITARDA, 2018). In the US, longitudinal scenarios represent approximately 9% of
all car-to-cyclist crashes and 11% of those crashes which resulted in injury, but 45%
of fatal car-to-cyclist crashes, according to MacAlister and Zuby (2015).

Similar findings have been reported for Sweden alone; in 2017, 84% of the severe-
to-fatal bicycle crashes reported by the police were collisions with motor vehicles,
of which 70% were with passenger cars (Trafikverket, 2020). Most of these crashes
occurred at intersections or in situations where the car and the bicycle share the road
and are going in the same direction (Isaksson-Hellman and Werneke, 2017; Wisch
et al., 2017).

Although car-to-cyclist collisions are more frequent in crossing situations, the risk
of a severe-to-fatal injury is significantly higher for collisions in the same-direction
situation (Isaksson-Hellman and Werneke, 2017; Wisch et al., 2017; Diaz Fernandez
et al., 2022). When cars and cyclists share the lane, cars typically need to overtake
cyclists, creating dangerous conflicts—especially on rural roads, where cars travel
much faster than cyclists. Clearly, collisions with large speed differences often result
in severe injuries or even fatalities.

As long as cyclists and drivers share the road, or parts of the road, it is important
that they adopt safe strategies to interact with each other (Shinar, 2017). It is
argued that the driver has the critical role, either changing the vehicle path or
failing to adjust the vehicle position to accommodate the cyclist (OECD/ITF, 2013).
The cyclist-overtaking manoeuvre is particularly challenging for drivers, since the
interactions with the other road users (the cyclist, and any oncoming traffic) may be
critical (Dozza et al., 2016). Specifically, crashes on rural roads can occur as a result
of a failed overtaking interaction (Diaz Ferndndez et al., 2022). Crashes can occur
at any point during the overtaking manoeuvre: when the car hits the bicycle from
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behind, rear-ending the cyclist; when the car side-swipes the cyclist when passing
or returning; or when heading into potential oncoming traffic (Dozza et al., 2016;
Diaz Fernandez et al., 2022). Keeping cyclists and drivers safe, specifically during
overtaking, is an important consideration in the development of ADAS.

1.2 Advanced driver assistance systems

Common ADAS are forward collision warning systems (FCW), autonomous emergency
braking (AEB), and autonomous emergency steering (AES) systems, which have
been developed during the last few decades (Bayly et al., 2007; Hummel et al.,
2011; Dahl et al., 2019; Lindman, Odblom, et al., 2010; Zhao et al., 2019). FCW
systems warn the driver (with visual, auditory, and/or tactile cues) when a collision
with a leading vehicle is imminent. It is then up to the driver to brake to avoid
a crash. FCW systems are usually designed to warn the driver as close in time to
the collision as possible, so that the warning does not activate if the driver can still
avoid the collision with a corrective manoeuvre, since acting too early may result in
the driver considering the intervention a nuisance and turning off or ignoring the
system, which would eliminate its safety benefit (Lubbe and Rosén, 2014). If the
driver does not react to the issued warning, AEB or AES can autonomously brake
or perform an evasive manoeuvre by steering, respectively, to avoid the collision
with the leading vehicle or mitigate its severity. These systems have shown great
potential in reducing car-to-car crashes such as front-to-rear end (Cicchino, 2017),
and intersection crashes (Sander, 2018; Scanlon et al., 2016). Currently, improved
FCW and AEB systems that can detect and intervene in a pending collision with
a cyclist are being developed, and the European New Car Assessment Program
(Euro NCAP) (EuroNCAP, 2019) is conducting assessments. These ADASs are
expected to penetrate the market in the near future. As with all ADAS, one of the
challenges is deciding when to brake and/or to steer to avoid nuisance interventions.
Notably, for ADAS targeting car-to-cyclist conflicts, this challenge is particularly
important because of cyclists’ vulnerability. With a timely intervention, complete
collision avoidance may be accomplished (Sjéberg et al., 2010; Nosratinia et al., 2010;
Brannstrom, Sandblom, et al., 2013), which is particularly important considering
that cyclists may suffer injuries even at low impact speeds. For example, a cyclist
could lose control of the bicycle as the result of even slight contact with an overtaking
vehicle, because a bicycle is inherently unstable (Schwab and Meijaard, 2013).
ADAS that employ driver comfort zone boundaries (CZBs) as part of their
threat assessment and decision algorithm (Lubbe and Davidsson, 2015; Brannstrom,
Coelingh, et al., 2010; Brannstrom, Coelingh, et al., 2014) may be able to ensure the
complete avoidance of collision with cyclists. Drivers try to minimize their risk by
choosing to stay far enough away from potential hazards to feel safe and comfortable
(Summala, 2007); they aim to stay within their comfort zone, and take corrective
action when the boundary between discomfort and comfort is exceeded. Some studies
have shown that ADASs using CZBs enable earlier (but justified) interventions,
because they do not intervene when the driver could still comfortably avoid the crash;
instead they trigger only when the CZB has been crossed (Sander, 2018). ADAS
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interventions may be more accepted when happening outside of driver’s comfort
zone (Aust, Engstrom, and Vistrom, 2013; Lubbe and Davidsson, 2015; Bargman,
K. Smith, et al., 2015). Thus, they may achieve a higher safety benefit because the
driver does not turn them off (for systems that offer this possibility). However, there
is still limited knowledge about when and how ADAS should intervene in overtaking
scenarios with cyclists. Indeed, the safety benefit and acceptance of an ADAS both
depend strongly on the timing of its intervention, which in turn depends on the
driver and vehicle models used. Detailed explanations of safety benefits and driver
and vehicle models will be provided in Section 1.3, 1.3.1, and 1.3.2.

1.3 Safety benefit assessment

In assessing the expected real-world safety benefit of ADAS, a differentiation is gen-
erally made between retrospective and prospective safety benefit assessments (Carter
and Burgett, 2009; Page et al., 2015; Sander, 2018). A retrospective assessment
is based on observed real-world data after the systems are available in production
vehicles on the road. It is performed by analysing meta-data (Fildes et al., 2015),
insurance claims data (Cicchino, 2017; Doyle et al., 2015; Isaksson-Hellman and
Lindman, 2016; Kuehn et al., 2009), data from national crash databases (Sternlund
et al., 2017; Garder and Davies, 2006), and naturalistic driving (ND) data (McLaugh-
lin et al., 2008; Noort et al., 2012). This type of assessment can estimate the true
effect of the systems, but it may be a long time before such systems are available in
production vehicles (Eichberger, 2010).

In contrast, a prospective assessment is done before the systems are implemented
in production vehicles by, for example, real-world testing of prototype systems using
test tracks, driving simulator studies, manual counterfactual assessment, high-level
database filtering, or virtual assessments.

Real-world testing in a safe, controlled test track environment is often used to
determine if the system works according to specifications (Edwards et al., 2015;
J. Nilsson, 2014). This type of testing has the advantage of testing the actual system,
which ensures high physical fidelity. However, the number of tests is usually limited
due to cost, and it is difficult to include driver variability in the assessment, since
the vehicles are often driven remotely (without a driver) and the other ‘road users’
are typically dummies.

The second type of assessment, the driving simulator study, in which human
drivers interact with the model of the system being evaluated, costs less (Aust,
Engstrom, and Vistrom, 2013). These studies typically assess the driver behaviour,
driver acceptance of the system and the effect of the system on driver behaviour
(Arem et al., 2012). Notably, test-track and driving simulator studies do not provide
the exposure so they need to be combined with other data sources to estimate the
safety benefit. Even though some studies have estimated the safety benefit of ADAS
from test-track results (Balint et al., 2013; Buhne et al., 2011), it is not obvious
how to scale up the results to obtain the actual safety benefit of ADAS in traffic
(Bargman, 2016).



Chapter 1. Introduction 7

Manual counterfactual assessment of existing crashes is another approach: in-
depth crash information about specific scenarios is extracted from crash data and
the system under assessment is manually applied to those scenarios on a case-by-case
basis (Strandroth, Sternlund, et al., 2012; Strandroth, P. Nilsson, et al., 2016). The
safety benefit is then computed by comparing the number of crashes that remain after
the manual application of the ADAS (which can be considered a type of filtering)
with the original number of crashes. However, it is difficult to ensure that the manual
extraction is consistently applied—nor is it obvious how to include driver behaviour
in the assessment (Sander, 2018).

In high-level database filtering (Lubbe, Jeppsson, et al., 2018; Ranjbar, 2021),
crash information about the scenarios to be targeted by the ADAS is identified. The
system is represented with a set of simple deterministic logical rules which correspond
to conditions under which the system theoretically could avoid a crash: the ruleset
defines each crash as avoidable or unavoidable. Then a comparison is made between
the number of crashes before and after the filtering, providing a rough estimate of
the potential safety benefit of the system. However, it is not clear how to estimate
whether the system would be able to mitigate the crash severity. Further, as with the
manual counterfactual assessment, it is not obvious how to include considerations of
driver behaviour.

The fifth possibility, constructing virtual representations of the conflict, overcomes
some of the issues with the four just described. Virtual safety assessments can take
into account road-user behaviours and consider the crash mitigation (as well as
avoidance) capability of the system, using virtual representations of involved road-
user behaviours. In virtual assessments, all components (driver, vehicle, and ADAS)
are simulated in a computer. These assessments are faster and cost less than test-
track and driving simulator studies, and are less prone to subjective judgement than
manual counterfactual assessments. Virtual assessments (Page et al., 2015) can be
either traffic simulations or counterfactual simulations. Traffic simulations are used
mainly to assess highly automated driving (AD), since they can incorporate traffic
flow in conditions with mixed traffic consisting of automated and non-automated
vehicles (Winkle, 2016; Rosener, 2020). These simulations usually generate very few
crashes (even when millions of kilometres are simulated) (Bjorvatn et al., 2021), so
surrogates (measures associated with crash probability replacing actual crash data,
such as time to collision, time headway and post-encroachment time) are applied
to assess the safety. Surrogates should be used with care; although there are often
links between those metrics and safety, it is not always the case. Furthermore, the
results depend very much on the models used. These simulations often use real-world
data, such as distributions of crash-contributing factors from real-world scenarios
and normal driving, as input in their traffic simulation models (Dobberstain et al.,
2017; Jeong and Oh, 2017; Yanagisawa et al., 2017; Ferenczi et al., 2015). Traffic
simulations are beyond the scope of this thesis; for reviews on their use, see, for
example, Sohrabi et al. (2021) and Liu et al. (2020).

Counterfactual simulations, as stated above, are a specific type of virtual assess-
ment. The focus of counterfactual simulations is typically on assessing ADAS, in
contrast to traffic simulations, which focus more on assessing AD (Bjorvatn et al.,
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2021; Kauffmann et al., 2022). As with other virtual assessments, counterfactual
simulations can illustrate the crash avoidance and mitigation capability of the system.
The real-world data without the system are input as baseline events. They are
the basis for the simulation with the ADAS (Alvarez et al., 2017). The baseline
events can be derived primarily from original real-world crash events (Kusano and
Gabler, 2012; Lindman, Odblom, et al., 2010; Sander and Lubbe, 2016) or modified
real-world events (Bargman, Boda, et al., 2017; McLaughlin et al., 2008; Seacrist
et al., 2020). The system is typically assessed by comparing results (e.g., collision
speed and injury risk) from the counterfactual outcome with the system to those from
the original outcome without the system (the baseline) (Kusano and Gabler, 2012;
Béargman, 2016). Thus, a re-analysis of real-world data (crashes or near-crashes) is
often performed (Béargman, Boda, et al., 2017; Bargman, Lisovskaja, et al., 2015;
Gorman et al., 2013; Rosén, 2013; Van Auken et al., 2011; Sander, 2018). The crash
events are typically reconstructed from in-depth crash databases (Chajmowicz et al.,
2019; Char et al., 2020; Lindman, Odblom, et al., 2010; Erbsmehl, 2017) or obtained
from event data recorders (Kusano and Gabler, 2012; Gabler et al., 2003). The
modified real-world events may also consist of safety-critical events (e.g., crashes and
near-crashes) from ND data (Bargman, Boda, et al., 2017; McLaughlin et al., 2008;
Seacrist et al., 2020; Victor et al., 2015; Zhao et al., 2019). Since many different
data sources can be used as a baseline in counterfactual simulations, the results may
differ in their generalisability. Data sources such as crash database reconstructions
(Chajmowicz et al., 2019; Char et al., 2020; Lindman, Odblom, et al., 2010; Erbsmehl,
2017) and event data recorders (Kusano and Gabler, 2012; Scanlon et al., 2016)
are typically much more generalisable than ND. For the former, procedures have
been developed to enable weighting (representing the number of similar collisions
that annually occurred throughout the region or nation) of the crashes, so that they
generalise at the population level to the region or nation of interest. Furthermore,
the results of safety assessments with road user models depend very much on the
specific models used (Bargman, Boda, et al., 2017); if the driver is in the loop, then
relatively accurate models of driver behaviour are needed as well. In addition to
depending on driver, vehicle, and ADAS models, the accuracy and computational
complexity of these simulations also depend on the method used to compute the
ADAS intervention time.

Several studies (Carter and Burgett, 2009; Page et al., 2015; Sander, 2018) have
proposed various approaches and guidelines for prospective safety benefit assessments
using counterfactual simulations (Alvarez et al., 2017; Fahrenkorg et al., 2019;
Wimmer et al., 2019). However, a method that combines safety benefit estimates
from different data sources (e.g., counterfactual simulations and test-track tests in
the prospective benefit assessment approach) has been lacking, although such a
method is likely to provide more accurate results.

1.3.1 Driver models

Driver models used in counterfactual simulations should be able to describe relevant
aspects of driver decisions in the scenario that the ADAS is intended to address
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(Markkula, 2015). Driver models have been classified as conceptual, statistical, or
process (Markkula, 2015; Markkula, Benderius, et al., 2012). Conceptual models,
unlike the other two, are not defined in rigorous mathematical formulations or
implemented computationally. Instead they explain the driving process and how
drivers interact with the world; some examples are zero-risk theory models (Néaatanen
and Summala, 1974), risk control models (Wilde, 1982; Janssen and Tenkink, 1988),
and hierarchical models (Michon, 1985). Statistical models explain the driver
behaviour as distributions—of, for example, reaction times (Green, 2000). Process
models produce an output, such as an action (steering or braking), using current
and past measurements (Markkula, 2015; Boda, Dozza, et al., 2018; MacAdam,
2003; McRuer, 1980; Nash et al., 2016). Process models can include components
of statistical models (Béargman, Boda, et al., 2017; Markkula, 2015). Statistical
and process models (both computational models) are expressed in mathematical
terms and are thus suitable for designing ADAS (and higher levels of automation).
They are often used to evaluate specific scenarios (e.g., overtaking) in counterfactual
simulations. However, existing computational models may not be able to capture
the driving interaction in a specific scenario, such as that between the driver and
the cyclist in overtaking manoeuvres. Available models may need to be refined, and
additional models may need to be developed (Benderius, 2012). Markkula (2015)
argues for the need to validate new models of driver behaviour for specific interactions
(e.g., overtaking) and to compare and validate existing models. Furthermore, driver
models can affect ADAS intervention timing, and the choice of driver model influences
the results of the counterfactual simulation (Bargman, Boda, et al., 2017).

Some factors that may be important in modelling driver behaviour while overtak-
ing cyclists, such as the presence of oncoming traffic (Dozza et al., 2016; Farah et al.,
2019; Piccinini, Moretto, et al., 2018), have been identified in previous research,
but not yet confirmed in ND studies. Because driver behaviour while overtaking
cyclists has not yet been modelled, it is not yet included in current ADAS or in
the counterfactual simulations used to assess them. That is, there is a research
gap in the availability of computational driver models for the overtaking cyclist sce-
nario—models that can be used in ADAS algorithms and counterfactual simulations
that assess them.

1.3.2 Vehicle models

It is important that simulations are as similar as possible to the real world and that
ADAS intervention time is correct. Thus, the simulations should be performed with
accurate, possibly complex, vehicle models (Riedmaier et al., 2020)—in addition to
the driver models. However, the usage of complex models also comes with a cost:
high computational load (J. Nilsson, 2014; Brannstrom, Coelingh, et al., 2010). One
way to keep computations tractable and enable rapid safety benefit assessment is to
use simplified vehicle models and computationally efficient methods for computing
the ADAS intervention time. Perhaps the simplest vehicle model is the point mass
vehicle model (PMM) (Rajamani, 2006) which is commonly used in motion planning
(see for example: Godbole et al. (1997), Tomas-Gabarron et al. (2013), Shiller and
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Sundar (1998), and J. Nilsson et al. (2015)). Single-track linear vehicle models are
more complex: examples are the kinematic model (KM), the steady-state cornering
model (SSCM; also known as bicycle SSCM) (Gillespie, 1992), and the dynamic
bicycle model (DM) (Rajamani, 2006), a front-wheel-steered single track (bicycle)
model. The KM’s complexity lies between the PMM and SSCM, while the DM is
more complex than the SSCM (Rajamani, 2006). The single-track models (KM,
SSCM, and DM) simplify the vehicle dynamics by using small angle approximations
and linear tire dynamics. There are also extensions of the single-track models which
include, for example, lateral drift, non-approximated steering and slip angles (Althoff,
Koschi, et al., 2017). There are also more complex multi-body vehicle models that
consider the vertical load of all four wheels due to roll, pitch, and yaw; the four
wheels’ individual spin and slip; and nonlinear tire dynamics (Bertolazzi et al.,
2007; Pacejka, 2006). One advantage of using a relatively simple model (PMM, for
example) is that it is linear; it is therefore straightforward to obtain a closed-form
analytical solution for computing the ADAS intervention time, significantly reducing
computational complexity. However, it also reduces accuracy and thus carries a risk
of false interventions. There have been efforts to benchmark different vehicle models
in vehicles motion planning (Althoff, Koschi, et al., 2017), but as far as the author
can ascertain, there is a research gap due to a lack of studies either investigating
what type of effect the different vehicle models have on the ADAS intervention time
or comparing the different models’ benefits in counterfactual simulations.

1.3.3 ADAS models

ADAS models mathematically describe the behaviour of the system’s algorithms,
sensors, and actuators, in order to create a virtual representation of the actual ADAS
system in the real vehicle. The model may consist of several sub-models, such as
sensor sub-models and collision-algorithm logic sub-models; see, for example, the
works by Sander (2018) and J. Nilsson (2014). The collision-algorithm logic sub-model
may describe the ADAS’ response to the input provided by the sensors—for example,
triggering the appropriate intervention (such as braking) at a specific threshold (such
as time to collision) to avoid a rear-end collision. The logic sub-model contains
parameters describing how commands depend on sensor input (e.g., braking slope,
maximal intensity, and response delays). The ADAS model can output warnings to
the driver model or commands to the vehicle model (e.g., brake and/or steer).
Models of ADAS are useful, for example, when the actual system is still in the
development phase and it is not yet market-ready. They are also useful for another
reason: ADAS algorithms are manufacturer-specific (the technical details of the
actual system cannot be shared for confidentiality reasons), so assumptions about the
system behaviour need to be made in order to evaluate the system. In simulations, a
model of an ideal system based on the latest requirements is often used to meet this
need (Kusano and Gabler, 2012). In a recent study, a generic description of what
an AD function may look like when adopted by users on a large scale was used in
simulations, since the specific functions in the vehicles included in the study were
confidential (Bjorvatn et al., 2021). Furthermore, a model that complies with the



Chapter 1. Introduction 11

P4
Vehicle
model

q ADAS Counterfactual Safety benefit
model simulations estimation
P3 T

Market penetration,
user acceptance

)

l

P5

Test-track

\ Data )

o
- = -

P2

Figure 1.1: Components and models addressed in this thesis, highlighting the
main foci of Papers 1-5. Blue boxes are addressed in the thesis, and the grey box
is assumed given.

current consumer testing can be designed as a reference system, to ensure that it
would perform well in today’s consumer tests, such as the Euro NCAP (EuroNCAP,
2019).

1.4 Aims and objectives

The overall goal of this thesis was to develop models and methods for the safety
benefit assessment of ADAS. The methods include improving the accuracy of the
assessment, parameterising models, and improving the computational efficiency of
simulations. Specific aims were to apply the methods in specific safety-relevant
scenarios, assess the models, and estimate the safety benefit of ADAS in overtaking
scenarios. The objectives to achieve these aims were:

1. to quantify driver’s CZBs in overtaking manoeuvres (when overtaking cyclists)
from ND data for use in driver response models;

2. to develop new and compare existing models of driver behaviour for overtaking
manoeuvres that can be used in ADAS algorithms and in counterfactual
simulations for safety benefit assessment;

3. to estimate the safety benefit of specific ADAS that integrate driver behaviour
models as part of their threat assessment algorithm;

4. to propose a framework for obtaining intervention times for ADAS as a function
of driver comfort and vehicle model; and

5. to propose and apply a framework that can incorporate multiple data sources
and combine their results into one common safety benefit for a specific ADAS.

Figure 1.1 illustrates the main focus of each paper and shows the components and
models related to the methods developed in this thesis. Paper 1 addressed Objective 1,
analysing naturalistic data to quantify the driver’s CZBs while overtaking cyclists;
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the results can be used as input to derive driver models. The analysis in Paper 1 is
extended to develop and compare different driver models (using both naturalistic
and test-track data) in Paper 2 (addressing Objective 2). When appropriate driver
behaviour models that can be integrated into ADAS threat assessment models are
available, the safety benefit of ADAS can be estimated with counterfactual simulations,
which was the focus of Paper 3 (addressing Objective 3). Paper 4 investigated how
different vehicle models (which can be used in counterfactual simulations) affect the
ADAS intervention time, addressing Objective 4 by providing a framework that allows
vehicle models to be easily and comprehensively exchanged. Paper 5 focussed on a
method for integrating the results from counterfactual simulations and physical tests
in a safety benefit estimation framework, addressing Objective 5. The framework
allows market penetration and user acceptance information to be included (when
available) in the final estimated safety benefit.

This thesis is structured in two parts. The first part consists of introductory
chapters which are organised as follows. Chapter 2 gives background on the behaviour
of drivers overtaking cyclists and the factors that affect that behaviour, and gives
the background of the data and methods applied in the papers. Chapter 3 presents a
summary of the papers. Chapter 4 discusses the outcomes of the research, together
with the limitations and directions for future research. Finally, Chapter 5 presents
the conclusions. The second part contains the original papers.



Chapter 2

Background on methods and
models

This chapter provides a reader with the background of the methods and models (e.g.,
data collection approaches, computational driver models, and mathematical methods)
applied and further developed in the papers. It also puts the methods in context
(e.g., by comparing them with alternatives), and provides background on the driver
behaviour while overtaking cyclists and on the driver models related to the methods.
First, it describes established scientific approaches for data collection, together with
their advantages and disadvantages for studying driver behaviour (in Section 2.1).
Building on the brief introduction of data collection methods in Section 1.3, this
chapter focusses on their use when modelling driver behaviour. Section 2.1 also
provides further details about crash databases (such as how the data are collected)
and gives some examples. Section 2.2 follows with a short review of the state-of-the-
art research on car-cyclist interactions during the overtaking manoeuvre, focussing on
identifying the relevant factors that influence driver behaviour, as well as established
approaches and definitions with respect to drivers’ CZBs, introduced briefly in
Section 1.2. Section 2.3 goes deeper into driver models, with a particular focus on
computational driver models and introduces plausible inputs used in these models,
based on the literature. Section 2.4 introduces convex programming and explains
how it can be used to find parameters for computational driver models. Section 2.5
introduces numerical algorithms for finding roots in mathematical functions, which is
an essential part of the numerical computation of ADAS functionalities. Section 2.6
gives the fundamentals of Bayesian inference and Bayes’ rule. The last section
summarizes the methods applied and further developed in the papers and links them
to the objectives.

2.1 Data collection methods for modelling driver
behaviour and assessing safety benefits

Creating and evaluating models of everyday driver behaviour require an understanding
of driver behaviour in the specific scenario which the ADAS is intended to address,
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such as car drivers overtaking cyclists. To understand driver behaviour, driving data
are required. Behaviour studies can provide detailed data about how drivers behave,
such as their choice of speed, the distance they maintain to surrounding objects, and
their use of controls (e.g., steering wheel, gas and brake pedals). The data can be
collected in driving simulators, on test track, or in real traffic. The advantages and
disadvantages of each option for studying driver behaviour are explained below.

Driving simulator studies offer great possibilities for studying the behaviour of
real drivers in specific scenarios (e.g., overtaking), with tight experimental control
over the participants and driving context (Shinar, 2017). Tight experimental control
allows factors to be manipulated; for example, one or more independent variables
can be changed to test their effect on the dependent variables. These studies are
relatively low-cost, taking into account their ability to collect lot of data in a short
time (Shinar, 2017). Another advantage lies in the possibility of evaluating driver
behaviour in situations that would be difficult, unethical, and/or unsafe to study
on real roads (Boyle, 2020). The driving simulator is a safe environment in which
participants can not only interact with technologies that do not yet exist in the real
world but can also be exposed to conflict situations without harm (Shinar, 2017;
Young et al., 2009). However, multiple exposures to the same conflict situation
may create problems related to driver adaptation and ecological validity (Engstrom,
2011). The term ‘ecological validity’ (Green, 2000; Hoffman et al., 2002) refers to
the degree to which the observed behaviour in an experiment reflects real-world
behaviour patterns: in this case, what drivers typically do when driving in real traffic
(Shinar, 2017, p. 50).

Another relatively controlled type of study, typically considered to have more
ecological validity than driving simulator studies, is the test-track (TT) experiment
(Mullen et al., 2011). In these studies, participants typically drive a real car on a test
track, while a researcher might sit in the passenger seat. The experiments may be
more difficult to set up than simulator studies and generally require more resources
(time and money). The participants usually know that they are being tested, but
they might not know the real purpose of the study. TT experiment studies are
suitable for studying driver behaviour in interactions with other road users and for
designing driver models (Boda, Dozza, et al., 2018; R. Kiefer et al., 2003; Najm and
D. L. Smith, 2004). The data required to design driver models are typically collected
by a Data Acquisition System (DAS) installed in the test vehicle(s), which records
data from the driver’s controls (Boda, Dozza, et al., 2018; R. Kiefer et al., 2003;
Najm and D. L. Smith, 2004). Additional details, such as the positions and speeds
of the test vehicle and other road users in the scenario, are also typically recorded.
However, the other road users are often inflatable cars or dummies and there are few
drivers (study participants; typically 10-50) in a controlled environment. As with
simulator studies, these studies control the drivers’ exposure to factors that may
influence their behaviour in the specific scenario, and the concern remains about
driver adaptation due to multiple exposures to critical situations (Engstrom, 2011;
Aust and Engstrom, 2011; Aust, Engstrom, and Vistrom, 2013). On the whole, TT
experiments, have limited ecological validity (Green, 2000; Hoffman et al., 2002),
because even if the physics of the car and the environment are the same as in real
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traffic, drivers may not behave naturally.

With the advent of big data, recent studies (Dingus et al., 2006; SHRP2 TRB,
2015; van Nes et al., 2019; Harbluk et al., 2018) have emerged that are not performed
in a controlled environment but rely, instead, on naturalistic driving (Shinar, 2017).
In contrast to simulator and T'T experiments, ND studies collect large amounts of
continuous, normal-driving data from many drivers, which provide detailed informa-
tion about driver behaviour in the real world—without the influence of instructions,
predefined routes, or preselected environments (Shinar, 2017). ND data are suitable
as input not only for designing driver models but also for developing and assessing
ADAS (Bargman, Boda, et al., 2017). Several large-scale ND studies have been
conducted to date, such as SHRP2 (Hankey et al., 2016; SHRP2 TRB, 2015), which
is the largest in the world; UDrive, which is the largest in Europe (van Nes et al.,
2019); CNDS in Canada (Harbluk et al., 2018); and ANDS in Australia (Mongiardini
et al., 2021). ND studies usually equip consumers’ (study participants’) vehicles
with sensors that can detect and track surrounding objects and determine their
range (relative distance), range rate (relative velocity), and headings. The sensors
usually detect vehicles, and recently some detect VRUs, too. The sensors used in the
SHRP2 study (Hankey et al., 2016) did not detect VRUs (the collection was focussed
on crashes and near-crashes), so extensive video annotation is needed to find, for
example, car-cyclist interactions. Unlike these previous naturalistic studies (Dingus
et al., 2006; SHRP2 TRB, 2015), UDrive recorded the kinematics of surrounding
road users, including VRUs (van Nes et al., 2019). The procedure for ND data
collection requires a considerable investment in terms of money and time, as the
testing period varies from a few months to a few years (Shinar, 2017; Bargman, 2016;
Barnard et al., 2016). The main disadvantage of ND studies is the poor experimental
control over participants and driving context (Shinar, 2017; Bargman, 2016).

As stated above, the different study designs have different strengths and weak-
nesses. Driving simulators and TT experiments are both performed in a controlled
environment and drivers may not behave as naturally as in ND studies (Green, 2000;
Blaauw, 1982; D. Fisher et al., 2020). On the other hand, ND studies cost more and
take longer to set up and execute (Shinar, 2017; Bargman, 2016; Barnard et al., 2016).
TT experiments are expected to be more ecologically valid than driving simulators
(Mullen et al., 2011). The ND study conditions are not controllable; careful inclusion
criteria need to be set to extract appropriate data for the research question of interest,
but they have highest ecological validity (Shinar, 2017). Combining T'T experiments
and ND studies may provide the information necessary to study everyday driver
behaviour in the overtaking scenario.

A fourth type of data, reconstructed crash data, is collected in studies that
investigate and record information about road crashes after they have happened
(post hoc). The data are typically not suitable for modelling driver behaviour, but are
often used to construct baseline scenarios in counterfactual simulations, as mentioned
in Section 1.3. These studies collect information with different levels of detail
about crash causation mechanisms in macroscopic— and microscopic—level databases
(Lindman, Isaksson-Hellman, et al., 2017); they do not collect time-series data
about the response process leading up to the crash. Actually, the macroscopic-level



2.1. Data collection methods for modelling driver behaviour and assessing safety
16 benefits

databases, which typically only include police-reported road crashes, only contain
information about the crash time and location and the person(s) involved (such as
specific injuries sustained and hospital care received). They are usually representative
of crashes occurring in a certain region, such as a country. They do not contain
information about the response process which could be used to model behaviour.
On the other hand, microscopic-level, in-depth databases with crash reconstructions
provide information in a time-series format about pre-crash trajectories (i.e., the crash
reconstructions provide the time-series data). The microscopic databases with crash
reconstructions often include data from a few seconds before the crash, including
vehicle speed, the distance between vehicles and driver deceleration. Unfortunately,
the number of cases collected is usually small and the sample is usually not nationally
or internationally representative. However, for some countries, representative in-
depth crash datasets exist. In Sweden and Norway, for example, the authorities
commission in-depth investigations of all fatal crashes that occur. In two regions
of Germany (the cities of Hanover and Dresden and their surrounding regions),
investigation teams record data about road traffic accidents involving personal injury
which are considered to be representative for Germany (Li et al., 2020). The data are
stored in the German In-Depth Accident Study (GIDAS) (Erbsmehl, 2017; GIDAS,
2019) database. The investigation teams document all relevant information about
vehicle equipment, vehicle damage, injuries of persons involved, and the rescue chain,
as well as the crash conditions at the scene. Individual interviews of persons involved
are followed by detailed surveys of the accident scene based on the existing evidence.
In addition to documentation at the scene of the accident, all information available
is collected retrospectively in close collaboration with police, hospitals, and rescue
services. The entire course of each documented crash is reconstructed in a simulation
program, from the pre-crash phase and the reaction of the involved vehicles to the
collision and vehicles’ final positions. Characteristic variables such as deceleration,
initial speeds, and collision speed are determined, as well as angle changes.

Due to their level of detail, in-depth databases have been used primarily to
provide input for baseline scenarios (as reported in Section 1.3) in counterfactual
simulations (Lindman, Isaksson-Hellman, et al., 2017; Sander, 2018). However, the
time-series data in these databases are almost always created via reconstructions.
That is, they are based on assumptions about the pre-crash phase, without any
detailed insights into the driver states and behaviours. This fact makes them much
less suited for modelling than, for example, ND data—even though ND data usually
only include near-crashes and normal driving behaviour, with very few actual crashes

(Shinar, 2017).

For the evaluation of an ADAS, its safety benefit should preferably be quantified
for regions larger than the sampling area; data from a larger region is used to
extrapolate the results (from in-depth crash data to European data, for example).
European crash data from the Community Database Accidents on the Roads in
Europe (CARE) aggregate official road crash data at the European level (EC, 2018).
The CARE database contains general data about the crash, the road users involved,
and casualties, as they are reported in the national statistics (e.g., crash location,
weather, time, road surface, and road user’s age and injury level). Details about the
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variables in CARE are specified in a common accident data glossary CADaS (EC,
2019). As CARE provides police-reported information on all road crashes in EU
with personal injuries, it provides an accurate representation of the crash situation
in Europe. However, the database does not typically contain kinematic parameters
or detailed injury information. Therefore, these data alone would be insufficient for
estimating the safety benefit of ADAS. Consequently, information about the crashes
from both data sources (in-depth and target region) are needed to quantify the effect
of ADAS in the target region (Kreiss et al., 2015).

As explained above, a great deal of driving data can be collected using different
methods, and together these data can help us study and model driver behaviour and
ultimately estimate the safety benefit of new ADAS. The data collection methods
used in the papers included in this work are summarised in Section 2.7.

2.2 Driver behaviour during overtaking

The research on car-cyclist interactions while overtaking started long ago (Kroll and
Ramey, 1977) and continues to the present day. During these interactions, drivers
try to minimize their risk by staying far enough away from potential hazards to
feel safe and comfortable—that is, they strive to remain within their comfort zone
(Summala, 2007). Drivers’ CZBs while passing a cyclist have been summarized by
lateral clearance, which is typically defined as the minimum lateral distance between
the cyclist and the vehicle while the vehicle is passing the cyclist (Llorca et al.,
2017). CZBs have implications for timely activations of ADAS, because too early
an activation of an automated safety system may cause annoyance, and too late an
activation may fail to prevent crashes (Lubbe and Davidsson, 2015).

Many factors related to infrastructure influence lateral clearance, including road
grade, posted speed, and shoulder width (if present), as well as the presence of a
cycling lane (Chapman and Noyce, 2012; Feng et al., 2018). Walker et al. (2014)
and Chuang et al. (2013) have shown that bicyclists’ visible characteristics, such
as gender, helmet-wearing, and clothing, also influence the lateral clearance. In
addition, cyclist speed and speed variation have been shown to affect the lateral
clearance (Chuang et al., 2013). Another factor that influences the lateral clearance
is how the overtaking manoeuvre is performed: drivers might keep their vehicle speed
relatively constant (flying strategy) or they might decelerate and follow the cyclist
before accelerating to pass (accelerative strategy) (Matson and Forbes, 1938).

Research has also shown that when oncoming traffic is present the lateral clearance
is smaller (Goodridge, 2017; McHenry and Wallace, 1985). In fact, the presence of
oncoming traffic has been identified as the principal factor affecting lateral clearance
(Piccinini, Moretto, et al., 2018; Dozza et al., 2016; Rasch, Boda, et al., 2020). The
authors Piccinini, Moretto, et al. (2018) found a significant correlation between the
choice of overtaking strategy and the nominal time-to-collision (TTC) (between
the overtaking and oncoming vehicles): as the TTC decreased, more drivers used
the accelerative strategy, because they slowed down and waited for the oncoming
vehicle to pass before accelerating to overtake the cyclist. The study also found that
the minimum lateral safety margins were larger in the accelerative than the flying
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Figure 2.1: Four overtaking phases while the driver is overtaking the cyclist.

strategy. Evans et al. (2018) showed that the presence of an oncoming vehicle, or a
vehicle in the adjacent lane travelling in the same direction as the vehicle overtaking
the cyclist, was related to a consistently smaller lateral clearance on urban and
suburban roads.

By dividing the overtaking manoeuvre into four phases (approaching, steering
away, passing, and returning; see Figure 2.1), Dozza et al. (2016) were able to define
new CZBs for the three new phases, analogous to the lateral clearance CZB for the
already defined passing phase. Since then, factors that influence the driver’s CZBs
in all four phases have been studied in different experimental environments, such
as simulator studies (Piccinini, Moretto, et al., 2018; Farah et al., 2019) and TT
experiments (Rasch, Boda, et al., 2020). The passing phase has been investigated in a
recent ND study (Feng et al., 2018). Other approaches include using an instrumented
car (Schindler and Bast, 2015) or bicycle (Dozza et al., 2016). Semi-naturalistic
studies of car-cyclist interactions have been performed by Parkin and Meyers (2010),
Chuang et al. (2013), Dozza et al. (2016), Walker (2007), Walker et al. (2014),
and Evans et al. (2018). These studies used bicycles equipped with data loggers
and sensors (e.g., ultrasonic range sensors and LIDAR or a GoPro video camera)
to collect field data from the cyclist’s perspective. Although these studies were
conducted in naturalistic settings, the bicyclists were instructed to ride on a specific
road. Consequently, these are not fully naturalistic studies.

Even though previous studies have investigated factors that influence driver
behaviour while overtaking cyclists, the factors have not been studied sufficiently in
naturalistic settings, and the studies have not modelled the driver behaviour using
ND data.

2.3 Computational models of driver behaviour

As mentioned in Section 1.3.1, computational driver models are suitable for ADAS
development and assessment. Furthermore, several driver modelling frameworks
are available in the literature that allow creating computational driver models
(Boda, 2019; Cacciabue et al., 2010). Examples of frameworks applied for modelling
driving behaviour are the ACT-R cognitive architecture (Anderson et al., 2004;
Salvucci, 2006), architectures using artificial neural networks (Lin et al., 2005),
and architectures based on control theory (McRuer, 1980; Donges, 1978; Donges,
1999; Winner et al., 2016; Saleh et al., 2011). All these options are based on
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different conceptual backgrounds and offer tools for building computational models
of driver behaviour according to their modelling paradigm (or cross paradigms). In
control theory, researchers model the human driver as a controller by emphasising
control and vehicle dynamics (Sharp et al., 2000; Jirgensohn, 2007; Yang and
Peng, 2010; MacAdam, 2003). These models reproduce observed behaviour data
without necessarily trying to explain the underlying psychological or neurobiological
mechanisms. In contrast, in other models inspired by psychology (or neuroscience),
researchers consider what specific sources of perceptually available information, often
referred to as perceptual cues, are used in driving control (Land and Horwood,
1995; Salvucci and Gray, 2004; Markkula, Benderius, et al., 2012). For example,
the models may make use of the visual cues, which human drivers seem to use
while driving, such as 77!-—the inverse of the optically defined time to collision
which assumes constant vehicle speed (R. Kiefer et al., 2003; Lee, 1976; Markkula,
Engstrom, et al., 2016; Svard, Markkula, Bargman, et al., 2021). R. Kiefer et al.
(2003) and Lee (1976) have used 7=! as input in a threshold model, which assumes a
response threshold at which drivers start responding to the threat. Other examples
of visual cues that the drivers may rely on as criteria for braking to avoid a lead
vehicle conflict are the visual angle subtended by the lead vehicle (8), or its rate of
change () (M. Smith et al., 2001). A recent human behaviour modelling framework
was proposed by Markkula, Boer, et al. (2018). It is based on concepts from
neuroscience, but the mathematical implementation is derived from control theory.
One of the advantages of this framework is that the structure can be expanded to
accommodate several accumulation processes, thus creating a more comprehensive
driver model. In an accumulation process, the driver’s action occurs after the
accumulation (or practically, the integration) of sensory evidence (Markkula, 2014;
Ratcliff and Strayer, 2014). For example, Markkula, Romano, et al. (2018) describe a
pedestrian behaviour model that connects different evidence accumulation processes,
each of which accumulates different perceptual cue. Their framework has been
used for modelling driver steering and braking control in different traffic scenarios:
rear-end (Svard, Markkula, Engstrom, et al., 2017), path-following (Markkula, Boer,
et al., 2018), and intersection (Boda, Lehtonen, et al., 2020). Boda, Lehtonen, et al.
(2020) include a longitudinal looming cue as evidence in favour of braking, and
post-encroachment time between a bicycle and a car as evidence against braking, to
predict drivers’ braking control when a cyclist crosses their travel path.

However, a scenario such as a driver overtaking a cyclist may require different
cues in order to create a model that can predict drivers’ steering onset time as they
approach a cyclist. For example, the model can be inspired by the above-mentioned
modelling paradigms using perceptual cues that are plausibly available to the driver
as input (inspired by neuroscience) which are then expressed in mathematical terms
(inspired by control theory). An example of such a model is the proportional-integral-
derivative (PID) model, which has been extensively used in many domains (Bennett,
1993; O’Dwyer, 2009; Rivera et al., 1986). It has also been applied in control models
for driver steering behaviour (Donges, 1978; Donges, 1999; Winner et al., 2016). The
proportional term is proportional to the measured signal. The integral term takes
the past values of the measured signal and integrates them over time. The derivative
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term is an estimate of the future trend of the signal, based on its current rate of
change.
The PID model is

dz(t)
at

y(t) = Kp3(t) + / (r)dr + Kp (2.1)
where y(t) is the control function, Z(t) is the measured signal and Kp, K, and Kp
are the parameters of the proportional, integral, and derivative terms, respectively.

When a driver model (such as the PID model) has been designed (by setting
the mathematical expressions that make up the model), its parameters need to
be estimated, typically by fitting the model to data. This process is often called
parameter estimation.

2.4 Parameter estimation

In the literature, different approaches have been used to estimate parameters. This
section will introduce the background of convex programming, employed in Paper 2,
and demonstrate its application to tuning the parameters of a well-known driver
model for steering (Salvucci and Gray, 2004).

In many models, the parameters have been tuned by hand (e.g., Gordon and
Magnuski, 2006; MacAdam, 2003; Salvucci, 2006; Charles, 2001; Sharp et al., 2000).
However, it is more common to automatise the parameter fitting, using methods such
as heuristic optimisation (Kumar et al., 2019; Yalaoui et al., 2021), particle swarm
optimisation (PSO) (Svard, Markkula, Bargman, et al., 2021), genetic algorithms
(GA) (Markkula, 2015; Zhang et al., 2011), and ant-colony optimisation (ACO) (Ben-
derius, 2012). These methods search for optima (maxima or minima) using different
stochastic operations; an overview of some of the methods inspired by biological
phenomena can be found in Wahde (2008). Heuristic optimisation is general, suitable
for searching very large solution spaces, and can be applied without simplifying the
studied systems, but it does not guarantee a globally optimal solution. In contrast,
methods that guarantee global optimality often require intractably long computation
times that increase exponentially with problem size. Convex programming methods
are an exception, able to solve a convex problem in polynomial computation time,
while simultaneously providing a proof or certificate that the solution is indeed a
global optimum (Boyd and Vandenberghe, 2004, p.242). Furthermore, publicly avail-
able solvers for optimisation are available. However, the downside of this approach
is that many optimisation problems cannot be cast as convex programs (Boyd and
Vandenberghe, 2004). Convex programming is useful for solving a “relaxed problem”
(see Figure 2.2)—a problem that provides a lower bound for the original non-convex
problem—or a subproblem that is locally convex; see Figure 2.3 (Boyd and Van-
denberghe, 2004). 1In this thesis (e.g., Paper 2) the latter approach is pursued: a
generally non-convex problem of parameter estimation is solved by a combination
of convex programming and a grid search. Parameters that appear in a non-convex
form are gridded within a given range, and for each grid value a convex subproblem
is solved to obtain the remaining parameters. Although the parameters optimised by
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Figure 2.2: Illustration of an optimisation problem with a non-convex feasible
set, illustrated by the blue region. In order to make the problem convex, the
set is relaxed by enlarging it with the red region. The global optimum of the
relaxed problem provides a lower bound (it is always below or equal) to the global
optimum of the original non-convex problem.
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Figure 2.3: Illustration of a nonlinear and non-convex function to be minimised.

Within the shaded regions the function is locally convex. The minimum of the
function in the red region is a local optimum, while the minimum in the blue
region is the global solution.
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convex programming are locally optimal, the parameters obtained by grid search are
generally suboptimal, since the fixed grid resolution typically applied is confined to
specific discrete values of the parameters. Thus solution quality depends on the grid
resolution, which is a trade-off between optimality and computational efficiency.

The convex subproblems in this thesis (e.g., Paper 2) are in forms which may be
considered the simplest for convex programming: a linear program (LP). The LP
will be described briefly in the following section.

2.4.1 Linear programming

Any optimisation problem that can be stated in the form

min ' (2.2a)

subject to: Az <b, ze€R" (2.2b)

is called a linear program (LP). Here z is a vector of n decision variables (i.e.,
quantities controlled by the decision maker). The matrix A € R™*" and the vectors
c € R" and b € R™ are given coefficients, where R denotes the set of real values.
The scalar function ¢’z is called an objective function or a performance index. It
provides a value system for ranking the possible solutions, in order to identify the
optimal solution z* that minimises the objective function (2.2a). Equation Az <b
in (2.2b) enforces m constraints in the problem. The constraints represent physical
or other restrictions on the numerical values that can be assigned to the vector of
decision variables x.

2.4.2 An example of optimal parameter estimation

As an example of optimal parameter estimation, we revisit the well-known driver
model for steering, proposed by Salvucci and Gray (2004). The model adjusts the
steering angle y,(z) as a function of measurements

5(r) = [Bu(7) G5, 7€ ltot], j=1,...,Nq (2.3)

that include the visual direction angles to near and far points ahead, denoted by énj
and éfj, respectively. The symbol ~is used here to denote measured data from Ny
drivers, over the time interval from ¢, to ¢. Salvucci and Gray (2004)’s proportional-
integral driver model for steering consists of a proportional gain to both the near
and far points ahead, and an integral gain to the near point,

() = Koafog (1) + e (t) + Ko [ "G (7)dr (2.4)

to

where

v=[Kpu Kot Ku] (2.5)
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are unknown parameters. The goal is to estimate the best values of the parameters
such that the error

1y (x) — ;@) (2.6)
between the steering angles y; obtained by the model (2.4) and the measured angles
g, for all the drivers j = 1,..., Ny is minimised. The function || - || may, in principle,

denote any norm, although in practice norms 1 and 2 are most commonly used.

Parameter estimation with linear programming

Consider norm 1 (or, identically, the mean absolute error)
1 _
min — > [y;(x) — g;(t)]. (2.7)
T Nd =

At first glance, the problem (2.7) may appear nonlinear due to the absolute value
function. However, the problem can be formulated as an LP

I;lgl A ;ej (2.8a)
]_

subject to: e; > y;(x) — g;(t), j=1,...,Ng (2.8b)

¢j = —(yi(x) —g;(t), j=1,...,Na (2.8¢)

[z7 e1,. .. en, |t € R3Ha (2.8d)

with the help of new variables e; and two inequality constraints per driver that
represent the absolute error in a linear form. Let

oy (£) = /tt oy (7)dlr (2.9)

represent the integral, for simplicity, and the augmented vector of decision variables
is denoted as

. T
$:[Kpn Kpf KIn €1 - €Nd} (210)

By defining coefficients

[ O (t)  On(t)  @m(t) -1 0
—0ui(t)  —On(t) —om(@) -1 0

ho(t) () @w() 0 -1 0
—0

A= w2(t)  —Op(t) —op@) 0 -1 0 - (2.11)
D) Bot) G 0 0 - 0 -1
| —Oony (1) —Oen,(t) —@an(t) 0 0 - 0 —1]

b:{gl(t) =0i(t) Go(t) —G2(t) -+ Gny(t) —QNd(t)}T (2.12)
c=[0 00 YNy - 1N (2.13)
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the problem (2.8) can be written in the standard LP form
min cr (2.14a)

subject to: A# <b, i€ R¥Na, (2.14b)

Then, the optimal values for the parameters are the first three values in Z*, where
#* is the optimal solution to the problem (2.14).

This example shows how convex programming, and LP in particular, can be used
to estimate the parameters of a driver model.

2.5 Numerical root-finding algorithms

As mentioned in Section 1.3.3, ADAS functionality can be described by mathematical
functions. Often it is required to find the roots (or similar) in such functions, which
is typically done numerically. The Newton-Raphson and Halley’s methods are two
examples from a plethora of numerical algorithms that can be applied to find the
roots of a function (see, for example, Press et al., 2007; Acton, 1970). The commonly
used, powerful Newton-Raphson method provides a local quadratic convergence to
the function roots. It is often the method of choice for functions whose derivative
can be evaluated efficiently, when the functions are continuous and nonzero in the
neighbourhood of a root (Press et al., 2007, pp. 456-461). The method uses the
following procedure in order to find the points where the function f(z) = 0. It starts
with a current estimate of the zero point, x;, and updates it by moving to the point
where the tangent of the function at x; passes through the x-axis. This point can be
computed by approximating the gradient as a change in f(z) divided by a change in
x. Taking into account df (x)/dx as f'(x)

f'(xy) = m (2.15)
(zr — Tpg1) f'(2x) = f (1) (2.16)
f () (2.17)

T = fxr)

The second method, Halley’s method (Press et al., 2007, p. 463), provides a local
cubic convergence, but each step in its iteration is computationally more expensive
than the Newton-Raphson method; therefore, it is not commonly used. The problem
encountered in Paper 4, however, is well suited for Halley’s method because the
problem is one-dimensional and evaluation and inversion of the function derivatives
are cheap. Halley’s method is actually an extension of Newton-Raphson’s, since it
uses information from the next term in the Taylor series (i.e., the second derivative).
The updated (2.17) now becomes

Tk+1 = Tk — f(xk)
F(@e) (1 — f(;;/)(J;k()vgk))

(2.18)
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Halley’s method is usually used when it is easy to calculate f”(z), often from pieces
of functions that are already being used to calculate f(z) and f’(z). Otherwise,
another step (iteration) of the ordinary Newton-Raphson method may be calculated.
Nevertheless, when a second derivative can be obtained almost for free, then it may
be useful to use Halley’s method instead, since it requires fewer iterations.

2.6 Bayesian inference

To further enable rapid assessments of ADAS and make decisions about which systems
to prioritise, accumulated knowledge from different data sources (e.g., simulations
and physical tests; Section 1.3) can be considered (Hauer, 1983a). Making use of
all accumulated information in an explicit and purposeful learning process has a
long history. For example, evidence-based medicine attempts to express the clinical
benefits of tests and treatments using mathematical methods to synthesise results
from several studies that address a specific question (e.g., the effect of a medication
or the prevalence of a disease) (R. A. Fisher, 1935). It has been argued that the
mathematical method Bayesian inference works well for decision making (Hauer,
1983a; Hoff, 2009; Sackett et al., 1996). Bayesian inference allows empirical evidence
from several studies to count as information, enables the possibility for every bit of
new empirical evidence to be included in the current knowledge, and expresses the
current knowledge in a way which is directly usable for making decisions. The method
has been used in traffic safety for evaluating safety countermeasure effectiveness
(Hauer, 1983a; Hauer, 1983b), evaluating the effects of raised urban bicycle crossings
on bicyclists’ safety (Garder, Leden, et al., 1998), as well as for other purposes
(Morando et al., 2021; Rafei et al., 2020; Schindler, Flannagan, et al., 2021).

The theoretical foundations and applications of Bayesian methods are described
in Kruschke (2015) or Hoff (2009), among others. Bayesian inference is based on two
fundamental ideas: that credibility can be reallocated across possibilities and that
these possibilities are meaningful parameters in mathematical models (Kruschke,
2015).

Bayesian inference relies on Bayes’ rule to infer a posterior probability distribution
P(r/y) from the combination of prior P(r) and likelihood P(y/r) distributions, where
r are the unknown parameters and y is the data (Kruschke, 2015). The idea is
that prior information is updated with new data (likelihood) to derive an updated
(posterior) belief about an unknown quantity (Kruschke, 2015). Bayes’ rule illustrates
this idea

P(r)P(y/r)

P = TR P

(2.19)

Equation (2.19) can be challenging to compute, especially if 7 is high-dimensional.
The computation of the posterior distribution generally requires an application of
Markov Chain Monte Carlo (MCMC) methods (Hoff, 2009). However, under appro-
priate assumptions about priors and sampling models, substantial simplifications can
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be made using analytical solutions. For example, one can make use of conjugate pri-
ors, a prior distribution which does not change the type of the posterior distribution
(Hoff, 2009). We can look at the binomial and beta distributions to find an example
of conjugacy. In this conjugate example, if the prior is beta distribution, then the
posterior distribution will be a beta distribution as well, if the likelihood distribution
is a binomial distribution. The binomial distribution describes the probability of
a certain number of successes in N binary events (Kruschke, 2015). This distribu-
tion is suitable for studies which have binary output; for example, the number of
crashes avoided and number of crashes not avoided with a specific ADAS. The beta
distribution (Kruschke, 2015), is a common choice of prior when the likelihood is
a binomial distribution (creating a conjugate pair). Using a conjugate prior makes
computations easier since the posterior distribution can be computed analytically
(i.e., without computing the denominator in the Bayes’ rule) without numerical
approximation. The use of conjugate priors provides substantial computational
benefits and simplifies the interpretation of the statistical model. This practice is
especially convenient because we have a simple, exact mathematical description of the
posterior distribution, no matter what (and how much) data are included. The use
of analytical solutions to calculate the posterior distributions, such as the conjugate
priors, can improve the efficiency of computational estimations of the safety benefit
of a specific ADAS from different sources.

2.7 The methods and the included papers

This section summarises the methods and models that were applied and further
developed in this thesis to address the objectives in Section 1.4. The Objectives 1-5
of this work are addressed by the Papers 1-5, respectively.

Paper 1 examined overtaking manoeuvres in ND data and divided them in the
phases (defined in Section 2.2 and Figure 2.1), in order to quantify the drivers’
CZBs and investigate the combination of factors that affect the CZBs (Objective 1).
In Paper 2, computational driver models predicting steering onset time as the
driver approaches the cyclist were devised (and compared between different data
sources) (Objective 2). The process was based on the driver models and perceptual
cues described in Section 2.3. In addition, the models were fitted on ND and
TT data and a linear cost function was proposed to estimate their parameters,
so that computationally efficient LP (described in Section 2.4) could be applied.
Paper 3 estimated the relative safety benefit of new ADAS that protect cyclists in
the approaching phase of the overtaking manoeuvre (Objective 3). Counterfactual
simulations were performed on a specific ADAS for cars in the cyclist-overtaking
scenario. The simulations allowed the expected safety benefit (in terms of prevented
crashes and cyclist’s injuries) to be estimated efficiently; they also demonstrated
the differences in safety benefits with different driver response parameters. Paper 4
proposed a framework for efficiently obtaining the ADAS intervention time as a
function of driver and vehicle models—described by a linear steering dynamic system
(Objective 4). In this framework, the two numerical methods, Newton-Raphson and
Halley’s (introduced in Section 2.5) were applied to find the roots of a function in
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the ADAS algorithm. Bayesian inference, introduced in Section 2.6, was applied in
Paper 5 to create a novel framework which integrates results from counterfactual
simulations and physical tests (Objective 5).

The research included in this thesis leveraged on several data sources (see Sec-
tion 2.1): ND data from UDrive (van Ness, et al. 2019) was used in Papers 1, 2, and
3; TT data (Rasch et al. 2020) were used in Paper 2; and GIDAS and CARE data
were used in Paper 5.

The following chapter provides a summary of the five appended papers.
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Paper 1: Drivers overtaking cyclists in the real-world: Evidence from a
naturalistic driving study

Introduction

The number of cyclists in traffic is increasing, making car-cyclist interactions an
important focus for future traffic-safety improvements. One of the most dangerous
interactions occurs when they share the same lane and drivers overtake cyclists, espe-
cially on rural roads, where cars travel much faster than bicycles. While overtaking
cyclists, drivers try to minimize risk in the complex traffic environment by staying in
their comfort zone.

Aim

The aim of this study is to quantify drivers’ CZBs and investigate the combination of
factors that affect the CZBs while drivers overtake cyclists in a naturalistic setting.

Method

This study developed a four-step procedure to identify and extract overtaking
manoeuvres from ND data in UDrive. The effects of the factors car speed, manoeuvre
type, presence of oncoming traffic, and driver characteristics (age, gender, Arnett
Inventory of Sensation Seeking score) on CZBs were investigated using linear mixed-
effects models.

Results

The results show that CZBs increased with higher speeds while drivers were approach-
ing and passing the cyclists. Furthermore, while passing the drivers maintained
smaller CZBs when oncoming traffic was present. The drivers’ age, gender, and
Arnett Inventory of Sensation Seeking score were not found to have statistically
significant impacts on the CZBs.

Discussion

The presence of an oncoming vehicle is a crucial factor for the safety and comfort
of the cyclist which needs to be taken into account in order to develop ADAS that
maintain safe clearances to the cyclist. The results could help identify which of the
CZBs might be related to the risk of an accident during the overtaking manoeuvre in
different scenarios. For example, the TTC to the oncoming vehicle at the end of the
passing phase might correlate with the risk of a head-on collision, while the TTC
to the bicycle in the approaching phase might help identify the risk of a rear-end
collision with the bicycle. The paper’s results have implications for improving road
safety through upgraded guidelines or policies, as well as guiding the design of ADAS
that can help drivers safely overtake cyclists.
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Paper 2: A comparison of computational driver models using naturalistic
and test-track data from cyclist-overtaking manoeuvres

Introduction

The improvement of ADAS and their safety assessment rely on understanding
scenario-dependent driving behaviours, such as steering to avoid collisions.

Aim

The aim of this study is to derive and compare driver models that predict the steering
initiation timing when a driver overtakes a cyclist on rural roads.

Method

Four models were compared: a threshold model, an accumulator model, and two
models inspired by proportional-integral (PI) and proportional-integral-derivative
(PID) controllers. Two perceptual cues were tested as input to the models: 1) 6
(the horizontal angular expansion rate of the image of the lead road user on the
driver’s retina) and 2) 77! (the ratio between the image’s expansion rate and its
horizontal optical size). The models were fitted and cross-applied using data from
a ND study (UDrive) and a TT experiment. A linear cost function was proposed
which allows the model parameters to be optimised through computationally efficient

linear programming.

Results

The results show that the models based on 77! fitted the data better than the models
that included 6. In general, the models fitted the ND data reasonably well, but they
didn’t fit T'T data very well. For the ND data, the accumulator, PI and PID models
outperformed the threshold model. For the TT data, due to the poorer fit of the
models, more analysis is required to determine the models’ merit. The models fitted
to TT data captured the overall pattern of the steering onsets in the ND data, but
showed a persistent bias towards later initiation of steering manoeuvres, probably
because the T'T drivers employed a more cautious strategy.

Discussion

The models in this paper cast light on the selection of driver models that may be
considered in the design of new ADAS targeting cyclist-overtaking manoeuvres and
their evaluation by virtual safety assessment. Moreover, the proposed computationally
efficient method allowed the fitting of four different quantitative models, with multiple
parameters and with different perceptual cues, onto two datasets. This method can
be used in future studies—for example, to optimise model parameters in the early
stages of ADAS development.
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Paper 3: On the importance of driver models for the development and
assessment of active safety: a new collision warning system to make
overtaking cyclists safer

Introduction

ADASSs capable of protecting cyclists when cars and bicycles share the same lane are
being developed and introduced to the market. One of these is a FCW system that
helps prevent rear-end crashes by identifying and alerting drivers of threats ahead.

Aim

The aim of this study is to assess the relative safety benefit of a behaviour-based
(BB) FCW system that protects cyclists in the car-to-cyclist overtaking scenario.

Method

Virtual safety assessments were performed on crashes derived from ND data in UDrive.
Several driver response models were used to simulate different driver reactions to
the FCW. Crash frequency in conjunction with an injury risk model was used to
estimate the risk of cyclist injury and fatality.

Results

The virtual safety assessment estimated that, compared to no FCW, the BB FCW
could reduce cyclists’ fatalities by 53-96% and serious injuries by 43-94%, depending
on the driver response model. The shorter the driver’s reaction time and the greater
the driver’s deceleration, the greater the benefits of the FCW. The BB FCW also
proved to be more effective than a reference FCW which was based on the Euro
NCAP standard test protocol.

Discussion

The findings of this study demonstrate the BB FCW’s potential to avoid crashes and
reduce injuries in car-to-cyclist overtaking scenarios, even when the driver response
model did not exceed a comfortable rate of deceleration. The results suggest that a
driver behaviour model integrated into ADAS collision threat algorithms can provide
substantial safety benefits in the car-to-cyclist overtaking scenario.
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Paper 4: Critical zones for comfortable collision avoidance with a leading
vehicle

Introduction

The purpose of ADAS is to improve traffic safety by assisting drivers in critical
situations, without disturbing the driver with unnecessary interventions during
normal traffic conditions.

Aim

The aim of the paper is to provide a general framework for efficiently obtaining the
appropriate intervention time for ADAS to just avoid a rear-end crash, as a function
of driver comfort and vehicle models.

Method

Four vehicle models were assessed: DM, SSCM, KM, and PMM. The lateral vehicle
dynamics for all models were described by a parameter-varying linear system. Two
driver steering manoeuvres were used: one based on piece-wise constant lateral
acceleration and jerk, and the other on piece-wise constant steering angle or steering
angle rate. One driver braking manoeuvre was used, which is based on longitudinal
acceleration and jerk modelled as a piece-wise constant function. Previous research
provided the driver comfort boundaries for normal driving behaviour. Newton-
Raphson and Halley’s method were employed for obtaining a computationally efficient
solution for the steering intervention time.

Results

In order to determine the influence of each vehicle model on the time when steering
needs to be initiated in order to avoid a rear-end collision, three steering algorithms
were provided. All three use a linear system to compute the intervention time
efficiently for all four vehicle models. Two of the algorithms use backward reachability
simulation and one uses forward simulation. Results show that the SSCM, KM and
PMM do not accurately estimate the intervention time for a certain set of initial
vehicle conditions. A relationship was derived between driver steering manoeuvres,
based on acceleration and jerk, and steering angle and steering angle rate profiles.

Discussion

Due to its fast computation time, DM with a backward reachability algorithm can
be used for rapid offline simulations, while DM with a forward simulation algorithm
is better suited for online real-time usage. The framework proposed in this study
not only allows the easy exchange of vehicle models, it also allows the benchmarking
of vehicle models which are described by linear steering dynamics. Furthermore,
the framework provides the means to conduct a sensitivity analysis of the ADAS
intervention time using vehicle boundaries, instead of the (usually smaller) driver
comfort boundaries for acceleration and jerk which were used in this study.
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Paper 5: Safety benefit assessment of autonomous emergency braking
and steering systems for the protection of cyclists and pedestrians based
on a combination of computer simulation and real-world test results

Introduction

Cyclist and pedestrian fatalities and serious injuries on the roads in the European
Union are a great concern. In order to protect these VRUs, ADAS are being developed
and introduced to the market. The systems include autonomous emergency braking
and steering systems (AEBSS) that brake or perform an evasive steering manoeuvre
in order to avoid a pending collision or mitigate its severity.

Aim

The aim of this study is to propose a new prospective framework for the safety
benefit assessment of AEBSS for the protection of cyclists and pedestrians, based on
a systematic combination of simulation results and real-world test results.

Method

To integrate multiple data sources, the framework applies Bayesian inference by
defining a prior based on results from counterfactual simulation and updating it with
results from the real-world testing of a specific prototype AEBSS.

Results

The framework is exemplified on AEBSSs developed in the European Union project
PROSPECT to estimate their safety benefit. In this example, results from counter-
factual simulations based on the German In-Depth Accident Study Pre-Crash Matrix
(GIDAS-PCM) data were merged with results from real-world prototype testing.

Discussion

The Bayesian modelling approach allows the posterior benefit estimation obtained
in this study to be used as a prior in a retrospective approach (once the AEBSSs
from PROSPECT become available on the market). By synthesising knowledge
from simulations and tests, we can derive more comprehensive and representative
conclusions regarding the safety benefit of AEBSS.
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Discussion

This thesis developed models and methods to improve the safety benefit assessments
of ADAS in general, and those targeting car-to-cyclists conflicts in particular. The
developed methods include approaches for parameterization of models, algorithms for
improving the computational efficiency of simulations, and methods for improving the
overall accuracy of the assessment. This chapter discusses the driver behaviour models
and the method for driver model parametrisation (Section 4.1), the different types of
data used for modelling and validating the models (Section 4.2), computationally
efficient algorithms for computing ADAS intervention time (Section 4.3), and the
method for estimating the safety benefit of ADAS by integrating results from different
data sources (Section 4.4). It also provides an outlook on future research (Section 4.5).
Throughout this chapter limitations will be discussed as well.

4.1 Driver behaviour while overtaking a cyclist

The concept of comfort zones is part of a well-known theory of driver behaviour
with historical roots in the theory of proxemics (personal space) (Summala et al.,
1998; Gibson and Crooks, 1938). In the driving context, the concept seeks to explain
the distances and speeds chosen by road users, for example. It has been useful
for understanding drivers’ behaviour in different scenarios; driver CZBs have been
explored in intersection car-to-car scenarios (see, for example, Bargman, K. Smith,
et al., 2015; Bargman, 2016), intersection car-to-pedestrian scenarios (Boda, 2019),
and more recently in car-overtaking-cyclist scenarios (Dozza et al., 2016; Piccinini,
Moretto, et al., 2018; Farah et al., 2019; Rasch and Dozza, 2020). The concept was
used in this thesis to understand driver’s behaviour when they interact with cyclists
and oncoming vehicles in an overtaking manoeuvre. CZBs have been quantified and
used in different ways in this thesis: CZBs were quantified in terms of distances and
TTC in Paper 1, CZBs of longitudinal acceleration and jerk values were used in the
driver braking response to a FCW system in Paper 3, and CZBs of longitudinal and
lateral acceleration, as well as of jerk, were used to quantify the ADAS intervention
time in Paper 4. The findings of the papers and their implications for traffic safety
will be discussed below.

41
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Paper 1 used ND data to quantify the CZBs and investigate factors that affect
drivers’ CZBs while they overtake cyclists (Objective 1). The results support the
findings from the previous studies by Dozza et al. (2016) and Piccinini, Moretto, et al.
(2018), and extend the knowledge about driver behaviour in car-to-cyclist overtaking
scenarios in naturalistic driving beyond what was reported in literature. The findings
are that as car speed increased, the lateral clearance (LC) also increased. This is in
line with the concept proposed by Summala (2007): drivers would attempt to keep a
greater distance between their car and the other road users at higher speed, to ensure
enough space for comfort. Although a majority of studies in the systematic review
by Rubie et al. (2020) also observed that LC increases with higher vehicle speed
and speed limit, some studies had different results (Dozza et al., 2016; Mehta, 2015;
LaMondia and Duthie, 2012). However, our findings are also in line with cyclists’
expectations that higher speeds require a larger LC (Llorca et al., 2017; Garcia et al.,
2020; Lopez et al., 2020; Rasch, Moll, et al., 2022). Overall, the results confirm
the need for legislation stratifying minimum passing distances (MPDs) by speed.
While MPD laws have been implemented in many countries around the world (see
e.g., Haworth et al., 2018) to increase cyclist safety, our results suggest they may
need revision. Policymakers may use the results from this research to justify and
promote regulations on MPD stratified by speed. Although studies have found that
drivers may not be able to judge LC accurately, making them aware of the need
to increase LC as their speed increases may still favour a safer (larger) clearance
(Herrera et al., 2020; Schramm et al., 2016; Love et al., 2012). In cyclist-overtaking
situations, ADAS can help the drivers maintain the legally enforced LC. In one
example proposed by Calvi et al. (2022), virtual warnings and additional visual
information about the clearance can be provided to driver, so that they know when is
safe to overtake. In another example, Brijs et al. (2022) recently proposed an ADAS
warning (acoustic and visual) that alerts the drivers when they pass too close to the
cyclist (e.g., LC<1.5m) and nudges them toward corrective action. Additionally,
road authorities can increase drivers’ awareness of cyclists and the minimum legal
LC by posting information on the road, perhaps in the form of warning signs (Dozza
et al., 2016; Farah et al., 2019).

Furthermore, drivers change their CZBs (e.g., decrease LC) when an oncoming
vehicle is present. This behaviour is explained by the comfort zone concept: the
drivers are more likely to focus on the road users that are more important for
their personal safety; the risk of a head-on collision with oncoming traffic probably
represents a higher subjective threat than a rear-end or side-swipe collision with the
cyclist (Dozza et al., 2016; Piccinini, Moretto, et al., 2018; Summala et al., 1998;
Rubie et al., 2020). Drivers tend to neglect road users, such as cyclists, who are
not a threat (Summala, 1996; Résianen and Summala, 1998). Thus, ADAS can
increase cyclist safety by helping the driver keep an appropriate LC to the cyclist,
because there is a prediction component in ADAS that may evaluate the extent to
which driver will be able to keep the appropriate LC. ADAS (including automated
vehicle) designers should also be aware of the LC that feels safe to cyclists in order
to ensure that both cyclists and drivers feel comfortable with the interaction. For
example, in the approaching phase ADAS can warn the driver or intervene when it
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is not safe to overtake due to oncoming traffic (e.g., TTC to oncoming traffic is too
low). In the passing phase, ADAS can nudge the driver to keep the appropriate LC
when oncoming traffic has passed or is still far away. The safety aspects of ADASs
design, assisting drivers as they overtake the cyclist safely and comfortably, should
be balanced with the need to avoid interfering with oncoming traffic. This balance
should be investigated in future research.

Y

As explained above, the driver behaviour from ND data enabled quantification of
the drivers’ CZBs (Paper 1) that can guide possible countermeasures such as MPD
laws, and design of ADAS. Importantly, this knowledge can also aid in the derivation
of computational driver models that can be included in the ADAS threat assessment
algorithms and counterfactual simulations.

As indicated earlier, drivers are responsible for the timing, speed, and clearances
when overtaking cyclists; it is a complex task (Feng et al., 2018; Clarke et al., 1999;
Gray and Regan, 2005). Paper 1 made use of four overtaking phases to structure the
analysis and modelling of the task. The approaching phase was studied in more detail,
in order to propose driver models (Paper 2), compare two FCW systems (Paper 3),
and quantify critical zones—taking into account both driver comfort models and
vehicle models (Paper 4). Specifically, Paper 2 used the analysis from Paper 1 to
further study the flying overtaking strategy (in which drivers maintain a relatively
constant speed) and incorporate the findings into a computational driver model that
can be used to further develop and assess ADAS algorithms (Objective 2). The four
types of models in Paper 2 use perceptual cues for modelling driver behaviour in the
cyclist-overtaking scenario. Although two of the models, threshold and accumulator,
have been used before with human perceptual cues (Lee, 1976; R. Kiefer et al.,
2003; Maddox and A. Kiefer, 2012; Markkula, Engstrom, et al., 2016; Victor et al.,
2015, among others), Paper 2 extended previous research by using these cues as
inputs for the PI and PID models (McRuer, 1980; MacAdam, 1981; Plochl and
Edelmann, 2007). Further, the model types included in Paper 2 were not previously
used in the cyclist-overtaking scenario. They were included for comparison in order
to understand which of the models would be more suitable to describe the driver’s
behaviour in the approaching phase.

The results show that the models based on 77! fitted the data better than the
models that included optical expansion rate, §. The drivers seem to use 7! from the
cyclist as an excitatory cue to initiate steering and 7=! from the oncoming vehicle
as an inhibitory cue for the same action. The results from Paper 2 support the
usefulness of evidence accumulation models in the road traffic context; the models
have been used for decision making with respect to braking or steering control in other
scenarios, such as rear-end (Markkula, Boer, et al., 2018; Xue et al., 2018; Piccinini,
Lehtonen, et al., 2020; Sviard, Markkula, Bargman, et al., 2021) and intersections
(Boda, Lehtonen, et al., 2020). More recent studies have extended the models to take
into account the accumulation of multiple perceptual cues as evidence (Markkula,
Boer, et al., 2018; Boda, Lehtonen, et al., 2020; Giles et al., 2019; Zgonnikov et al.,
2020). In addition, Paper 2 extended the models with the perceptual cues from the
cyclist and oncoming vehicle to include the multiple road users’ (i.e., driver, cyclist,
and oncoming vehicle) interaction in the car-to-cyclist overtaking scenario.
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Even though cyclist overtaking has long been studied, not all factors that influence
the driver’s decision to overtake are known (Rubie, 2021). However, it can be
determined from the vehicle kinematics that an overtaking is likely to happen when
it is necessary to avoid a rear-end collision. In addition, previous studies have shown
that the presence of oncoming vehicles and the distance to the cyclists are important
factors in the driver’s decision to overtake (Dozza et al., 2016; Piccinini, Moretto,
et al., 2018; Farah et al., 2019; Paper 1); thus we believe our models are likely
sound. Because the dataset did not include aborted overtakings, our models may
predict an overtaking even in situations where a driver would have aborted (or
not have considered) an overtaking manoeuvre. Future studies should verify that
the kinematics exhibited by drivers in the early phases of an overtaking are not
confounded in other situations.

The models of Paper 2 do not include a model of the response time variance
within the accumulator models, in terms of noise, for example (Ratcliff, P. L. Smith,
et al., 2016). That is, the models were designed to represent the average driver, and
driver variability was not taken into account. Future studies should consider driver
variability and its effect and sensitivity with respect to parameter fitting and model
performance. Future work should also extend the models to cover both overtaking
strategies (flying and accelerating), as well as all four overtaking phases. In fact, a
recent study (Rasch and Dozza, 2020) has proposed a driver model that predicts
the overtaking strategy; however, the inputs are kinematic cues between the road
users (distances to the cyclist and the oncoming vehicle), and the model only used
TT data. Paper 2, on the other hand, demonstrated how the driver behaviour from
a model tuned on TT data can be applied to ND data, and vice versa. The use of
different data types for model tuning will be discussed in Section 4.2.

Paper 2 also demonstrates how linear programming can be used for tuning model
parameters in a computationally efficient way, which also ensures a global minimum
solution for the chosen error and cost function. As mentioned earlier, the driver
models would need improvement and validation on larger datasets before including
them in ADAS and in counterfactual simulations, but the method is valid for use in
future studies. The parameter fitting approach in Paper 2 is particularly suitable for
large optimisation problems, constructed with a large dataset of drivers or a large
number of parameters. The approach is promising for optimising model parameters
(such as those connected to ADAS) for use in counterfactual simulations. However,
the problem needs to be linear. Other methods may be needed for those problems
which cannot be defined by a convex or linear cost function. Additionally, it may
not be possible to transform the problem as a linear program; in particular, it might
not be possible to define a meaningful error which is the convex function of the
parameters. Finally, as mentioned before, the parameter fitting method of Paper 2
did not include noise (driver variability). There is a need to investigate what type of
problem might be created by including this noise, and whether linear programming
can still be used in that case, or if the noise can be added in a separate process.
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4.2 Different types of data

The data needed to understand driver behaviour in a specific scenario can be
gathered from various sources, as mentioned above and in Section 2.1. To study
driver behaviour in overtaking scenarios, this thesis (Papers 1 and 2) used data
collected from instrumented cars in two types of on-road studies (ND and TT),
which each have advantages and disadvantages. ND data offer great promise for
understanding driver behaviour, since they have the highest possible ecological
validity and contain rich contextual information (Shinar, 2017; Bérgman, 2016).
However, as has been shown in Paper 1, it is hard to identify relevant manoeuvres in
ND data (even with data from a large ND study, the number of relevant manoeuvres
is still relatively small). As has been shown in Paper 1 a substantial amount of
data reduction is necessary to extract relevant manoeuvres when data are recorded
continuously—typically by first applying an algorithmic filter, followed by manual
annotation, which has also been reported when studying other manoeuvres in ND
data (Rasch and Dozza, 2020; Morando, 2019).

TT data are collected in a more controlled way, which allows more data to be
collected from relevant scenarios, and more efficiently obtains information about
a specific scenario with realistic kinematics (Boda, 2019; Rasch and Dozza, 2020).
Additionally, in TT experiments, the researcher can ask about the drivers’ perceived
comfort immediately after the overtaking was performed (Rasch and Dozza, 2020),
while in ND studies (such as in Paper 1), this is not possible.

It seems that a reasonable approach to developing driver models that are as
realistic as possible is to use data from TT experiments and validate them with ND
data, as attempted in Paper 2. This approach has also been applied in a recent
study by Rasch, Panero, et al. (2020), who designed driver models from both field
test data and ND data, and by Boda, Dozza, et al. (2018), who used both simulator
data and TT data. The driver models fitted to TT data in Paper 2 captured the
overall trend of steering onsets in the ND data rather well, except for a persistent
bias, seemingly due to the TT drivers employing an anticipatory strategy (which,
as mentioned in Section 2.1, is a characteristic of TT studies) than the drivers in
the ND study. The differences might also be explained by behavioural differences
between Swedish and French drivers, different levels of exposure to cyclist-overtaking
manoeuvres, or differences in infrastructure on rural roads in different countries.
Rasch, Panero, et al. (2020) reported that driver behaviour in the ND data varied in
magnitude, but not in trends, from field test data. Because each data type has pros
and cons, the data for modelling driver behaviour cannot come from a single source.
Combining results from different types of data that show similar trends is likely to
be more ecologically valid than using either of the datasets separately (Schindler,
2022; Paper 5; Paper 2).

4.3 ADAS

As was pointed out in Section 1.2, when ADASs include driver CZBs as part of their
threat assessment algorithm, they may be more accepted by drivers (Aust, Engstrom,
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and Vistrom, 2013; Lubbe and Davidsson, 2015; Béargman, 2016). An additional
motivation for quantifying CZBs (Paper 1) and modelling driver behaviour (Paper 2)
is to inform the development of ADAS (Thalya et al., 2020; Rasch and Dozza, 2020)
and automated vehicles (Abe et al., 2018). If the ADAS adjusts the intervention
time according to a driver’s CZB, acceptance should improve (Rasch and Dozza,
2020). For example, in an overtaking manoeuvre, the driver model (Paper 2) may
predict that the driver had already started to steer away when the actual driver has
not; the ADAS could then act when there is a mismatch between what the driver
model predicts and what the driver does (Thalya et al., 2020; Hosseini et al., 2016).

Whereas Paper 2 compared different driver models for predicting typical drivers’
steering onsets, Paper 4 added the aspect of different vehicle models (and driver
comfortable braking and steering) to the calculation of the ADAS intervention time.
Paper 4 accomplished Objective 4, which was to propose a general framework for
different mathematical vehicle models described by linear steering dynamics. The
framework enables the efficient calculation of the rear-end crash ADAS intervention
time and the critical zone (e.g., the area where the collision cannot be avoided given
the boundaries of comfort or performance). Previous studies have quantified the
critical zone using the SSCM vehicle model (Brannstrom, Coelingh, et al., 2010;
Brénnstrom, Coelingh, et al., 2014), but Paper 4 used a more complex vehicle model
(DM instead of SSCM) and quantified the differences in critical zones when different
vehicle models and different initial vehicle conditions are used. Other studies (Althoff,
Koschi, et al., 2017; Althoff and Wursching, 2020) provide a benchmark platform of
vehicle models, but the platform was mainly intended for motion planning of road
vehicles and has not been applied to calculate ADAS intervention times.

Paper 4 shows that the ADAS intervention time can be computed analytically
for vehicle models as complex as SSCM. For the more complex, DM, however, the
computation is numerical. Thus, computationally efficient methods (i.e., Newton-
Raphson and Halley’s methods explained in Section 2.5) were employed, allowing
more complex vehicle models to be feasible for both real-time and offline usage.
Currently no studies have computed the critical zone with models more complex
than DM, so it is an open question how valid our models are. Certainly, as model
complexity increases, the accuracy of ADAS intervention time will likely increase.
Furthermore, the times required to calculate the ADAS intervention time, for the
different vehicle models and algorithms for collision avoidance by steering, were
also compared. These results allow the differences to be taken into account when
designing and assessing ADAS with different vehicle models. Future work could
quantify the expected safety benefit of ADAS for each vehicle model using real-world
data. The suggested general framework for calculating the critical zone can also
be applied to other road users (for example, trucks, buses, and e-scooters). The
method for calculating the critical zone can also be used by AD—for example, to
calculate a position in the target lane to safely complete an overtaking or lane change
manoeuvre, by taking into account the AD’s ability to either brake or steer to avoid
collisions.
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4.4 Safety benefit assessment of ADAS

The safety benefit estimate of specific ADAS, such as behaviour-based (BB) FCW,
which integrates driver behaviour models as part of FCW’s threat assessment algo-
rithm, (Objective 3), was addressed in Paper 3. The results of Paper 3, obtained by
using counterfactual simulations, indicate the substantial potential of FCW to both
avoid crashes and reduce injuries in the car-to—cyclist overtaking scenario. The BB
FCW provides, in general, larger safety benefits than the reference system. Further,
once a prototype of the specific ADAS is available, it can be assessed with physical
testing (as in Paper 5), in addition to the counterfactual simulations. With outcomes
from both of these independent data sources (i.e., counterfactual simulation and test
results), Paper 5 proposed a framework which combines these two data sources into
one common safety benefit outcome by applying Bayesian inference in a novel way
(Objective 5).

Bayesian inference has previously been used in traffic safety research—for example,
by Hauer (1983a), Hauer (1983b), and Garder, Leden, et al. (1998), and Morando
et al. (2021). It has also been used to combine multiple outcomes of one data source,
such as expert judgments, by Garder, Leden, et al. (1998). Paper 5 showed how
the Bayesian inference framework can be applied to safety benefit assessments, in
order to estimate the safety benefit of four different ADAS. The framework can
be updated with new results, so that the assessment phase does not need to be
completely repeated when new data are available. The data within the framework
can also be updated, either when new information becomes available or a new type of
input (e.g., ND data) is provided. Thus, the framework can shorten the time required
for the assessment of new ADAS. The existing posterior distributions can become
the new prior assumptions, providing a straightforward way to include previous
knowledge in future research. The framework contributes to initiatives such as
P.E.A.R.S. (Page et al., 2015), achieving holistic safety benefit assessments of new
ADAS and automated functions, which are harmonised, standardised, and accepted
by stakeholders.

The advantage of the Bayesian framework is that the results are quantified
through distributions of model parameters. Uncertainties in the model parameters
can be included in the analysis through the chosen distributions—for example, higher
or lower variances can be included. This approach is in stark contrast to classical null
hypothesis significance testing (the frequentist approach), in which the output is a
single number (e.g., a mean) on which a decision (e.g., about the safety effectiveness
of a countermeasure) is based. Thus, the Bayesian approach as proposed in Paper 5
gives a more detailed characterisation of uncertainty, as well as a more coherent
conceptual framework.

The Bayesian assessment method developed here might also guide future assess-
ments for other road users, such as powered-two-wheelers, trucks and buses. Clearly,
the data used in simulations, tests, and models need to be based on the behaviour of
the specific road user, rather than that of car drivers. Assessment bodies, such as
Euro NCAP, envision employing virtual safety assessments of ADAS and AD; for AD
assessment in particular, a large number of tests will be required (Kalra and Paddock,
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2016; EuroNCAP, 2019). However, it might be impossible for the assessment body to
perform virtual tests for which all models are validated (for confidentiality reasons,
among others). A possible solution would be for manufacturers to perform the
virtual assessments with their validated, proprietary, and confidential models, and
the assessment body would perform the physical testing (with a reduced number
of tests). The results could be merged, using the method from Paper 5, with the
virtual testing results provided by the manufacturers. Currently, more research is
still required before the virtual safety assessments of ADAS and AD reach the same
level of detail and standardisation as the assessments used for consumer testing (e.g.,
Euro NCAP, with physical testing).

Having discussed the framework, we turn now to the influence of various param-
eters on the estimated results. While Paper 3 investigated how results concerning
the estimated causality reduction of FCW change when the parameters of the driver
response model (reaction time and brake profile) change, Paper 5 reviewed the effects
of other methodological aspects and parameter values on the safety benefit results.
The estimated safety benefits in Paper 3 indicate the substantial potential of FCW
to both avoid crashes and reduce injuries in the car-to—cyclist overtaking scenario.
The sensitivity analysis on the driver response model parameters showed a range in
the safety benefit that BB FCW can provide—the reduction of fatalities was from
53-96%.

In Paper 5, two aspects were considered: choice of injury risk function, and
different weighting of the test results compared to the simulation results. The first
aspect was included because previous research noted that the safety benefit results
may differ when using different injury risk functions (Rosén, Kéllhammer, et al.,
2010; Rosén, Stigson, et al., 2011). However, the sensitivity of the safety benefit
for specific ADAS has not been reported when different injury risk functions are
fitted on the same data. A number of studies exist that show the best practices
and methods for construction of injury risk functions (see, for example, Lubbe and
Davidsson, 2015; Kusano and Gabler, 2014; Petitjean et al., 2009; Yoganandan et al.,
2016). A common recommendation is to use the same data for fitting the injury risk
function as was used for the baseline events that are input into the safety benefit
assessment (ISO/TR, 2021). In Paper 5, the same baseline events and the same
estimator (i.e., collision speed of the car) were used to fit the injury risk function,
but with two different mathematical functions (logistic regression and order probit).
Similar benefits were obtained, although the reduction of fatalities using logistic
regression was somewhat higher than with the probit function. These results indicate
that the framework proposed in Paper 5 is relatively robust to the method on which
the injury risk function is based (at least for logistic regression vs. probit).

As for the second aspect, the results for the posterior benefit with different
weights indicated that the causality reduction increased with higher weighting of
the test results. This was not surprising, considering that collisions were avoided
in each test. It is important to note that the weight parameter (which assigns
relative importance in the Bayesian “merging” of test results and simulation results)
is chosen according to the requirements of the analysis; it should reflect the relevance
of test results compared to simulation results for that particular assessment. If there
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are strong indications that real-world test results are more reliable than simulation
results, or that the latest generation of the ADAS prototype will perform in a more
realistic manner than the first, the appropriate weighting can be incorporated into
the framework.

Once the results have been combined to provide the safety benefit assessment
as a posterior benefit estimation for a given local region, they should preferably be
extrapolated to larger regions beyond the sampling area, to obtain the potential real-
world safety benefit. This process was exemplified in Paper 5: baseline events from an
in-depth database (e.g., GIDAS) were extrapolated to represent what was originally
a local safety to safety on the European level (e.g., CARE data). Paper 3, on the
other hand, estimated only the relative differences between the safety benefits of the
BB FCW and a reference FCW. The results were presented as relative difference; we
were not able to extrapolate the results and show the real-world safety benefit, since
we did not know how representative the baseline events from the ND data are, for
example, of Europe. The framework in Paper 5 allows the inclusion of extrapolation
methods (and, in fact, used a common one: the decision tree method described by
Kreiss et al. (2015)). However, the possibility that the results would differ if different
extrapolation methods were used was not explored. Several extrapolation methods
have been applied before (e.g., Niebuhr et al., 2013; Kreiss et al., 2015), but it is not
yet clear what is the best method to obtain representative results at the European
level (Flannagan et al., 2018). However, care should be taken when interpreting the
results using in-depth data only, as has been shown by Bélint, Schindler, et al. (2021),
who reported that using baseline events from in-depth data without extrapolation
causes the safety benefit of ADAS to be underestimated (e.g., in total number of
avoided crashes) at the European level. Therefore, future work should focus on
performing a sensitivity analysis on the extrapolation methods, while continuing to
improve the methods for merging datasets in order to obtain optimal precision and
accuracy in the safety benefit estimates.

In summary, preventing collisions with cyclists in overtaking scenarios can greatly
reduce the number of cyclist fatalities and severe injuries, which in turn will contribute
to a safe transport system for all road users—which is part of the 2030 Agenda for
Sustainable Development Goals’ that prioritise road safety (Tingvall et al., 2020).
The work presented in this thesis is related to the sustainable development Goals
3 (Good health and wellbeing) and 11 (Sustainable cities and communities) from
the United Nations global goals for the world’s development, by promoting higher
standards of cycling safety and improved safety systems.

4.5 Future work

In addition to the proposals made throughout this chapter, future work could focus
on these three areas:

First, the Bayesian modelling approach can be extended to the safety benefit
assessment of integrated systems (which include both passive and active safety
systems), as well as AD. This extended assessment could also evaluate the effect of
integrated systems on the whole overtaking manoeuvre (instead of just one phase), in
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order to understand how to balance active and passive safety depending on the crash
scenario (e.g., rear-end, side-swipe, head-on) in each overtaking phase, road-user
interaction, and kinematics.

Second, the safety benefit of cooperative intelligent transport systems could be
further investigated, considering all the possible communication interactions that
can take place—such as timely warnings to cyclists (and other VRUs) and drivers.
This work would expand on the findings of this thesis, which was focussed on ADAS
and the driver side of the interaction with the cyclist.

Third, the models and methods applied in this thesis could be extended to
inform the design and assessment of the advanced systems for trucks and public
transport, which will be required in the future. These systems will need to be able
to detect VRUs at the sides and front of the vehicle and either provide a warning or
autonomously avoid collisions.



Chapter 5

Conclusion

As ADAS for car-to-cyclist conflicts continue to be developed and improved, higher
levels of automation will also require emergency avoidance features, especially in
rural settings where the speed difference between the car and the cyclist is high. To
enable the optimisation of ADAS performance and to guide different stakeholders,
efficient quantification of the safety benefit of specific ADAS prospectively (before
they are available on the market) is necessary. One way to assess ADAS is through
virtual simulations. Three components of the virtual simulation of car-to-cyclist
conflicts in overtaking manoeuvres were targeted in this research: driver models,
vehicle models, and ADAS models. Within these components, methods were targeted
for improving computational efficiency and accuracy of the assessment.

Specifically, computational driver models were derived and compared to assess
which human perceptual cues are suitable for predicting steering onset time as drivers
approach the cyclist before overtaking. In addition, different vehicle models with
linear steering dynamics were benchmarked into a general framework for quantifying
ADAS intervention times. Thanks to the benchmark, the differences in ADAS
intervention time can be taken into account when designing and assessing ADAS
with different vehicle models. This, in turn, can facilitate quantifying the expected
safety benefit of ADAS on real-world data, depending on the vehicle model, in the
future. ADAS, such as behaviour-based FCW, were compared to state-of-the-art
FCW (that are not behaviour-based) in counterfactual simulations with different
driver response models. It was demonstrated that the prospective safety benefit
estimates of both FCWs were highly dependent on the parameters of the driver
response models. Our results show the importance of the choice of driver models in
counterfactual simulations and justify the need for sensitivity analysis as a function
of, for example, comfort, emergency, and driver variability to provide a reliable
estimation from our safety benefit assessment.

Different data collection methods can be used for studying and modelling everyday
driving behaviour and evaluating the driver models. In this research, ND data were
used to understand the factors that influence the driver behaviour and characteristics,
such as drivers’ CZBs while they overtake cyclists. ND based driver CZBs can guide
the selection of possible countermeasures, such as minimum passing distance laws and
ADAS design, as well as aiding the derivation of computational driver models to be
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included in the ADAS threat assessment algorithms and counterfactual simulations.
This work used ND data to extend previous studies, by providing a more ecologically
valid and complete picture of the CZBs in overtaking manoeuvres. As a result, ADAS
designers can improve ADAS’ ability to account for driver’s comfort, providing timely
and acceptable warnings when drivers exceed their CZBs. The systems can then
achieve a greater safety benefit in two ways: a) drivers will not exercise the option
to turn them off (for systems that allow it) and b) the system will be able to trigger
earlier.

In a subsequent step, methods for efficiently fitting driver models to data, and
methods for efficiently calculating ADAS intervention time, were developed. Com-
putationally efficient methods for model fitting and calculating ADAS intervention
time keep the computations tractable and enable rapid safety benefit assessment.
The computational driver models were derived specifically for the approaching phase
when cars overtake cyclists. It is likely that, in the future, other driver models will
need to be developed to address other car-to-cyclist interaction manoeuvres, perhaps
by following the method for model fitting derived in this research. Once the models
are developed, comparisons between driver models using different data sources are
recommended as a form of model validation.

To further enable rapid and accurate safety assessment of ADAS, a Bayesian
statistical framework was developed—capable of combining results from different
data sources (specifically, simulations and physical tests) for increased safety benefit
assessment accuracy and robustness. The pros and cons of different data sources used
in this research indicate that the data for modelling driver behaviour should come
from more than one source. Combining results from different and complementary
data sources facilitates more robust and ecologically valid results than using either
of the data sources separately. In fact, applying Bayesian inference in a novel way to
combine the outcomes of the different independent data sources has made it possible
to provide one safety benefit outcome for a specific ADAS. Thus, the approach
of defining priors based on initial results of potentially lower fidelity, e.g., from
simulations, and updating them with results of presumably high fidelity, e.g., from
physical tests, has the potential to increase the overall accuracy of ADAS assessments.
The Bayesian assessment method developed in this thesis might also guide the future
of assessments for other road users, such as powered two-wheelers, trucks, or buses.
Furthermore, it has the potential to be used by assessment bodies (such as Euro
NCAP) which envision the virtual safety assessment of ADAS and automated driving
as a major part of their assessment portfolio.

Many aspects of virtual safety assessment still need to be researched to achieve a
holistic safety benefit assessment of new ADAS and automated functions which can
provide results that are accurate, efficient, standardised, robust, and accepted across
stakeholders. This research addressed part of this need. Future work should continue
improving the methods for other scenarios, as well as improving the methods for
merging datasets for optimal precision and accuracy in the safety benefit estimates.
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