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Abstract

Road crashes are a major cause of deaths and serious injuries worldwide. New technologies
can reduce their number and severity by supporting drivers with advanced driver assistance
systems (ADASs), and by taking over the entire driving task—at least under certain
conditions—with automated driving systems (ADSs). Virtual simulation is one of the
methods for predicting how safe these systems will be once they are released on public
roads. However, ensuring that this method provides meaningful and representative results
remains challenging. Safety targets are required to ensure that ADAS and ADS assessments
are effective, relevant, and fair and that the systems have a positive impact on safety. This
thesis focuses on the foundations for formulating and assessing these safety targets, with the
aim of supporting the development of ADSs and ADASs, and ultimately improving traffic
safety.

The work addresses four main aspects of safety targets. First, the thesis investigates
the impact of data selection on the outcomes of virtual safety assessment. The findings
indicate that crashes artificially generated from these data can differ substantially from real-
world crashes, leading to lower severity outcomes, reduced criticality, and inaccurate benefit
estimations. Second, the thesis evaluates the safety performance of the reference models
described in UN Regulation No. 157 to determine whether they represent adequate safety
targets for ADSs. A comparison of the models’ responses to those of real drivers in safety-
critical scenarios reveals that the models do not perform like the competent and careful
drivers they are intended to represent. Third, the thesis analyzes lane-changing behavior and
its relation to the surrounding driving context. The results describe characteristics of lane-
changing behavior that can be used in modeling, including a modified definition of lane-
change initiation that incorporates a lateral speed threshold (in addition to the lateral position
threshold used to define lane changes in current reference driver models). Finally, the thesis
investigates the link between off-road glance behavior and crash risk for car-following
scenarios. In line with previous literature, our results suggest that drivers adapt only
modestly to time gap-related crash risk, yet they reduce both the frequency and duration of
off-road glances as time to collision gets shorter.

The findings highlight issues in current regulatory behavior model-based safety
targets and the challenges that current reference models face, both in their formulation and
in the data and methods used to assess safety target validity. Moreover, the findings also
suggest that using observed behavior as the sole basis for safety targets for ADASSs is
problematic, although including components such as urgency and glance behavior may
improve their performance and relevance. Overall, the results highlight the importance of
ensuring relevant and valid virtual safety assessments through a well-considered choice of
data sources and the robust and accurate representation of safety targets through driver
models.

Keywords: safety targets, virtual safety assessment, reference driver model, counterfactual
simulations, glance behavior
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Introduction

1 Introduction

Traffic safety plays a major role in developing the mobility of the future. Road crashes are
among the most common causes of death; it is estimated that in 2021 1.19 million people
died in traffic crashes worldwide (WHO, 2023). The risk of road users incurring serious
injuries or death in a crash drives the development of safer mobility solutions; a variety of
stakeholders (e.g., governments, academia, institutes, and private companies) are steadily
working on improving vehicles and infrastructure.

A central philosophy in modern traffic safety is Vision Zero. This strategy originated
in Sweden and has since been adopted in several other countries. It is based on the ethical
principle that no loss of life in the transport system is acceptable. It shifts the responsibility
for safety from individual road users to system designers, emphasizing that while human
error is inevitable, fatalities and serious injuries are not. This philosophy is put into practice
with the Safe System Approach, a framework that recognizes human error as inevitable and
aims to build a road system that is forgiving. It focuses on five key pillars: safe roads and
roadsides, safe speeds, safe vehicles, safe road users, and effective post-crash response. The
goal is to ensure that when crashes do occur, they do not result in death or serious injury.

While the Safe System Approach tolerates human error, it still expects drivers to
follow traffic rules and operate their vehicles safely, raising the question: How do we define
"safe driving”? Because of the high level of complexity of the driving task, safety is
achieved not only by observing traffic rules, but also through the human ability to predict
and react to safety-relevant driving scenarios.

Safety-relevant driving scenarios, in which the kinematics of the vehicles involved
are such that there is a risk of crashing, cover a wide range of safety criticalities, from low
to high risk (imminent crashes). It is common practice to divide drivers’ interventions into
two categories: crash avoidance and conflict avoidance (Scanlon et al., 2022). Crash
avoidance is the ability of the ego vehicle to perform an immediate action (e.g., braking or
steering) to avoid an imminent crash when the vehicle is on a collision path with another
vehicle, obstacle, or vulnerable road user (VRU). Conflict avoidance is the combination of
actions intended to avoid situations that, without timely intervention, could increase the
probability of a crash (Favaro et al., 2026).

Humans, however, cannot be attentive to everything in traffic at all times—they are
prone to distractions and mistakes while driving, and may consequently fail to perceive
potential hazards. It is for this reason that in the last few decades modern vehicle
technologies have been developed with the aim of improving the crash and conflict
avoidance capabilities of drivers. Specifically, advanced driver assistance systems (ADASs)
and automated driving systems (ADSs) are designed to help mitigate crashes or avoid them
altogether, by supporting or replacing the driver, respectively (at least under certain
conditions). Automated emergency braking (AEB) is an example of an ADAS aimed at
avoiding crashes that acts when safety criticality is high and a crash is imminent. As their
development continues, ADASs are increasingly able to handle driving tasks even in low-
criticality scenarios (Antony & Whenish, 2021; Nidamanuri et al., 2021). Unlike ADASS,
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ADSs take responsibility for the whole driving task at all levels of safety criticality, at least
within a specific operational design domain (ODD; ISO, 2022a). ADSs consequently
include both conflict and crash avoidance systems.

The development of ADASs and ADSs presents considerable challenges, including
compliance with standards and regulations to ensure their safe operation (see Section 1.1)
and the assessment of their safety benefits (see Section 1.2). A key aspect of the latter is
establishing a fair and meaningful reference for the level of safety the system provides,
answering the question, “What is ‘safe enough’?” This thesis is based on the premise that
human behavior can be used as a reference for driving that is safe enough (see Section 1.3).
This premise is based on the fact that ADASs and ADSs need to be compared and validated
against the entity which they support/replace: the human driver. In this case, the validation
for a given safety-critical scenario consists of showing that the system’s behavior leads to a
safer outcome than the behavior expected from a human. These performance comparisons
are typically based on outcome measures (e.g., crash or injury risk), so assessments can be
made even when humans and systems differ fundamentally (as in, for example, in perception
or prediction capability). It is a generally accepted fact that all models (including
human-behavior, system, and vehicle and environmental models) inevitably contain
inaccuracies. It should be noted that comparing systems to humans is just one of the
components needed to assess whether a system is safe or not. Other components, such as
assessing the compliance with functional safety standards and ensuring the acceptance of
the systems by other road users, are just as important.

1.1 Standards and regulations

The safe operation of ADASs and ADSs is regulated by well-defined procedures for testing
hardware and implementing software. This section outlines some of the most relevant
standards and regulations. ISO 26262 is the main international standard defining functional
safety for electrical and electronic systems installed in vehicles (ISO, 2018). It covers, for
example, random system failures, and defines “functional safety” as the “absence of
unreasonable risk due to hazards caused by malfunctioning behaviour” (p. 14; ISO, 2018).
The standard ISO 21448 defines a complementary concept, the safety of the intended
functionality (SOTIF), which is “the absence of unreasonable risk due to a hazard caused
by functional insufficiencies” (ISO, 2022a). The standard ISO 34502 leverages on the
SOTIF concept to define a scenario-based safety evaluation process for ADSs (ISO, 2022b).
This standard codifies the infinite possible traffic interactions that ADSs can encounter with
a finite number of scenario categories, and divides the driving task along three aspects:
perception, judgement, and control. The categories can be used to obtain quantitative results
from ADS testing: an example is described in the UN Regulation No. 157 (R157; UNECE:
United Nations Economic Commission for Europe, 2023). This regulation contains
provisions for the approval of automated lane-keeping systems (ALKSs) using scenario-
based testing.

The standards and regulations mentioned are only a subset of the requirements that
ADASs and ADSs must satisfy to be released for public use. In addition, companies have
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their own internal safety assessment processes. Complying with all these requirements
necessitates a range of assessment tools, including virtual simulations, introduced in the
next section.

1.2 Virtual safety assessment methods

As mentioned, the performance of systems such as ADASs and ADSs must be tested to
ensure their safe operation, both as part of standards compliance testing and as part of
vehicle manufacturers internal processes. However, it typically takes years for these systems
to reach enough market penetration for long enough to enable valid retrospective safety
evaluations in real vehicles on the road (Gulino et al., 2022; Smit et al., 2019; Wimmer et
al., 2019), which make it possible to compare, for example, the number of crashes or average
injury risk with and without the system. Consequently, the assessment methods used in their
development and regulation (e.g., defining when a vehicle/system is safe enough to release
on the roads) must be carried out prospectively, prior to the system’s release on the market.
Since these methods, often performed in virtual environments, are used to predict the impact
of a system if it were available in traffic (Alvarez et al., 2017), they play a fundamental role
in the development of ADASs and ADSs. Moreover, prospective methods are also becoming
an important component in ADS approval processes (UNECE, 2023), and the inclusion of
pre-crash virtual simulations in consumer rating programs of ADASs (Euro NCAP, 2023) is
currently being considered.

Reaching an exhaustive assessment of the safety of a system based on virtual
simulations is, however, not straightforward (Wimmer et al., 2019). The safety impact of a
system is quantified by comparing the scenario with and without the system (treatment and
baseline, respectively). The terms “baseline” and “treatment” were borrowed from the
medical field; systems applied to reduce or avoid crashes are considered analogous to
medicines treating a disease. The baseline represents, at least in theory, the real-world traffic
scenarios considered important for safety (and that the systems aim to address) as accurately
as possible. As such, the choice of baseline must be based on the evaluation scope: what is
to be assessed and what the purpose is. Fahrenkrog et al. (2025) define the evaluation scope
as a combination of evaluation questions which should “take current scientific knowledge
and state-of-the-art in road traffic safety” into account; the scope should also “point out the
gap that is addressed by the evaluation” (p. 30; Fahrenkrog et al., 2025).

Wimmer et al. (2023) and Fahrenkrog et al. (2025) define three fundamentally
different approaches to baseline generation for prospective safety assessments, described in
Fig. 1. Approaches A and B start with individual original scenarios, while approach C uses
distributions of parameters describing the scenarios. The processing for approach A consists
of digitally representing the unmodified original scenarios. Approach B is similar to A, but
the processing can include parameter variations or the inclusion of behavior models for part
of the scenario, resulting in more scenarios. For approach C, the sub-approach C1
aggregates parameter sets to generate a few representative scenarios; C2 typically uses
sampling techniques and behavior models of road users to obtain large datasets of
interactions.
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Fig. 1 Approaches for creating baseline data for virtual safety assessments from Wimmer et al. (2023; reproduced with
permission from the authors). The first approach (4) uses unmodified real-world events as the baseline. The second
approach (B) consists of increasing the number of available scenarios by modifying individual real-world scenarios,
typically through simulation. The third approach (C) has two sub-approaches. in Cl, statistical data are aggregated to a
few representative scenarios, and C2 uses stochastic models (with or without computational behavior models in
simulation) to create more scenarios for the baseline and the treatment, increasing the coverage.

As these approaches illustrate, baselines are all derived from the real world in some
way, either directly via statistical models or indirectly via behavior models. However, the
data they use as input can differ greatly. Complex and often expensive data collection is
typically required to capture relevant interactions (James et al., 2015; Liers, 2018; Pelella et
al., 2023). For example, in-depth crash databases are commonly used (Chen & Dai, 2018;
Cuerden & McCarthy, 2016; Otte et al., 2003; Rameshkrishnan et al., 2013; Zhang et al.,
2019). Their relatively high-fidelity data can provide baselines when assessing crash
avoidance systems (Erbsmehl, 2009). Some of these databases capture detailed
characteristics of real-world crashes, including pre-crash time-series data of individual
events (Schubert et al., 2013). They can include trajectories of the agents (e.g., vehicles and
VRUs) from (typically) five seconds prior to the crash up to the moment of the crash, as
well as a relatively detailed description of the event itself (Schubert et al., 2013). However,
these databases can only describe a relatively small part of the complexity of the driving
task; moreover, the time-series reconstructions typically include several assumptions which
limit how they can be used (James et al., 2015; Kiuchi, 2020; Liers, 2018).

Naturalistic driving studies (NDSs), which collect data during drivers’ everyday
driving, are another data source. They can complement in-depth crash databases by
providing much more complete coverage of a larger range of safety criticalities (Bargman,
2016; Hankey et al., 2016), albeit at the expense of capturing few (if any) crashes, and very
few (if any) high-severity crashes (Ehsani et al., 2021). As crashes are rare, near-crashes are
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commonly used as surrogates for crashes (Guo et al., 2010; Hydén, 1987; Laureshyn &
Vérhelyi, 2018; Victor et al., 2014; Wu & Jovanis, 2012). A near-crash is a driving instance
in which a crash was imminent but the involved road users managed to avoid it. Near-
crashes have been used to generate crashes by modifying the real-world driving kinematics
which successfully avoided the crash (Bargman et al., 2015; Victor et al., 2014). However,
this method is not always straightforward, and this area is therefore an active research field
(see, e.g., Fahrenkrog et al., 2025; Wimmer et al., 2023). Actually, very few studies have
been able to demonstrate that they can produce baseline crashes that are representative of
the real world (Bédrgman, Jokhio, et al., 2025).

Counterfactual simulations represent one safety assessment method that uses
modifications of safety-critical scenarios from real-world driving (Davis et al., 2011). These
simulations typically use a set of crashes (baseline scenarios) in which the virtual
representation of the system under assessment is applied, generating treatment scenarios.
That is, ADASs and ADSs are used in the treatment scenarios to complement or replace the
road users in the baseline scenarios, to answer the question: What if the vehicle(s) had been
equipped with the system? If the simulated outcome is better than what happened in the real
world (the baseline), the system is considered to improve safety for that specific driving
scenario. Of course, the terms “outcome” and “better” do not have global definitions, and
are often defined differently for different safety assessments. Typical analyses of
counterfactual simulations include assessing the outcomes in terms of crash avoidance and
mitigation. If the application of a system turns a crash into a non-crash, the benefit of the
system with respect to avoiding crashes is evident. If the system only mitigates the crash,
the safety benefits of the system must be quantified by some other metrics. For example,
delta-v can be obtained from the impact speed (Kullgren et al., 2003), and the risk of injuries
can be predicted (Gennarelli & Wodzin, 2006; Kullgren, 2008): baseline and treatment
outcomes can be compared with either metric.

1.3 The role of driver models

Some virtual safety assessment methods also need computational human driver behavior
models (CBMs; ISO, 2021), defined here as mathematical and/or statistical representations
of driver behavior. These models are used in the assessments to represent the behavior of
drivers in traffic. They may include everyday driving (e.g., car-following), models of crash
causation (e.g., off-road glance behavior), or driver responses to critical events (e.g., hard
braking in response to a lead vehicle braking hard).

Over the last few decades, many CBMs have been developed (Boda et al., 2020;
Engstrom et al., 2018; Kiefer et al., 2005; Lee & Jang, 2019; Maddox & Kiefer, 2012;
Markkula, 2014; Markkula et al., 2016; Svard, Markkula, et al., 2021; Svard et al., 2017,
Xue et al., 2018; Zgonnikov et al., 2024). See Biargman, Jokhio, et al. (2025) for a recent
literature review of CBMs used in safety impact assessments. CBMs may be intended either
to capture driver variability (i.e., represent some group of drivers; Svérd, Bargman, et al.,
2021; Webb et al., 2020), or to represent the behavior characteristics of a single driver
(UNECE, 2023). In the former, the variability is often represented by distributions of model
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parameters (Markkula et al., 2016; Rasch & Dozza, 2022), while the latter has fixed
parameter values.

A combination of CBMs can be used to virtually generate crashes, although care
must be taken to make sure that the generated crashes represent what they are supposed to.
That is, they should align with the evaluation scope (Fahrenkrog et al., 2025) and they
should be validated (Biargman et al., 2024; Wu, Sander, et al., 2025). For treatment
simulations, there are models that describe how drivers respond to a system, such as forward
collision warning (FCW). Further, in counterfactual simulations part of the trajectory can
be replaced by CBMs to generate alternatives to what actually happened. Note that driver
models can be used in two of Wimmer et al.’s baseline approaches (B and C2; see Fig. 1) as
part of the baseline generation process (Wimmer et al., 2023).

1.3.1 Safe human driving behavior

Since safety assessment methods are used to evaluate the safety impact of systems, it is
important that any CBM used accurately represent the driver behaviors that are relevant for
safety. This section describes some of the principal components of safe driving. While the
overall driving task is complex, it can be broken down into components, which can be
modeled individually or in combination with each other.

A primary component of safe driving is the ability to react to threats quickly to avoid,
or at least mitigate, an imminent crash. Two important aspects of this reactive behavior are
the type of reaction (e.g., braking and steering) and its timing (Green, 2000). For example,
the reactions are affected by how surprising and urgent the event is (Markkula et al., 2016).
The implications of this behavior for safety are clear: a quick and appropriate reaction that
slows the vehicle or changes its trajectory can reduce or eliminate the risk of crashing and
seriously injuring anyone (inside or outside the car). This reactive capability, however, is
dependent on the driver's level of attention and their readiness to notice unpredictable
events, as well as by how surprising and urgent the event is. In other words, a human driver’s
reaction to a threat can only happen if the driver is aware of the threat. The direction of the
driver’s glances is often used as an indicator of this awareness. This approach, however, has
limitations, as it only captures the physical act of “looking at” a threat, not the cognitive
process of actually perceiving it (Ahlstrom et al., 2021; Mack, 2003; Simons, 2000).
Nonetheless, glance behavior has a direct impact on the timing of the reaction, as the threat
cannot be assessed until drivers direct their gaze towards it (with the caveat that peripheral
vision can, to some extent, support threat assessment; Svird, Bérgman, et al., 2021).
Deciding how to react can be based on considerations like the urgency of the situation
(Markkula et al., 2016). Bargman et al. (2015) first proposed the use of driver models and
counterfactual simulations to estimate crash and injury risks associated with specific glance
behaviors; both have subsequently been used by others. For example, Lee et al. (2018)
described radio tuning as a normative, societally accepted distracting task.

In addition to the type and timing of the reaction, another component of driving
behavior that impacts safety is the position of the vehicle with respect to surrounding traffic,
for example during car-following (following a leading vehicle in the same lane) or when
performing a lane change. While the safety implications of proactive conflict-avoidance-
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related behaviors like maintaining reasonable distances or using turn signals appropriately
are less obvious than immediate reactions to threats (crash avoidance), they are still highly
relevant for safe driving. In car-following scenarios, for example, the longitudinal distance
to the leading vehicle impacts the time available to react to an unexpected event.
Maintaining a safe distance can reduce the likelihood of a conflict, and consequently of a
crash. In fact, a minimum safety distance is mandated by law in several countries
(Conference of European Directors of Roads, 2009). Similarly, during lane changes,
conflicts can be avoided with the proper use of turn signals, how lane changes are executed,
and an awareness of the position of vehicles in the target lane (the lane the driver is moving
into). Turn signal use differs substantially between drivers and countries; in this case also,
there are legal requirements in several countries (Bundesministerium der Justiz und fiir
Verbraucherschutz, 2024, § 7 para. 5; California Department of Motor Vehicles, 2025,
Section 5).

1.3.2  Definitions of safety targets

If ADASs and ADSs should be compared to or based on safe human driving behavior, the
concept of safe driving needs to be operationalized so it can be used in safety assessment or
as part of the system. One practical solution is to formulate safety targets.

ADSs take responsibility for the entire driving task within the system’s ODD, i.e.,
the conditions under which the ADS is intended to operate; thus their safety targets should
define an agent or a set of rules that can safely manage all driving scenarios. While there
are several paradigms for defining ADS safety targets, this work focuses on those based on
human driving that consider driver behavior, capabilities, and constraints, as well as the
associated crash risks. Achieving these targets ensures that the ADS performs at least as well
as a human driver (or a population). This requirement is typically operationalized by
developing CBMs that capture reference human behavior and comparing them with ADS
performance in virtual simulations. However, the reference behavior might not reflect an
important aspect of ADS evaluation: the system’s ability to navigate traffic competently
without being overly cautious or causing inconvenience to other road users. Fraade-Blanar
et al. (2026) introduced the construct drivership, defined as driving actions aligned with
societal norms and expectations for road conduct. In combination, safety and concepts such
as drivership are at the core of safe and accepted ADSs.

Unlike ADSs, ADASs share the driving tasks with drivers, who retain full
responsibility for the operation of the vehicle. Therefore, ADAS safety targets must account
for the combined performance of the driver and the ADAS, including their respective
capabilities and constraints. The capabilities and constraints can be obtained by quantifying
the safety implications of certain driver behaviors and, for example, setting thresholds for
related metrics which can be used by the ADAS to trigger warnings or interventions.
Another difference between ADSs and ADASSs is that the nuisance factor is particularly
important for the safety of the latter: an ADAS that issues warnings that the driver perceives
as excessive or unwarranted may be disabled by the driver (if possible), or the warnings
may simply be ignored altogether. This “cry-wolf” effect can negatively impact safety, since
drivers do not act on warnings when they should. Although drivers may also feel annoyed
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with an ADS, this annoyance should not compromise safety because the ADS will continue
driving.

Another difference between ADS and ADAS safety targets, as defined in this work,
is that the former are typically used offline to assess the safety performance of the ADS. For
ADASSs, on the other hand, safety targets are typically an integrated part of the system: the
ADAS acts with a warning or an intervention when it identifies deviations from safe driving
(as defined by the safety target).

1.3.3  Reference driver models

Comparing the performance of reference CBMs with that of ADSs supports one of the key
concepts of ADS safety assessment: achieving a positive risk balance (PRB; Di Fabio et al.,
2017; ISO, 2025). A PRB is achieved by ensuring that ADSs “decrease, or at least do not
increase, the amount of harm” compared to a benchmark (p. 25; European Commission,
2020). The average driver’s performance may, however, not be considered good enough for
ADS safety assurance (Wood et al., 2019). Therefore, it has been proposed that human
benchmark models should be representative of “attentive, skilled [sic] experienced” (p. 6;
Rothoff et al., 2019) or “competent and careful” (p. 8; UNECE, 2023) drivers. These
models, which describe the behavior of one driver with a specific skill set, can be used to
quantify the safety impact of ADSs through pass/fail assessments. In addition to one-driver
models, reference models may represent a population of drivers with a spectrum of driving
styles, from conservative and safe to risk-taking and aggressive. These models can be used
to go beyond the pass/fail assessment of one-driver models, quantifying the safety impact
in terms of crash and injury reduction (Fahrenkrog et al., 2024; ISO, 2024).

In summary, the term “reference driver model” refers to a mathematical and/or
statistical representation of one human driver or a population (distribution) of human drivers
which is considered a benchmark (or a reference) for safe driving. Since reference driver
models represent the level of safety performance that a human can reasonably achieve (as
decided by, for example, a regulatory body), they can serve as safety targets for a set of
systems.

At the time of writing this thesis, although the use of reference driver models in
regulations is still being debated, models are already being incorporated into regulations.
The one-driver reference models in R157, stated to be mathematical representations of a
competent and careful human driver, are used to provide guidance in the defining of
avoidable and unavoidable crashes in three types of scenarios (UNECE, 2023). (See Section
2.2.1 for amore detailed description of the models.) The first scenario is a deceleration (rear-
end) scenario: the ego vehicle (the vehicle downstream in traffic, controlled by the driver
model) and the principal other vehicle (POV; the vehicle that the ego vehicle is conflicting
with) are traveling in the same lane and the ego vehicle needs to brake to avoid crashing
into the POV. The second is a cut-in scenario: the POV moves into the ego vehicle’s lane
from an adjacent lane. The third is a cut-out scenario: the POV moves out of the ego
vehicle’s lane, revealing a slower vehicle ahead of the ego vehicle. Whether these models
represent the behavior of a competent and careful driver in these scenarios has not, however,
been confirmed. Mattas et al. (2022) applied these models to the highD (site-based
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naturalistic driving data from Germany; Krajewski et al., 2018) dataset scenarios, finding
that one of the models often reacted to the lateral perturbations of surrounding vehicles,
even when they were not changing lanes.

1.4 Aims and objectives

The aim of this work is to support the development and assessment of ADASs and ADSs by
assessing reference driver models and characterizing driving through a safety-oriented lens,
using real-world data and counterfactual simulations. The findings can guide the
development of realistic and effective safety targets for both ADASs and ADSs.

To achieve this aim, the work addresses the following four objectives:

e To quantify the influence of data selection in pre-crash virtual safety assessments by
comparing simulation outcomes across crash, near-crash, and everyday driving data.

e To evaluate the “competent and careful” UNECE reference driver models (i.e., ALKS)
by applying them to near-crash scenarios from the Strategic Highway Research
Program 2 (SHRP2) NDS.

e To analyze the timing of lane changes in naturalistic highway driving after the activation
of the turn signal.

e To investigate to what extent drivers change their glance behavior to compensate for the
increased crash risk associated with shorter time gaps and time to collision (TTC) in
naturalistic car-following scenarios.
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2 Methods

This chapter is divided into three parts. First, Section 2.1 describes the different types of
data sources used in safety assessment methods, with a focus on the datasets used in this
work. Second, Section 2.2 describes various aspects of analyzing and modeling driving
behavior, paying particular attention to the analysis performed and the driver models used
in this work. Third, Section 2.3 provides a more thorough description of the fundamental
role that counterfactual simulations play in simulation-based safety assessments, and
explains how these simulations can be used to generate crashes and assess driving behavior.

2.1 Data

The type of data used in virtual safety assessments plays a major role in the evaluation of
systems and driver models. Four different data types were used in this thesis: in-depth crash
databases, NDSs, synthetic crash databases, and realistic on-road data collections. This
section presents the key elements of the data types, emphasizing the elements that determine
their suitability for use in virtual safety assessments.

2.1.1 In-depth crash databases

In-depth crash databases consist of collections of detailed crashes, meticulously analyzed
and reconstructed to generate a digital version of the events leading to the crash, and of the
crash itself (Bakker et al., 2017). Examples include GIDAS in Germany (German In-Depth
Accident Study; Otte et al., 2003), RAIDS in the UK (Road Accident In-Depth Studies;
Cuerden & McCarthy, 2016), RASSI in India (Road Accident Sampling System — India;
Rameshkrishnan et al., 2013), CIDAS in China (China In-Depth Accident Study; Chen &
Dai, 2018), and CISS in the USA (Crash Investigation Sampling System; Zhang et al.,
2019). Another example, IGLAD (Initiative for the Global Harmonisation of (in-depth)
Accident Data; Bakker et al., 2017), harmonizes crash databases from various countries.

Data from these databases are commonly used for virtual safety assessment, both as
input data (Bjorvatn et al., 2021) and as validation data (Bérgman et al., 2024). Moreover,
the data are often used to virtually assess the crash-avoidance capabilities of ADASs and
ADS:s.

The in-depth reconstructed crashes used in this study come from GIDAS; the crash
kinematics and impact speed are reconstructed for each crash. For a subset of the GIDAS
reconstructed crashes, a pre-crash matrix (PCM) was created which includes detailed pre-
crash kinematics for up to five seconds prior to each crash (Schubert et al., 2013). A specific
subset of the GIDAS data consisting of rear-end crashes was used. The crashes were divided
into two subsets: the first consisted of 134 crashes for which PCM data were available and
the second consisted of 46 crashes without PCM data. In the latter, the ego vehicle did not
show signs of an evasive braking maneuver—which is important for Paper 1.
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2.1.2  Naturalistic driving studies

NDSs are another common data source for virtual safety assessment. They can be either on-
site or in-vehicle. On-site NDSs consist of location-based data collections, typically using a
camera at a fixed location or on a drone, which records vehicles’ trajectories (Bock et al.,
2020; Krajewski et al., 2018; Krajewski et al., 2020; Laureshyn, 2010; Smith et al., 2009).
On the other hand, in-vehicle NDSs are collected from vehicles equipped with dedicated
sensors (e.g. cameras, radars, additional accelerometers; Blatt et al., 2015; Dingus et al.,
2006) and driven by volunteers. Data are continuously recorded during the driving task, so
all the driving scenarios that occur can be captured, regardless of the physical location. In
many NDSs, the volunteers are not professional drivers: their only driving training is that
required to obtain a driving license. Recently, however, the development of ADASs and
ADSs has pushed automakers to collect proprietary driving datasets that reflect many of the
characteristics of typical NDSs, such as the naturalistic setting of the driving conditions,
with the difference that typically the drivers collecting the data are company employees (see
Section 2.1.4 for a more detailed description).

NDSs can contain crashes, albeit rarely (Van Nes et al., 2013). Even when crashes
do occur, there is typically less information for some crash aspects (e.g., injury outcomes
and forces exchanged during the crash) than is available from in-depth reconstructed crash
databases. However, the latter contain descriptions of road user pre-crash trajectories that
are mostly based on assumptions about vehicle motion, while the NDS recordings can be
used to extract (pre-crash) time-series data of the conflict kinematics, including trajectories,
of the vehicles and other road users (Hankey et al., 2016; Krajewski et al., 2018).

NDSs also include other safety-critical driving scenarios, such as near-crashes,
which need to be identified and separated from the many hours of uneventful driving
typically collected. This work is usually done by automatic kinematic triggers (Hankey et
al., 2016), which activate under certain conditions, such as when harsh braking is detected
or when surrounding vehicles get unusually close to the instrumented vehicle. Additionally,
drivers can often manually flag events they consider relevant with a button press. Expert
annotators also play a role in identifying and classifying safety-critical events by reviewing
the recordings, potentially finding events that the kinematic triggers missed. Because the
majority of driving hours recorded by NDSs are non-safety-critical, the recordings can be
used to study and model driver behavior (e.g., Das et al., 2023; Hankey et al., 2016;
Markkula et al., 2016; Seppelt et al., 2017) and to study false system activations (but see,
e.g., Svenson et al., 2017), which is beyond the scope of this work.

This work uses data from two different NDSs. The first is SHRP2, a large NDS
collected in the USA (Blatt et al., 2015; VTTI, n.d.). The dataset includes data from more
than 3000 volunteers, whose vehicles were equipped with cameras, radars, and other sensors
(e.g., accelerometers and gyroscopes). Additionally, data from the GPS and the vehicle-
internal controller area network (CAN) bus were also included. The data, collected between
2010 and 2013, have been widely used in research (e.g., Chen et al., 2022; Das et al., 2023;
Hozhabr Pour et al., 2022; Markkula et al., 2016). The study for Paper I used a subset of
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SHRP2 consisting of 211 rear-end near-crash events. For the study in Paper II, 38 cut-in
near-crash events from SHRP2 were used.

The second NDS used in this work is the highD dataset (Krajewski et al., 2018).
This dataset, collected between 2017 and 2018, is an on-site dataset consisting of recordings
made by drones over sections of German highways. The data consist of 60 recordings with
an average duration of approximately 17 minutes each. The trajectories of 110,000 vehicles
were extracted from the recordings.

2.1.3  Synthetic crash databases

Another source of crashes for use in virtual safety assessment is synthetic crash databases.
These databases include crashes whose kinematics have been synthetically generated from
real-world scenarios (approach C2 in Wimmer et al. (2023); see also Fig. 1). Synthetic
crashes are primarily obtained by one of two methods: the CBM-based method (Feng et al.,
2021; Lietal., 2019) and the purely statistical method (Appendix 6.2 in Menzel et al., 2025).
The former may be simulations based entirely on CBMs (e.g., traffic simulations; Van Lint
& Calvert, 2018), or counterfactual simulations that may or may not include CBMs. Traftic
simulations typically require lengthy, resource-intensive simulations to generate enough
crashes across the full range of relevant severities, from crashes incurring property damage
only (PDO) to fatal crashes. As a result, safety surrogate measures are often used instead of
crashes when assessing safety using traffic simulation (Gettman & Head, 2003; Tarko,
2018). One example of such a measure is the number of events with TTC lower than a
specific value (Westhofen et al., 2023; Asljung et al., 2021). Scenario generation of non-
crashes is however beyond the scope of this work. When a CBM is applied counterfactually
in scenarios from crash databases, it typically only replaces one of the involved road users,
and trajectory data from reconstructed in-depth crash data are used to represent the other
road user(s).

The purely statistical method uses statistical variations of parameters describing pre-
crash kinematics from one or more in-depth crash databases. This approach does not include
CBMs; in fact, the baseline generation may not even include simulations (i.e., the baselines
may be generated using only parameterized time-series data without any models needing
runtime simulations). Both the counterfactual and the purely statistical methods can
generate many more crashes than existed in the initial data: that is a reason for using these
methods. It is important to note that if NDS data are used as a starting point for
counterfactual scenario generation, there may not be any crashes in the original data. Paper I
shows that using non-crash data as a starting point for crash generation is problematic, since
the generated crashes are biased towards lower severity. (A discussion on the validity of
NDSs for crash generation can be found in Section 4.1.2.) On the other hand, crashes
generated from in-depth crash databases are biased towards higher severities (Elvik &
Mysen, 1999; Yamamoto et al., 2008), due mainly to selection biases in the data collection
(e.g., crashes in GIDAS are only reconstructed if at least one person was injured in the crash;
Liers, 2018). These biases can affect the validity of a safety assessment (or other type of
traffic safety analysis) that uses these data (Birgman et al., 2024; Leledakis et al., 2021;
Wang et al., 2022).
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To address this limitation in the in-depth crash database approach, Wu (2024)
proposed a method that combines data from NDSs with pre-crash data from crash databases,
creating a set of models that generates crashes representative of real-world crashes across
all levels of severity (from PDOs to fatalities). Paper IV in this thesis uses crashes generated
by Wu, Flannagan, et al. (2025). Specifically, a subset of 174 generated rear-end crashes in
car-following scenarios were used.

2.1.4 Realistic on-road data collections

Also used in this thesis are “realistic on-road data collections”, which consist of recordings
of driving sessions typically led by organizations with the aim of developing new vehicle
technologies. In these collections, drivers are instructed to drive in a natural way without
being given a specific driving task; they do not test a particular function which could affect
their manual driving. However, unlike in NDSs, the data collected are not purely
naturalistic. First, the drivers are usually employees of the company which collects the data;
they may have been required to attend special driver training, so they may not be a
completely realistic representation of the driving population. Second, the driving sessions
often do not represent purely naturalistic driving. For example, the driving session may start
and end at company sites, not at the drivers’ homes. They may even be driving on prescribed
routes, but without instructions to perform a specific task or do anything other than “just
drive”. Although not completely naturalistic, the data are often used to investigate driver
behavior (Fries et al., 2023). Data from two of these realistic on-road data collections were
used in this work.

The first was collected by Volvo Car Corporation (VCC) as part of the L3Pilot
project (Penttinen et al., 2019). The drivers were exclusively Volvo employees. The
collection consists of 6000 hours of driving, mostly on a highway ring-road around
Gothenburg, Sweden. The vehicles were Volvo XC90s equipped with cameras facing the
surrounding traffic and the drivers, as well as radars, accelerometers, angular rate sensors,
and GPS. The data also include signals from the CAN bus as well as information about the
longitudinal and lateral position and speed of surrounding vehicles.

The second realistic data collection was also done by VCC, using vehicles equipped
with the latest generation of technologies available in the company at the time of data
collection (2021-2022). The data were collected for use in the development of their ADASs
and ADSs. The vehicles were equipped with, for example, cameras and lidar facing the
surrounding traffic, and a driver monitoring system (DMS) providing glance data. For this
work, a total of 53 hours of at least 20 s segments of steady-state car-following was used,
from approximately 50 drivers employed specifically to collect data in this way.

2.2 Analysis and modeling of driving behavior

This thesis is part of a project which in part aims to contribute to the development of safety
targets for ADASs and ADSs. Section 2.2.1 describes reference driver models for ADS
assessments in depth—in particular the two existing computational reference driving
models available in R157, which were evaluated in Paper II. Section 2.2.2 describes the
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driving behavior characterization performed in Paper III, which studied the characteristics
of lane-change initiation. This work is relevant to the development of ADASs and ADSs
and, in part, the formulation of safety targets. Finally, Section 2.2.3 describes the driving
behavior characterization from Papers IV and V, which studied driver off-road glances as a
function of driving context; this work, too, is relevant to the formulation of safety targets
for both ADASs and ADSs.

2.2.1 Reference driver models for ADS safety assessment

The two reference driver models used in Paper II are referred to as “Performance model 1”
and “Performance model 2” in R157. In this work they are referred to as the “competent and
careful driver model” (CCDM) and the “fuzzy safety model” (FSM), respectively.

The CCDM is a threshold-based model that reacts to three traffic scenarios:
decelerations (rear-end), cut-ins, and cut-outs (JAMA, 2022). The model observes the
kinematics of the surrounding vehicles, using the TTC and lateral position of the POV as
metrics for the assessment of possible threats, and (if needed) it reacts by braking. For the
cut-in scenario (the only scenario considered in Paper I1), the CCDM defines a “wandering
zone”, centered in the POV’s lane. Its width is the width of the POV plus an additional 0.375
m on each side of the POV. The extra width allows for drivers’ small lateral corrections,
which are to be expected in normal lane-keeping since drivers do not stay exactly in the
middle of the lane. If the POV remains inside this zone, the driver of the ego vehicle is
assumed to ignore the POV’s actions (i.e., no cut-in is detected). The CCDM detects an
imminent cut-in only when the POV exits the wandering zone and the longitudinal TTC is
less than 2 s. The total reaction time of the CCDM is made up of perception time (0.4 s),
which starts when the cut-in is detected, and a subsequent braking delay of 0.75 s. At the
end of the reaction time, the deceleration increases gradually with a jerk of 12.65 m/s* until
a deceleration of 7.6 m/s? is reached.

The FSM, on the other hand, predicts the possibility of a collision based on lateral
and longitudinal safety checks (Mattas et al., 2020; UNECE, 2023). When it is predicted
that the trajectories will overlap in some future, the FSM applies the brakes. This model is
capable of braking with any deceleration value between 0 and the maximum reachable
deceleration (set to 6 m/s?). It should be noted that the braking reaction of the FSM does not
always reach the maximum braking capability of the driver. The actual deceleration value
is determined using two metrics computed during the safety checks: the predictive fuzzy
surrogate metric (PFS) and the critical fuzzy surrogate metric (CFS). The default value of
both metrics is 0. For low-criticality scenarios, only the PFS changes value, increasing based
on the criticality. The required deceleration increases gradually with the PFS, from 0 m/s?
when PFS = 0 to 6 m/s?> when PFS = 1 (the maximum value). However, if the scenario is
critical and a collision is imminent, the CFS also increases, and the maximum required
deceleration is reached with a jerk of 12.65 m/s>.

There are also ADS safety-assessment approaches that, unlike the CCDM and FSM,
do not use human behavior as a reference, instead relying on criteria based on objective
safety. One such model is the responsibility-sensitive safety (RSS) model (Shalev-Shwartz
etal., 2017). The RSS defines a set of rules (described by mathematical equations) to ensure
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that the ego vehicle is always in an objectively safe position with respect to the other road
users; if the ego vehicle is in a safe position (e.g., far enough away from other road users),
the ego vehicle can always avoid causing a collision. If all the vehicles respected these rules,
there would be zero crashes, as all vehicles would have time to avoid a crash. However, it
has been considered to be overly cautious (Mattas et al., 2022). In any case, ADS reference
behavior models not based on driver behavior are beyond the scope of this work.

In summary, the safety assessment of ADSs can include many components, one of
which is the comparison of the ADSs’ safety performance against human reference
models—rather than against what is objectively safe (e.g., the RSS). A discussion of safety
target definitions, particularly comparing the use of observed human driving behavior to the
use of objective safety, can be found in Section 4.4.1.

2.2.2  Understanding surrounding traffic in the lane-change scenario

Lane changes are common scenarios in everyday traffic in which drivers move to the left or
right from their current lane to an adjacent lane (defined here as the target lane) traveling in
the same direction. Understanding the driving behavior mechanisms that characterize lane
changes is fundamental to building accurate CBMs of lane changes (and others’ reactions
to them). Every lane change comes with the risk of creating a conflict with vehicles in the
target lane; they may be traveling at speeds higher than the ego vehicle, or the drivers may
be distracted and not notice the vehicle changing lanes immediately. Understanding how
lane changes are made and how they are identified by other road users can help developers
of safety systems and safety targets for those systems.

The reaction time of a driver in the target lane depends in part on the driver’s ability
to detect the lane-change maneuver. It is, however, difficult to find consensus on the
definition of the initiation of a lane change (Erdmann, 2015; Hidas, 2005; Moridpour et al.,
2010). For example, it may be defined as the moment in which the lane-changing vehicle
crosses the lane marking and entering the target lane. Another definition, given in Section
2.2.1 as part of the Performance model 1 (JAMA, 2022; UNECE, 2023), describes the
initiation of a lane-change as the moment when a lane-changing driver leaves the wandering
zone. This definition is more conservative than the first, as the lane change is detected before
the lane-changing vehicle reaches the lane marking. A third definition, used by the
Performance model 2 in (UNECE, 2023), assesses the possibility of conflicts between the
lane-changing vehicle and the vehicle in the target lane by projecting their positions into the
future to see if they may collide. In the absence of additional constraints, this definition will,
in many cases, yield conservative—and potentially erroneous—estimates of lane-change
initiation: a projected trajectory leading to a crash may result merely from minor lateral
movements within the lane or from road curvature. Paper III introduces a definition of lane-
change initiation based on a combination of lateral speed and position thresholds. Using this
definition, a lane change is marked as initiated when the vehicle reaches a lateral velocity
of 0.15 m/s. An additional check on the lateral position is made, so that even if the vehicle
never reaches the lateral velocity threshold, the lane change is marked as initiated when the
vehicle is moving laterally towards the target lane and positioned 5 cm or less from the lane
marking. The lateral speed threshold was selected by first analyzing data of uneventful free
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driving (without lane changes). In 90% of the free driving, vehicles did not move laterally
with speeds higher than 0.17 m/s. Lateral speeds from 0.10 m/s to 0.30 m/s (with 0.05 m/s
increments) were then tested on real-world lane changes to assess which was most accurate
for detecting lane changes. It was found that threshold values greater than or equal to 0.20
m/s would cause lane changes to be determined purely by the lateral distance threshold. A
threshold of 0.15 m/s was most accurate in detecting lane changes in the available data, even
though it did result in some false positives.

Paper III goes beyond the proposed method for identifying the start of a lane change
to provide a more detailed categorization of the timing of lane-change initiation. It examines
factors that influence when and how drivers initiate lane changes. While this information
may not be directly applicable to developing reference driver models and safety targets, it
can inform the creation of routine driving models that represent “average” drivers. These
models can then complement the near-crash data used in Paper II to assess the performance
of reference driver models, which should naturally be more conservative than average
driving behavior. An even more important use of this information may be to identify which
factors should be included in reference driver models.

2.2.3  Glance behavior analysis

As mentioned, the analysis of driver glance behavior is a critical part of understanding the
impact of driver behavior on safety. Drivers are responsible for being aware of their
surroundings, achieved mostly by looking at the forward road, along the sides of the vehicle,
and at the side and rear-view mirrors. Additionally, demanding traffic conditions require the
drivers to adapt their glances to the context to maintain safe driving (Tijerina, 1999).
Typically, glance behavior studies define areas within the driver’s field of view to categorize
glance directions (see Kircher & Ahlstrom, 2024 for a discussion on glance coding
approaches). A common categorization defines glances as on-road when they are directed
towards the forward road and off-road when they are directed elsewhere. These definitions
are relatively straightforward; during off-road glances, the driver may not be aware of
changes in traffic conditions in front of the vehicle, and this lack of awareness may lead to
a conflict or a crash. Another categorization divides the field of view into multiple areas,
such as the front windshield, the dashboard, the infotainment system, and other passengers
(ISO, 2020). In this work, the on/off-road glance dichotomy has been used.

In Paper IV of this thesis, car-following driving segments were extracted from a
large, realistic on-road data collection and the glances in each segment were categorized as
off-road or on-road. The glance direction was determined using DMS sensors and logic. The
glance behavior was first analyzed by evaluating the total percentage of time spent looking
at the road. This metric is widely used in studies that focus on analyzing general attention
levels on the road (Seppelt et al., 2017; Victor et al., 2014). Second, the duration of each
off-road glance was computed, resulting in a distribution of glance durations in the driving
scenarios. Third, for each steady-state driving segment (e.g., a segment with the ego vehicle
following a lead vehicle at a relatively constant relative speed for at least 20 s), the single
longest off-road glance was extracted. The duration of this glance was used to represent the
off-road glance duration limit, beyond which drivers do not feel comfortable looking away
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from the road, given a specific context (in Paper IV, considered to be the time gap to the
lead vehicle). See Section 4.3 for a discussion of this approach.

In addition to the analysis of glance behavior as a function of time gap in Paper IV,
in Paper V we analyzed the glance behavior as a function of TTC. The analysis focused on
the initiation of off-road glances in relation to the inverse TTC, as well as the duration of
off-road glances as a function of inverse TTC. A key challenge (also seen in Paper IV) was
the very limited exposure in the distribution tail. Even with relatively large datasets, the
uncertainty becomes substantial—for the shortest time gaps in Paper IV, and for the largest
inverse TTCs in Paper V. (The latter is the greater problem). Another challenge for both
papers was that the analyses could not be performed on a per-driver basis, as it was unknown
which driver drove when. Generalizability is thus limited, as the tail of the distribution may
be dominated by data from only a few drivers. (See Section 4.5.1 for more details).

2.3 Simulation-based safety assessment

2.3.1 Counterfactual simulations for ADAS and ADS assessment

This work categorizes the methods for virtual safety assessment following the work by
Wimmer et al. (2023), as briefly outlined in the Introduction. Even though the three
approaches have their individual properties, they also share similarities.

As mentioned, approaches A and B (Fig. 1) both use counterfactual simulations to
prospectively evaluate system safety by modifying the kinematics in baseline scenarios and
comparing outcomes with and without the system. Unlike approach A, however, approach
B also uses counterfactual simulations to generate the baseline by modifying the original
scenarios before applying the system. Fig. 2 illustrates this for rear-end crash scenarios; the
system or model replaces the ego-vehicle behavior and alters its kinematics while the POV
kinematics remain unchanged.

System or reference

Original scenarios Scenario modification .
model application
A B | c
| | |
[ [
— -
=} - — | 3
3| — | 3 —| &
[=% o w
A _x k= N
Time — Time — Time T
—Ego =—POV = Modified event
O Human reaction onset = System or driver model @ System or driver model reaction onset

Fig. 2 Counterfactually modifying rear-end traffic scenarios by removing the original evasive maneuver of the ego vehicle
and replacing it with a model (of a system or reference model), keeping the kinematics of the POV.

As mentioned, counterfactual simulations have been used to assess ADASSs
(Erbsmehl, 2009) and ADSs (Bjorvatn et al., 2021; Scanlon et al., 2021), as well as to
evaluate driver behaviors (Bargman et al., 2017; Bargman et al., 2015; Lee et al., 2018); see
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Section 2.3.3 for more details. The studies that are part of this thesis used counterfactual
simulations with baseline approach B, using data from crashes, near-crashes, and everyday
driving; systems and driver models were then applied to the baselines (i.e., the modified
original scenarios).

Fig. 2C illustrates the application of a system or a driver model that initiates a
braking maneuver, creating counterfactual versions of the original traffic scenarios. In these
modified scenarios, the system or driver model can brake earlier or later than a human driver
in the real world. (In the figure, only the case in which the reaction happens later is shown.)
This change in timing of the evasive maneuver exposes one of the main challenges of
counterfactual simulations: if a system is applied without giving careful thought to the
timing, the validity of the simulations (and consequently, the safety assessment) can be
undermined. It is important to choose a moment to apply the system under assessment
(treatment) that does not fundamentally change the configuration of the safety-relevant
event. As an example, imagine that a system including adaptive cruise control (ACC) is
applied to the pre-crash kinematics of rear-end crashes—which typically include data for
five seconds before the crash. The ACC function is designed to keep the desired speed in
traffic unless the vehicles ahead are slower or stopped. Applying the ACC function to those
few seconds of available pre-crash kinematics may not give the ACC enough time to reach
its steady-state condition (the desired speed), compromising the validity of the simulation’s
representation of a conflict situation. In other words, a vehicle equipped with ACC would
never have ended up in a traffic scenario described by the few seconds of pre-crash
kinematics typically available for analysis, because it would have started slowing down
earlier, perhaps avoiding the conflict completely, without the need for any emergency action
(e.g., by an AEB system). This example illustrates the importance of accurately accounting
for the timing of the application when performing prospective safety assessment of systems
and driver models.

As explained below, counterfactual simulations were used throughout this thesis,
first to generate crashes from non-crash data, and then to evaluate the behavior of human
drivers and driver models.

2.3.2  Generation of crashes from non-crash data

Paper I investigates the challenges associated with increasing the number of baseline cases
by using counterfactual simulations to generate rear-end crashes using two sources: SHRP2
near-crashes and highD car-following scenarios when the lead vehicle is braking.
Generating baseline crashes using CBMs through counterfactual simulations requires that
any evasive maneuver by the original driver in the ego vehicle be removed, to have a clean
slate for the driver model (see Fig. 2B). Using the same CBM(s) for the baseline generation
and the treatment ensures that any positive or negative effects of the system are due
exclusively to the system. At the same time, however, the conditions that lead to the critical
event must be maintained, so that the criticality of the scenario is preserved. (A similar
problem with the counterfactual application of an ACC system was described in Section
2.3.1.) The problem is deciding at what point the original driver’s evasive actions are to be
replaced by those of the model. If they are replaced too soon the modified event may differ
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greatly from the original, and as a result the link to a real-world case gets weaker. If they
are replaced too late, the model may not start intervening until after the original evasive
maneuver, so the baseline is not a “clean slate” anymore. This problem is usually addressed
by identifying the onset of the original driver’s evasive maneuver and removing the
vehicle’s trajectory after that point (Bargman et al., 2017; Biargman et al., 2015; Scanlon et
al., 2021). A new trajectory, generated from assumptions dictated by design choices (e.g.,
maintaining constant speed or constant acceleration), replaces what was removed (Fig. 2B).
The CBM is then acting on this clean slate. For Paper I, the simplest behavior possible was
investigated: crashes were generated by a following driver not responding at all to the
actions of the lead vehicle.

2.3.3  Counterfactual simulations for driver behavior assessment

In addition to evaluating reference driver models, counterfactual simulations can be used to
assess the safety implications of specific driver behaviors to quantify their impact on crash
risk. This section focuses on the use of counterfactual simulations to assess a) reference
driver models (from UNECE, 2023) in Paper II and b) the impact of drivers’ glance behavior
on safety in Paper I'V.

Paper IV examines how drivers’ glance behavior during car-following scenarios
affects the ability to avoid rear-end crashes, using an approach originally proposed by
Biargman et al. (2015). The approach, as applied in this work, involves combining glance
behavior distributions extracted from a large realistic on-road dataset with synthetic crash
scenarios from Wu, Flannagan, et al. (2025). The synthetic crashes used in Paper IV include
detailed pre-crash kinematics of car-following scenarios (as described in Section 2.2.3), in
which the lead vehicle brake and the ego vehicle does not, resulting in a rear-end crash. The
kinematics were modified to obtain crashes in which the initial car-following conditions
match the range of time gaps for which glance behavior data were available. Introducing
glance behavior in the simulation creates the possibility that the driver is looking away from
the road (and therefore away from the threat) at the moment the scenario is no longer benign,
and a crash becomes imminent. Counterfactual off-road glances can, therefore, delay the
reaction time of the driver, causing a crash which can be less or more severe than the
original.

The crash-risk estimation procedure starts from a set of seed (original) crashes; the
original evasive maneuver of the following vehicle is removed, to create a standardized
clean-slate baseline for counterfactual simulation. For a given driving context (here, a
specific time gap), an off-road glance duration distribution is binned, and each glance
duration bin is combined with the driver response model (the reaction time followed by a
braking maneuver). The resulting counterfactual simulation is run and the outcome (crash
or no crash) is recorded. This sampling-simulation-outcome loop is repeated until the full
glance distribution is represented (i.e., all off-road glance duration bins are simulated). Each
simulation then has a probability associated with it (based on the glance bin probabilities),
that is used to weight the results. The same procedure is carried out across all seed crashes
to cover the variability in crash kinematics. The results from all combinations of seed
crashes and sampled glances (with weights) are aggregated into the model-estimated crash
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risk (MCR) for that context by combining the empirical crash-risk function with the
glance-duration distribution. Uncertainty in the estimated risk is quantified via
bootstrapping, resampling both crashes and glance observations to obtain a distribution (and
confidence bounds) of the MCR estimate. Finally, the entire pipeline is repeated for each
available time-gap bin, yielding context-dependent crash-risk estimates across the studied
range of car-following conditions. This process is represented in Fig. 3.

The results of Paper IV show the increasing crash risk associated with the glance
behaviors as the time gap decreases. A major implication is relevant to the aim of this thesis:
the results can be used as a first step towards defining safety targets for ADASs. For
example, a warning system based on glance behavior can use these results to factor in the
safety implications of off-road glances in their warning logic.
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Fig. 3 Schematic of the counterfactual simulation procedure used to compute MCR. The figure shows three examples (right
side) of the combination of seed crashes modified by removing the original evasive maneuver with the off-road glance
distribution (left side). The three examples use three different durations of the off-road glance, therefore showing different
outcomes (crash or no crash,).
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3 Summary of papers

3.1 Paperl

Can non-crash naturalistic driving data be an alternative to crash data for use in
virtual assessment of the safety performance of automated emergency braking
systems?

Olleja, P., Birgman, J., & Lubbe, N. (2022)

Introduction

Assessing the safety benefit of AEB systems before their release on the market requires
realistic crash data. In-depth crash databases provide detailed pre-crash kinematics, but are
scarce. NDSs offer broader coverage but rarely include crashes. This study investigates
whether crashes generated from non-crash NDSs can serve as substitutes for real crashes in
the safety benefit assessment of AEB, focusing on differences in scenario criticality and
severity.

Method

Data from two NDSs were used: highD everyday driving and SHRP2 near-crashes. Rear-
end crashes were artificially generated by replacing the original evasive maneuver with a
model of an unresponsive driver. These generated crashes were compared to in-depth rear-
end crash reconstructions from GIDAS. Two AEB algorithms were applied to the generated
scenarios: a basic AEB using longitudinal braking only, and a more advanced AEB that also
considers comfortable steering (to reduce false positives).

Results

Crashes generated from SHRP2 near-crashes showed levels of criticality similar to GIDAS
crashes, but lower severity. The highD-based crashes were both less critical and less severe
than GIDAS crashes. Both AEB algorithms avoided more crashes in the NDS-generated
datasets than in the GIDAS reconstructions, reflecting the lower severity of GIDAS crashes.

Discussion and conclusions

This work studied the validity of crashes generated from non-crash NDS datasets, to
determine whether the generated crashes can be used in the virtual safety assessment of
ADASSs. The results show that the crashes generated from highD were both less severe and
less critical than the real crashes, so applying this process to highD data is not a viable option
for increasing the amount of data for use in virtual safety assessments. On the other hand,
crashes generated from SHRP2 showed levels of criticality similar to that of crash-database
crashes, meaning that SHRP2 is more suitable for generating crashes than highD. However,
more research is still needed in order to make crashes generated from non-crash data more
realistic—and to determine whether simulations based on behavior models built solely on
non-crash data can produce realistic crash outcomes (e.g., relative impact speed and injury
risk).
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3.2 PaperlIl

Validation of human benchmark models for Automated Driving System approval:
How competent and careful are they really?
Olleja, P., Markkula, G., & Bérgman, J. (2025)

Introduction

One of the requirements for ADS type approval in Europe is that the system must be at least
as safe as a competent and careful human. This work investigated the validity of the two
reference CBMs assumed to be representing competent and careful drivers in the UNECE
Regulation No. 157. The safety performance of the original human drivers in a set of near-
crash cut-in scenarios was compared to that of the UNECE models, which counterfactually
replaced the original drivers’ behaviors.

Method

First, videos of 38 near-crash cut-ins from SHRP2 were manually annotated to extract the
vehicles’ trajectories, and the original braking evasive maneuvers performed by the drivers
were removed. The UNECE models were then counterfactually applied to the modified
SHRP2 events. The timings of the evasive braking for the original humans and the models
were compared.

Results

The first model reacted 0.5 s later, on average, than the SHRP2 drivers. This delay resulted
in a crash for three of the cut-ins. In contrast, the second model’s reaction preceded the
original onset of the SHRP2 drivers’ evasive maneuver by 0.7 s on average. Other noticeable
differences between the models and the SHRP2 drivers were found by analyzing the lateral
positions of the POV in the lane: the first model reacted well after the start of the POV’s
lateral lane-changing motion; the second model reacted earlier, often when the POV had not
moved much laterally (when it was still in what the first model would define as the
wandering zone).

Discussion and conclusions

One of the UNECE models was not careful enough, as it caused crashes that had not
happened in the original real-world scenarios. The other model, on the other hand, was
found to be overly careful at times, and consequently not very competent. As the models’
performance differed substantially from that of humans, their use in ADS virtual safety
assessment may be problematic. The main takeaways from this work are that more work is
needed in the development of reference driver models for ADS assessment, and that, after
these models are developed, they need to be validated on data that ranges across all levels
of criticality, from everyday driving to high-severity crashes.
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3.3 Paper III

Analysis of time-to-lane-change-initiation using realistic driving data
Jokhio, S., Olleja, P., Birgman, J., Yan, F., & Baumann, M. (2023)

Introduction

Lane changing is a frequent and relatively complex driving maneuver. Understanding how
drivers perform this maneuver can support the development of driver models, ADASs, and
ADSs. One component of a lane change is the time between activating the turn signal and
initiating the maneuver (the time to lane change initiation: TTLCI). This study investigates
TTLCI in real-world driving and identifies factors influencing it, aiming to inform traffic
safety policies as well as the developers of ADASs and ADSs.

Method

The data were collected within the L3Pilot project on Gothenburg’s urban motorway, using
vehicles equipped with camera and radar sensors and data from the CAN bus. The study
analyzed 1,073 lane changes which included drivers signaling before initiating the
maneuver. TTLCI was examined using survival analysis and a regression model with driver-
level effects to account for repeated observations per driver. Predictor variables included
vehicle speed, lane-change direction and type, presence of lead/lag vehicles, and gap sizes.
In addition, a practical method for identifying lane-change initiation from vehicle
trajectories was developed and evaluated.

Results

Drivers typically initiated lane changes shortly after activating the turn signal. TTLCI varied
systematically with driving context, depending on maneuver characteristics (type and
direction), vehicle speed, and surrounding traffic (including lead/lag presence and available
gaps). The lane-change initiation identification method provided a way to separate lane-
change execution from normal within-lane lateral wandering, supporting more consistent
measurement of TTLCI.

Discussion and conclusions

The findings indicate that, at least in the traffic culture studied here, drivers rarely provide
sufficient advance warning of an imminent lane change and TTLCI is influenced by
maneuver complexity, surrounding traffic, and speed. Incorporating TTLCI into traffic
models and ADAS/ADS algorithms could improve the prediction of lane-change timing and
enhance safety in mixed traffic. The study also shows that TTLCI depends on how lane-
change initiation is identified in trajectory data. The proposed method—using observed
lateral motion during normal lane-keeping to distinguish purposeful lane-change onset from
within-lane wandering—supports a better identification of TTLCI. Future research should
explore TTLCI for heavy vehicles, different road types, and driver demographics.
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3.4 PaperlV

Analysis of the safety impact of off-road glances in car-following driving scenarios
Olleja, P., Svird, M., Zhao, M., & Bérgman, J. (manuscript for journal submission)

Introduction

ADASs and ADSs aim to improve safety but must balance safety benefits against drivers’
acceptance issues and annoyance. For ADSs, a key challenge is defining reference driver
models that represent safe driving without being overly conservative. For ADASSs, user-
system interactions matter. For example, inattention information systems (IISs) based on
DMSs must avoid excessive “cry-wolf” alerts that reduce acceptance. Current off-road
glance guidelines are largely based on normative tasks and are not context-sensitive, yet
glance behavior may vary with driving context. This study seeks to support the design of
context-aware IIS design and more realistic ADS reference models by testing whether
drivers adapt off-road glances to objective rear-end crash risk in steady-state car-following.

Method

We used >6,000 hours of realistic DMS-based on-road data with the gaze direction
automatically classified into predefined zones. Steady-state car-following segments with
stable time gaps were extracted. Off-road glance distributions were analyzed by time gap,
including both the overall distribution and the single longest glance per segment. To assess
drivers’ risk compensation, we estimated rear-end crash risk using counterfactual
simulations that combine time-gap-specific glance distributions with an empirical crash-risk
function, yielding a model-estimated crash risk (with uncertainty estimated via
bootstrapping). We also estimated what the objective crash risk would be if the drivers had
not adjusted their glance behavior as the time gap decreased.

Results

Applying long time-gap glance behavior (3.1 s) to short-gap crashes resulted in even higher
risk than the original (context-adapted) glance behavior, indicating drivers adapt somewhat
to context. However, their adaptation was not sufficient to counteract the elevated risk at
short time gaps; at 0.7 s gaps, drivers risk compensation reduced the crash risk by about
25% but the risk remained substantially higher than at longer gaps. In summary, the
adaptation that drivers showed was not nearly large enough to counteract the increased risk
of shorter time gaps.

Discussion and conclusions

At short gaps, the results show only minor reductions in glance duration, and these were
mainly for the longest glances; drivers do not adequately regulate glance behavior to
compensate for increased scenario criticality. Further, the crash risk rises sharply at short
gaps, and while drivers adapt somewhat to the increased risk, the compensation is again
limited. These findings contribute to the creation of context-aware IIS alerts, even though
they do not provide specific values and recommendations. The study also highlights the
value of large-scale DMS and external sensor data for understanding driver behavior in
context and informing IIS design and ADS reference models.
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3.5 PaperV

Drivers’ glance-behavior adaptation in response to looming during car-following
Olleja, P., Svird, M., & Bérgman, J. (manuscript for journal submission)

Introduction

IISs must balance safety benefits against nuisance alerts and drivers’ acceptance issues.
Existing glance-related guidelines and IIS implementations are not typically sensitive to
driving context, despite the fact that crash risk changes markedly with traffic dynamics. This
paper investigates whether drivers adapt their off-road glance behavior to objective crash
risk in car-following when risk is expressed through looming (inverse time-to-collision;
inv-TTC).

Method

This study used a large realistic on-road dataset, which included DMS-based glance
classification and surrounding-traffic sensing. Highway car-following sequences in which
the ego vehicle approached a lead vehicle at moderate-to-high speeds were extracted and
off-road glances were analyzed as a function of looming at glance initiation. Off-road glance
frequency was estimated across looming bins and described using distribution fitting and a
risk-ratio analysis comparing “low” vs. “high” looming conditions. Off-road glance
durations within each looming bin were modeled using lognormal fits, and changes across
looming were quantified by analyzing duration percentiles.

Results

Drivers initiated far fewer off-road glances as looming increased. In fact, off-road glance
initiation became rare at higher looming levels. In contrast with the strong effect on glance
initiation, the mean off-road glance duration remained relatively stable across looming
levels. However, longer glances became increasingly uncommon as looming increased. This
pattern was most visible in the upper tail of the duration distribution, indicating that drivers
constrain long off-road glances under higher objective risk.

Discussion and conclusions

The findings provide evidence that drivers modulate both off-road glance frequency and the
tail of the off-road glance-duration distribution in response to looming. Thus looming
appears to be a meaningful operationalization of driver risk perception for understanding
attention allocation in car-following, aligning with earlier evidence that inv-TTC thresholds
are important for driver response timing in rear-end conflicts. The results have implications
for context-aware IIS strategies; warning logic incorporating looming could better reflect
momentary criticality to reduce unnecessary alerts while maintaining safety. In addition, the
results indicate the advantages of considering context-dependent glance behavior when
developing behavior-based driver models and reference assumptions for ADS evaluation.
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4 Discussion

This PhD project aims to characterize and assess safe driving in order to inform and improve
the development of the safety targets used to assess ADASs and ADSs. Section 4.1 discusses
the challenges presented by different data sources in creating a virtual assessment baseline,
based on the findings of Paper 1. Section 4.2 discusses the performance of existing reference
driver models as analyzed in Paper II, and reflects on possible improvements to the models
currently used in ADS safety assessments. Section 4.3 discusses the characteristics of
driving behavior that are analyzed in Papers IV and V, with a focus on glance behavior
context dependency and crash risk. The section also includes a reflection on the potential
integration of driving behavior components such as glance behavior into reference driver
models and safety targets for ADASs and ADSs. Section 4.4 gathers the main conclusions
of the previous three sections to discuss their role in the formulation and development of
safety targets. Finally, Section 4.5 describes the limitations and future directions of this
research.

4.1 The importance of data choice in virtual safety assessment

Virtual safety assessment, a key part of ADAS and ADS development, is performed before
their release on the market. The assessments need to be valid and based on data from real-
world traffic, since these systems must be able to operate safely on public roads. Therefore,
the real-world traffic data used must be relevant for the type and scope of the specific
assessment to be performed. One of the aims of this work is quantifying the impact of the
choice of data on the safety impact assessment of pre-crash safety systems. In practice, this
means studying the impact of data collected in situations with different levels of criticality
(i.e., everyday driving, near-crashes, and crashes) on baseline scenario generation and the
subsequent virtual safety assessment of an ADAS. This section starts with a discussion of
the approach to generating crashes used in Paper 1 (4.1.1). Then, the validity of crash-
generation approaches in general is discussed (4.1.2).

4.1.1 Crash generation in Paper |

One of the objectives of this work is to quantify the influence of using non-crash data in
baseline generation. Specifically, data from everyday driving and near-crashes were used to
generate crashes, and the characteristics of the resulting crashes were analyzed. Near-
crashes have often been proposed as surrogates for crashes (Guo et al., 2010; Hydén, 1987;
Laureshyn & Varhelyi, 2018; Victor et al., 2014; Wu & Jovanis, 2012). However, they can
be used as surrogates only if appropriate sampling and validation methods are employed,
and then only within a given scenario type (Birgman, Zhao, et al., 2025; Knipling, 2015).
Everyday driving data, on the other hand, captures a much broader set of traffic scenarios.
However, most of them are less relevant for safety than near-crashes and crashes,
particularly when assessing an ADAS.
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Naturally, an ADS should also be able to perform everyday driving safely, so less
critical scenarios must be included in the assessment. However, that consideration is beyond
the scope of this work, which is confined to safety assessments based on crashes.

Paper I used the assumption of an unresponsive driver to generate worst-case
scenario crashes, using rear-end near-crash data from SHRP2 and (more or less) normal
driving data from highD. The unresponsive driver replaced the driver of the ego vehicle in
the original scenario, who had reacted and avoided a collision by braking. An unresponsive
driver who fails to react can be considered the worst-case scenario; although theoretically
the resulting crashes would be even more severe if the driver were to accelerate, the
probability of that scenario occurring in the real world is low, as shown by Wu, Flannagan,
etal. (2025). The generated crashes were then compared with real-world crashes. The results
of the comparison indicate that they are profoundly different in their outcome severity. In
the real-world crashes, the vehicles involved had much larger speed differences, and the
POV performed a stronger braking maneuver than in the artificially generated crashes.
Crashes generated from highD data, which at most contained very minor conflicts, were
substantially different from the real-world crashes not only in terms of severity, but also in
terms of criticality. Specifically, the time that it would have taken for an unresponsive driver
to crash into the POV after it initiated braking was much higher in the highD-generated
crashes than in the SHRP2-generated crashes. One reason for this difference is likely to be
found in the deceleration values reached by the POVs in the highD data, which were much
lower (due to less harsh braking) than the ones reported in the SHRP2 near-crashes.

However, it is not only the lower deceleration of the POV that distinguishes the real
crashes from the crashes generated from routine driving data. The study in Paper I used only
rear-end scenarios in which the POV had braked with more than 2 m/s? of deceleration. That
is, only car-following crashes were considered, not catch-up crashes. In a catch-up crash,
also called a closure-from-long-range crash (Woodrooffe et al., 2012), the POV is driving
substantially more slowly than the ego vehicle (or even standing still), and the ego vehicle
does not react early enough to the presence of the POV. The late reaction may be due to
sleepiness/drowsiness, sudden sickness, or very long off-road glances/distractions.
According to the GIDAS POV deceleration data in Paper I (Fig. 5a), more than 50% of the
crashes were catch-up crashes, since the POVs did not decelerate at all.

It is clearly an intrinsic limitation of the method in Paper I that catch-up crashes
could not be created, as only scenarios with the POV decelerating harder than 2 m/s*> were
used. However, it is not obvious how to generate catch-up crashes from everyday driving
data such as highD, especially if the data consist mainly of dense traffic, since almost all
vehicles are just following one another. The vehicles tend to travel at similar speeds and
with relatively short car-following time headways (THWSs); therefore, the severity of any
generated catch-up crashes using these data tends to be low. An exception is the “end of
traffic jam” scenario, when a vehicle encounters a traffic jam after having been driving at
free-flow speeds: in this case, catch-up crashes generated from everyday data can be quite
severe. This scenario is, however, hard to capture for drone-based datasets such as highD,
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as it would require that the drone be flying exactly over the end of a traffic jam. Actually, if
available, these data would be valuable for future studies.

In Paper I, the validity of the generated crashes was assessed through the application
of an AEB system. Its performance showed substantial differences in crash avoidance and
mitigation across different crash datasets. Specifically, the proportion of crashes generated
from highD which the AEB system avoided was substantially larger than the proportion of
GIDAS crashes which were avoided. This discrepancy suggests that the generated crashes
were not representative of real crashes. The AEB also avoided a larger percentage of highD-
generated crashes compared to SHRP2-generated crashes, although the difference was less
pronounced than that between highD and GIDAS. These differences support the argument
that the set of crashes generated directly from the available non-crash data are not suitable
for crash-outcome safety assessments. Note that Paper focused solely on generating
crashes directly from non-crash data. However, research suggests that it is possible to
identify critical events (including varying crash severity levels) by combining non-crash
data with machine learning and extreme value theory (EVT; Jiao et al., 2025). This approach
may also support the generation of valid crash kinematics, although such applications
remain unexplored. The scope of the research field validating scenario generation is
certainly larger than that of Paper I, which only considered the generation of crashes of
unresponsive drivers. Accordingly, Section 4.1.2 considers the results of Paper I from a
broader perspective.

4.1.2 Implications for virtual safety assessment.: Are the generated crashes valid?

Because crashes generated from near-crashes (and even lower-severity conflicts) in virtual
safety assessments do not capture the criticality of real crashes, systems like AEB in Paper I
have more time to assess the threat and react to it, avoiding the generated crashes more
easily. These results raise the questions: Are counterfactually generated crashes valid for
the virtual safety assessment of crash avoidance systems? and What makes the generated
crashes valid (or not)? Biargman et al. (2024) address scenario-generation validation for
rear-end crashes, including a more realistic approach for crash generation than the one used
in Paper 1. Their method combines sleepiness with crashes generated from distributions of
off-road glances, as well as crashes arising when ego drivers brake less forcefully than
physically possible in the given situation.

Crashes modeled with responsive drivers will be inherently less severe than those
modeled with unresponsive drivers. For example, crashes generated using a distribution of
off-road glances (or simple distributions of reaction times; Kusano & Gabler, 2012) would
include drivers who react more quickly to a critical scenario than crashes generated using a
model of an unresponsive driver. Thus, the crashes generated using off-road glances (as in
Biargman et al., 2024) are inherently less frequent and less severe than unresponsive-driver-
generated crashes. Fig. 4 in Birgman et al. (2024) shows that the crashes generated with the
more complex crash-causation model have about half the mean delta-v of the crashes
generated with the unresponsive drivers. If, instead of an unresponsive driver, a more
realistic crash generation model had been used in Paper I, the generated crashes would have
been even more different from the real-world crashes than they were. It should be noted that
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Victor et al. (2014) and Kusano and Victor (2022) leveraged the concept of an unresponsive
driver in counterfactual simulations to define the maximum injury potential of a traffic
scenario. This metric, in its simplest form, is derived by assuming an unresponsive driver.
It enables comparisons of scenarios’ potential severity, so that the relevance and
appropriateness of various data sources to virtual safety assessment can be demonstrated.

The overall results from Paper I suggest that crashes generated from everyday
driving, even in the worst case (counterfactual simulations with an unresponsive driver),
lack the severity and criticality of real crashes—at least if no catch-up crashes are generated.
It is important to note that a recent preprint of a scoping literature review on CBM-based
scenario generation found almost no studies assessing the crash-outcome measure (e.g.,
relative speed at impact or injury risk) validity of generated crashes (Bargman, Jokhio, et
al., 2025). The findings from Paper I indicate that the type of data used have a substantial
impact on safety benefit results, underscoring the need for future research to validate virtual
safety assessment in general and crash generation in particular.

So far, this discussion has focused on the lack of realism of counterfactually
generated crashes based directly on everyday driving data. While other methods can be used
to generate crashes based on everyday driving data (for example, using traffic simulations
with CBMs based on everyday driving; Feng et al., 2021; Li et al., 2019), the question
remains: Can these other methods generate realistic crashes? Although this work does not
address that question, the results of Paper I provide a basis for speculation. Consider Fig. 1
in Paper I, showing the distribution of the minimum acceleration of the POV and THW,
when the ego vehicle is behind the POV in the same lane. The figure shows that in the great
majority of cases, the POV barely applies the brakes as the two vehicles drive undisturbed
along the highway. The number of harsh deceleration maneuvers detected in the highD
dataset was quite low, even though it included trajectories from as many as 110,000 vehicles.
If CBMs for traffic simulations are based on deceleration distributions such as those in
highD, it is hard to see how the simulations could generate realistic crashes. Recall,
however, that some literature suggests that EVT could help detect critical events in the tail
of the crash distribution (Jiao et al., 2025).

Regardless of the method used to generate crashes, what is truly important is
determining which metrics the generated crashes are valid for (and validated on; Wu,
Sander, et al., 2025). In Paper | we compared the generated and real-world crashes in terms
of criticality (maximum deceleration of the POV and duration of the distraction needed to
generate a crash) and severity (relative speed at impact). There do not appear to be any
studies using the traffic-simulation approach that validated their results with respect to crash
outcome metrics such as delta-v or injury risk (Bargman, Zhao, et al., 2025). Before traffic
simulations are used to assess the crash and crash severity-reduction potential of ADASs
and ADSs, they need to be validated on scenarios ranging from everyday driving, via near-
crashes, to low- and high-severity crashes—not least because of the issues of using everyday
driving and near-crash data for scenario generation identified in Paper 1.
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4.2 Safety targets in ADS development and deployment

Section 4.2.1 discusses the performance of the existing reference driver models that were
analyzed in Paper II and, more generally, the role of these models in the development and
safe deployment of ADSs. In Section 4.4.2, the conclusions of Paper II are used as a basis
for a discussion of components which may be relevant to the development of safety targets.

4.2.1 Assessing the performance of reference driver models

When discussing reference driver models, questions that naturally arise are: What should a
reference driver model represent? and How should the representativity be assessed? In this
work, a reference driver model is defined as a benchmark for safe driving obtained by
quantifying human driver behavior. However, this definition is far from a practical
formulation of a model, which requires parameters and conditions. A computational model
that represents human drivers needs to be described with mathematical equations, or, at
least, statistical representations of behavior-related variables (e.g., reaction time).

Paper II analyzed the two driver models described in the R157, which is part of the
approval process for ADSs in Europe. At the time of writing, these models are the only
reference driver models cited in a regulation, at least in Europe. The models, CCDM and
FSM, are to be used as guidance for defining preventable and unpreventable crashes in
specified traffic scenarios. Because it is not clear what “guidance” means, there is a danger
that implementers of ADSs will use these models as the actual target: “If our systems
perform better than the models, they are good enough.” This approach, as we argue in
Paper 11, is highly problematic.

In Paper II, the models were counterfactually applied to near-crash cut-ins from
SHRP2 to evaluate their performance compared to the SHRP2 drivers. The CCDM did not
manage to avoid a crash in all the near-crashes; it even generated new crashes, and generally
reacted later than the SHRP2 drivers. The FSM, on the other hand, avoided crashes in all
the scenarios, generally reacting considerably sooner than the SHRP2 driver, to the point
that in some of the scenarios the timing was considered unrealistic and arguably unhuman-
like. These results raise questions about the capability of the models to accurately capture
human behavior. First, a reference driver model should (at the least) avoid all the crashes
that were avoided by the type of human that the model is supposed to represent, such as a
competent and careful driver. Second, the driver models should also behave in a predictable
manner. A driver model that reacts to any risk of collision, even far in the future, may not
realistically describe a human driver—even a competent and careful one. Actually, there is
a risk that such a model would avoid crashes normally unavoidable by humans by reacting
early in the scenario to some cue that a human would ignore. The model could, for example,
be acting on some benign, in-lane lateral perturbations by the POV, missing the cues that
actually cause reactions in human drivers (as it is already avoiding the crash). In fact, when
Mattas et al. (2022) applied the FSM to highD data, they found that the model often reacted
to the lateral motion of surrounding vehicles, even when they were not changing lanes.
While this behavior on the one hand easily avoids most potential conflicts, it is, on the other
hand, not very human-like. Because this model is part of the regulations, it could influence
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the way that ADSs are developed. Specifically, the FSM could set unrealistic requirements
for ADSs and perhaps even impact ADS deployment; a system that is actually good enough
might not be released if it is not as cautious as the model.

4.2.2 Urgency and surprise

The responses of crash avoidance driver models, such as the UNECE models, to specific
traffic scenarios can be characterized by two main components. One is scenario criticality,
referred to in this work as “urgency”, which dictates the type (e.g., braking or steering) and
intensity of the response to an unexpected event. The other component defines the start of
the unexpected event, the moment in time when the model notices that something is not
right, and is referred to in this work as “surprise”. It is the first point in time when there is a
substantial deviation of the expectations of how an event unfolds, such as the initiation of
hard braking by a lead vehicle, or of a lane change that is too close. If the surprise makes
the situation urgent, the driver will, if attentive, initiate an avoidance maneuver. Note,
however, that just because a situation is surprising does not mean that it is urgent.

As previously mentioned, there are numerous examples of easily computed urgency
metrics that have historically been used to define scenario criticality: TTC (Hayward, 1972;
Hydén, 1987; Sayed et al., 1994), brake threat number (BTN; Brannstrom et al., 2008),
deceleration rate (Allen et al., 1978; Darzentas et al., 1980), and post-encroachment time
(PET; Allen et al., 1978). These metrics can be calculated using the kinematics of the
involved road users. In the CCDM model, urgency is operationalized as a simple threshold
for longitudinal TTC, while in the FSM there is no urgency operationalization (other than a
modulation of the braking level; see description below). Defining such thresholds is not
straightforward. It should be noted that although simple thresholds can be applied to the
basic metrics (as in the CCDM), there are more elaborate modeling approaches that better
computationally describe human behaviors such as responses to urgency. One such
approach is evidence accumulation. In this approach, models integrate information over
time, using a visual cue metric or the difference between an actual observation and an
expectation (Xue et al., 2018; Zgonnikov et al., 2024). When enough evidence has
accumulated, the reaction is initiated (Markkula, 2014; Markkula et al., 2018). A threshold
is used in those models too, but it is based on accumulated evidence rather than just a single
visual cue. These models have been shown to be more human-like than simple threshold-
based models (Markkula, 2014; Svird et al., 2017). It would be natural to consider this
approach, or alternative criticality identification approaches (Siebinga et al., 2024), in
reference driver models.

In Paper II, while urgency is identified as key in the cut-in scenario assessments of
both UNECE models, they implement the concept differently. The results indicate that they
are not capturing urgency in the way that human drivers experience (and act on) it. The
CCDM uses TTC in the longitudinal direction to define the urgency of a scenario, while
urgency in the lateral direction is not considered. That is, the model does not assess urgency-
based metrics such as lateral TTC or lateral speed of the cut-in vehicle. Instead, the model
assumes that a scenario is critical as soon as a vehicle leaves the wandering zone (see Section
2.2.1), which equates to the ego driver feeling comfortable as long as the POV does not
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leave the zone. This use of the wandering zone can be interpreted as a form of driver
satisficing. Satisficing, a concept introduced by Simon (1955) and further developed by
Summala (2007), refers to a decision-making strategy in naturalistic contexts: individuals
aim for outcomes that are considered “good enough” rather than strictly optimal. In the case
of CCDM, the ego driver does not need to optimize the vehicle’s longitudinal positioning
as long as the POV stays in the wandering zone.

The FSM, on the other hand, assesses the need for a braking reaction based on the
projected paths of the vehicles. If a collision is predicted, even far in the future, the FSM
triggers a braking reaction. The analysis in Paper II revealed that this design approach does
not adequately account for non-urgent scenarios (when a collision is not immediately
predicted), since the FSM does not consider urgency in the timing. However, it uses urgency
in the braking maneuver itself, since the level of deceleration is modulated based on the
criticality of the scenario: slight decelerations are performed when the scenario is not very
critical. This response is clearly not how drivers react to other drivers’ satisficing. That is, a
driver would not perceive a car in the adjacent lane moving slightly within its wandering
zone as a threat and would therefore not react to it.

The second component that characterizes the response onset of driver models in
critical scenarios, surprise, also leads to an avoidance maneuver—if the scenario is urgent
enough. The two UNECE models consider this component differently as well. The CCDM
perceives a potentially dangerous cut-in scenario when the cut-in vehicle has left the
wandering zone: it only assesses the vehicle’s lateral position using that fixed threshold and
disregards other metrics, such as the POV’s lateral speed. This model’s implementation of
surprise could be the cause of some of its delayed reactions (relative to the SHRP2 drivers).
In contrast, the FSM bases its determination on whether the cut-in vehicle is moving
laterally towards the ego vehicle on a trajectory that causes their future paths to overlap.
Note that the scenario is not necessarily surprising; it does not need to be critical or
unexpected for the model to start braking. For example, it would not be surprising for most
drivers if a POV two lanes over moves into the adjacent lane, but the FSM may still activate
and start braking the ego vehicle. The FSM is very sensitive to the lateral movements of the
POV, reacting to any possible encroachment onto the future path of the ego vehicle
(regardless of how far in the future it is). The result is a model that reacts rather early (albeit
applying the brake pedal gradually when the scenario is not very critical). It can be argued
that the FSM does not implement surprise as defined in this work.

Another human-based reference model, introduced by Engstrom et al. (2024), is the
“non-impaired road user with their eyes on the conflict” (NIEON) model, based entirely on
the concept of surprise. “Surprise” is, in their work, based on information theory (Shannon,
1948) and Bayesian surprise (Itti & Baldi, 2009), and defined as an observation that is not
explained or predicted by the prior belief about how a driving scenario can unfold. This
model is fundamentally different from the UNECE models, as “the prior belief is both
context-dependent and determined by the road user’s prior experience” (p. 4; Engstrom et
al., 2024). The dependency on context makes NIEON particularly promising for the issue
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of “when to start the clock™ of the reaction time. However, this model only captures surprise,
not urgency.

Paper III offers a different definition of lane-change onset which can, at least partly,
address some of the shortcomings of the CCDM and FSM. Paper III uses a combination of
lateral speed and lateral position to define the moment the lane changes begin. (Recall that
the CCDM bases its assessment of lane change purely on the lateral position of the lane-
changing vehicle, and the FSM considers only lateral motion without a minimum threshold
for the lateral speed.) Paper III also studies the lane-changing process in greater detail,
focusing on the factors that influence when drivers initiate lane changes. While not all
results from Paper III directly relate to urgency, the information it provides about lane-
change initiation can still support the development of realistic CBMs. Like the results of
Paper 1V, these results can support the development of models of routine driving behavior
that can be used to simulate normal lane-change behavior, rather than careful and competent
driving. These models can then be used as benchmarks for the assessment of careful and
competent CBMs.

4.3 Glance behavior in the context of safety targets

As mentioned, drivers’ glance behavior can greatly affect their perception of the surrounding
traffic as well as their reaction to new and imminent threats. Clearly, glance behavior has a
strong impact on safety (Horrey & Wickens, 2007; Klauer et al., 2014; Victor et al., 2014).
However, the role of glance behaviors in the formulation of safety targets for ADASs and
ADSs is not immediately obvious. Notably, there is a difference between safety targets for
ADASs and for ADSs. For ADSs, as mentioned, one type of safety target is the
comprehensive representation of a safe human driver for a specific scenario, encompassing
both conflict and crash avoidance. For ADASSs, the safety target can be defined as the
combined performance of the driver and the system, as the driver remains responsible for
the driving task when the ADAS is active. Currently, off-road glance behavior is considered
to a limited extent in such safety targets. EuroNCAP, for example, has started to differentiate
their scoring based on DMSs (cars should give warnings depending on whether driver is
attentive or not)(Euro NCAP, 2025). However, this effort is still at an early stage, and
therefore it is likely to be refined in the next iterations of the EuroNCAP protocols. This
section discusses whether glance behaviors may have a role in the definition of future safety
targets, and the implications of their inclusion.

The reference driver models for the safety assessment of ADSs analyzed in Paper 11
assume that the driver’s perception and reaction times to a threat are constant. See Section
2.2.1, for details about the models (JAMA, 2022; UNECE, 2023). Glance behavior is not
described in the model specifications, although perception time may implicitly include some
glance-related delay. However, the delay does not clearly relate to the models’
representation of a competent and careful driver. Other approaches to reference driver
models have different modeling strategies regarding glance behavior. For example, the
NIEON model mentioned above assumes eyes on the threat at all times, a design choice
which does not leave room for reaction times that result from context-dependent glance
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behaviors described earlier. However, even assuming that a driver model is extremely
attentive, it still has to look around to see everything, and not all types of threats can be
easily detected. For example, going beyond the eyes-on-threat paradigm, in the case of
sideswipes (i.e., crashes in which two vehicles crash side-by-side) the threat might come
from the side or from behind the ego vehicle; it is impossible for a driver to always be aware
of the risk. Olleja et al. (2022) derived the drivers’ side glance frequency from an NDS to
study the role of side glances in the avoidance of sideswipe crashes. The results indicate the
effect that is very small, mainly due to the low frequency of side glances.

However, in line with other publications (Han et al., 2023; Seppelt et al., 2018),
Papers IV and V show that glance behavior, and consequently reaction time, is not constant
across all driving scenarios and criticalities. In fact, it has been shown that drivers adjust
their behavior towards lower scenario criticalities if they engage in secondary tasks
(Morgenstern et al., 2020; Tivesten & Dozza, 2014). Including realistic glance behavior in
these models may therefore contribute to a more realistic representation of human drivers.
It is important to note, however, that the glance behavior data analyzed in Papers IV and V
came from drivers employed specifically to collect those data; although they were driving
in a naturalistic setting, their glance behavior does not necessarily represent that of a
reference “safe” driver. For this reason, glance behaviors may need to be carefully selected
in order to be suitable for inclusion in reference driver models. One option is to select only
the best behavior performance, based on a defined percentile threshold; short glances by the
most attentive drivers could approximate the profile of a safe driver. Another option is to
include only safety-related glances (such as those directed toward mirrors or blind spots)
which contribute to situational awareness and hazard detection. This approach would allow
reference models to include realistic glance behavior while maintaining a conservative
representation of human performance.

ADASSs and ADSs have different definitions for safety targets, as only the ADASs’
safety performance is directly linked to and dependent on the driver’s behavior. Actually,
there are also several types of safety targets for ADASs. As an example, Paper IV uses a
method that links glance behavior to the risk of crashing as a function of time gap. The
reference behavior can thus be defined by the threshold of crash risk in terms of glance
behavior (in this work, defined as the MCR): if the glance behavior of the driver exceeds
the MCR threshold, the system triggers. This method should also account for context (e.g.,
time gap), and it can include the risk associated with the glance behavior over some time
window. There may be more elaborate ways of considering the risk of individual glances
and glances over some time window, but they are beyond the scope of this paper.

An additional factor that possibly should be considered when defining safety targets
for ADASs and ADSs is the influence of cognitive load on driver responses. Extensive
research has demonstrated that cognitive load influences glance behavior (Engstrom et al.,
2005; Lee et al., 2007). However, the literature on the effects of cognitive load on real-world
traffic safety is less consistent, as analyses of NDSs have repeatedly shown that cognitive
load has only a limited impact on actual crash risk (Klauer et al., 2014; Victor et al., 2014).
For ADAS safety targets, it may still be appropriate to consider including a cognitive-load
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component. However, cognitive load is notoriously difficult to measure in naturalistic
driving, which makes adding this component to ADAS functionality challenging in practice.

For ADS reference-driver models, on the other hand, it is not clear that cognitive
load should play a role—at least not if the model is intended to represent a careful and
competent driver. In this case, assuming a negligible impact of cognitive load is likely
reasonable. Still, future research could assess and quantify whether cognitive load should
be considered part of careful and competent driving, and whether its influence is substantial
enough also for a careful and competent driver to justify the effort required to model and
integrate cognitive load into reference driver models.

Paper IV also studies the single longest off-road glances (see Section 2.2.3 for a
more detailed description), which can represent the riskiest behavior observed in each
driving segment. Setting limits at the tail of glance duration distributions may be another
way to define reference behavior. Using a very similar approach, current guidelines such as
the NHTSA (2012) Distraction Guidelines put simple constraints on single off-road glance
durations. Linking the behavior of the driver (here the glance behavior) to its objective
impact on safety is a concept that may translate into other crash scenarios and other ADASS.

Paper V advances the existing body of knowledge by showing that drivers’ off-road
glance behavior is dependent on context (specifically looming). The study observed that
off-road glances from the dataset were seldom initiated at inv-TTC values above
approximately 0.2—0.3 s7'. The results therefore motivate the inclusion of context dependent
metrics in safety targets based on human behavior.

4.4 Other considerations when developing safety targets

As mentioned, not only do safety targets for ADSs and ADASs differ, but they can be
formulated in various ways. Section 4.4.1 discusses various strategies used to define safety
targets. Section 4.4.2 further discusses the inclusion of comfort zone boundaries (CZBs) in
driver behavior analyses as a way to operationalize safety targets both for ADASs and ADSs.

4.4.1 What should safety targets be based on?

The following discusses some of the ways safety targets can be defined, and the implications
of the different definitions for safety assessment, traffic safety, and system acceptance (by
drivers and other road users). The discussion is separated into ADS and ADAS safety
targets.

ADS safety targets

The category of ADS safety targets can be categorized in many ways. For this discussion,
they are defined based on:

a) driver behavior

b) societal expectations of what drivers should do
¢) driver comfort-zone boundaries

d) objective safety
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a) ADS safety targets based on driver behavior rely on developers acquiring data from
some population of drivers and using the data to operationalize the safety targets. To develop
a target that is genuinely linked to safety, developers must determine how to select and
combine behavioral components in a way that can be justified as safety-related and that
represents the level of safety the modeled behavior is intended to convey. However, there is
no consensus on what approach is more appropriate; it may be that a one-size-fits-all
solution does not exist. One of the current UNECE performance models, the CCDM, is an
example of a behavior-based reference driver model which is intended to represent a
“competent and careful” driver (UNECE, 2023). However, it is unclear how the measured
data were turned into a safety target, as they appear to be based on a small sample of drivers
in a driving simulator in Japan, with no direct link to drivers’ competence and carefulness.
The implications of this approach on the ADS safety evaluation have been shown in
Paper II: the CCDM did not perform as carefully as drivers from SHRP2, and therefore its
validity is in question. One option for developing reference models which more closely
reflect the characteristics of a competent and careful driver is to instruct the participants in
the study to drive carefully. Of course, this approach would have to be assessed before it
could actually be used for model development. Another option is to simply collect driver
behavior data, and define what constitutes an appropriate representation of the safety target
based on those data. In Olleja et al. (2023) we proposed selecting a percentile of the behavior
(e.g., 80th percentile) as a reasonably safe driver. However, any such choice becomes
problematic if the safety targets include multiple safety-related parameters (e.g., TTC at
overtaking and lateral clearance, as in Rasch & Dozza, 2022). The combination of criteria
may produce overly strict safety targets; that is, it may be unrealistically hard to comply
with them all. Alternatively, all individual safety targets would need to be relaxed enough
to allow for an easier “pass”. See Wu, Sander, et al. (2025) for a description of this issue in
the context of scenario generation validation.

Another approach to defining safety targets in terms of driver behavior involves
selecting safety targets that approximate the limits of what drivers can reasonably achieve
in best-case conditions. This may include how threats are identified (e.g., visual cues
combined with urgency and surprise), when threats are identified (e.g., assuming
eyes-on-threat or incorporating glance behavior), how quickly drivers can react (e.g.,
reaction time), and #ow they react (e.g., brake amplitude). Depending on how these elements
are operationalized, safety targets defined in this manner may include superhuman
components—such as assuming eyes-on-threat—which are not feasible in real life. One
example of such a superhuman model is the NIEON model which, as noted, assumes
eyes-on-threat at all times. A potential issue with these safety targets is that they may delay
the introduction of systems that do not reach the superhuman benchmark, even if they
achieve a PRB and would otherwise be considered safe enough for deployment.

In summary, this type of safety target can be defined by selecting a driver (or a
distribution of drivers) from anywhere along the spectrum of driver behavior, from the
“average driver” to a “superhuman”. The implications for ADS assessment span a similarly
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wide range, from enabling the introduction of ADSs that may not yet be sufficiently safe to
impeding the deployment of capable ADSs due to overly stringent or unrealistic targets.

b) ADS safety targets based on societal expectations of what drivers should do attempt
to convert the vague concept of societal expectations into safety targets (Fraade-Blanar et
al., 2026). One possible, although to my knowledge unrealized, operationalization would be
for driving-school teachers to perform driving maneuvers the way optimal drivers do them
(i.e., what they teach), and then base the safety targets on those behaviors.

¢) ADS safety targets based on comfort-zone boundaries use the limits of what drivers
find acceptable (e.g., comfortable braking/steering) to define urgency/thresholds. See
Section 4.4.1 for a discussion of this approach.

d) ADS safety targets based on objective safety already exist. The most prominent is the
RSS, introduced in Section 2.2.1. An issue that has repeatedly been acknowledged in the
literature is that these safety targets tend to be very cautious, even when compared to careful
and competent human drivers. For example, Liu et al. (2021) describe the original parameter
selection of the RSS as overly conservative.

There are many situations in traffic where it is necessary to drive very slowly if a
no-crash paradigm is to be enforced. Consider driving on a narrow street with parked cars
on each side: the vehicle would have to drive very slowly to be able to stop in time if
someone were to come out between the cars suddenly (e.g., a child). This dilemma has been
acknowledged extensively in the literature (Almaskati et al., 2024; Sun et al., 2024). This
issue will only be resolved when it is agreed what is to be considered safe enough—with
respect to speed and other driving parameters, as well as to the response times and
amplitudes used for safety targets.

Vision Zero focuses on the avoidance of severe injuries and fatalities and pushes for
a resilient safe system approach (see also the Introduction). Within this strategy it will not
be possible to define realistic safety targets that allow for reasonable mobility if the targets
are defined solely in terms of crash avoidance; these restricted definitions may cause the
safety targets to become overly conservative, effectively pushing for near-zero crash
probability in all situations. In many everyday traffic environments, thresholds would
become so strict that they would constrain normal driving (e.g., calling for very low speeds
or very early interventions), thereby compromising mobility and usability, and potentially
undermining acceptance and real-world safety impact of the systems.

ADAS safety targets

ADAS safety targets must balance risk reduction and acceptance, maybe even more than
those of ADSs do; if ADAS targets lead to frequent/early (cry-wolf) warnings, the driver
may disable/ignore them. In this work, the safety targets are defined based on:

a) driver behavior
b) objective safety
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Note that unlike ADS safety target definition approaches, the approaches for ADASs
do not include societal expectations for routine driving (related to the concept of drivership),
as the focus of this work is on crash avoidance, rather than conflict avoidance. However,
societal expectations are still relevant for those ADAS safety targets related to conflict
avoidance (e.g., ACC).

a) ADAS safety targets based on driver behavior can use behavioral limits similar to
those used by ADSs, while incorporating additional considerations for driver acceptance
and nuisance. One example is a model of reference driving behavior which represents only
the “safest” driving behavior from a distribution (e.g., choosing values above a certain
percentile on some safety-relevant metric) and sets thresholds that balance safety with other
aspects of the driving experience, such as annoyance.

Given the current push toward DMS-based IISs, defining safety target strategies for
regulations and consumer testing (e.g., Euro NCAP) is becoming increasingly urgent.
Papers IV and V highlight the importance of considering context in IISs, since they show
that drivers do adjust their behavior based on contextual factors (e.g., in relation to TTC,
though far less with respect to time gap). These findings highlight the need for
context-aware safety-target definitions, rather than uniform thresholds that ignore
situational variation.

b) ADAS safety targets based on objective safety link behavior to objective outcomes
(e.g., crash or injury risk). Defining objective safety targets for crash avoidance in ADASs
is in many respects similar to defining them for ADSs: an objective determination must be
made regarding which outcomes are acceptable when a crash-relevant situation is
developing. One strategy is to set targets aimed at avoiding crashes altogether. However, for
[IS-based ADASSs this could lead to very strict glance-behavior limits, particularly if they
are defined without context. Current guidelines, such as the NHTSA distraction guidelines
(NHTSA, 2012) are not based on avoiding crashes at all costs, but rather on acceptable risk
(e.g., secondary tasks such as radio tuning). The current guidelines and regulations are not
context-dependent, although the context dependency demonstrated for TTC in Paper V
indicates that they should be (as should ADAS safety targets). Further, the lack of (adequate)
driver adaptation to decreasing time gaps (corroborating findings from Tijerina, 1999)
illustrates why formulating purely objective, safety-based IIS thresholds is problematic.
Drivers apparently do consider it safe enough to look away even with relatively short time
headway, and may not accept warnings purely based on objective safety. More research is
needed to understand why, and under which circumstances they would accept IIS warnings,
thus avoiding the “cry wolf” effect which could lead to attempts to disable the system.
Further, safety-target definitions for ADASs may need to move beyond focusing
solely on crash avoidance. A more viable path may be to define targets based on a
combination of crash avoidance and injury mitigation, aligning the framework more closely
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with the principles of Vision Zero, which emphasizes injury avoidance rather than absolute
crash elimination.

4.4.2 Comfort zone boundaries vs. satisficing

The development of safety targets from measured human behavior is, as mentioned in the
previous section, an approach currently used in regulations for the approval of ADSs.
However, the operationalization of these safety targets can suffer from the effects of
satisficing behavior by the human drivers whose behavior is being measured (e.g., in the
form of reaction times, lane keeping behavior, or glance behavior). The recorded behavior
may not be optimal, but instead represents what was “good enough” at the time when it was
recorded. The effect of collecting data that may include drivers satisficing is that it is not
possible to define the limit of the urgency of the driving scenario which drivers can
comfortably withstand, unless experiments and data collections are specifically aimed at
minimizing satisficing behavior.

One promising approach to defining thresholds for urgency metrics uses the concept
of CZBs. The concept was introduced by Nidtdnen and Summala (1974), whose study was
based on the theory of “field of safe travel” proposed by Gibson and Crooks (1938). The
boundaries define maneuvers that drivers feel comfortable doing: for example, braking to
avoid a collision with an acceptable level of deceleration, or steering to avoid a collision
with an acceptable level of lateral acceleration (Brannstrom et al., 2010, 2014; Sander, 2017;
Yang et al., 2024). The CZBs, limits of what the driver considers acceptable without feeling
discomfort, can be used to define thresholds in engineering-based metrics. For example, if
a collision in a rear-end scenario can be avoided with a slight deceleration—below the limit
of comfortable braking—the scenario is not considered urgent. In both Paper I and the work
by Yang et al. (2024), CZBs were used to tune and assess AEB systems. In Paper I, CZBs
in the AEB algorithm determined the urgency of a rear-end scenario by assessing the
possibility that the driver could avoid the collision with comfortable steering. Yang et al.
(2024) dug deeper into how CZBs can be used in AEB algorithms. The CZBs in both papers
were partially derived from Briinnstrom et al. (2014), who define 5 m/s? as the comfortable
limit for deceleration in their CZB-based AEB algorithm, although it is not stated how the
threshold was selected. It is worth noting that this level of deceleration is an unusually harsh
braking maneuver: Fitch et al. (2010) found that the mean deceleration reached by
nonprofessional drivers during emergency braking maneuvers was close to 5 m/s>—and
those are clearly not comfortable scenarios. Fig. 5a in Paper I shows that in about 50% of
the SHRP2 events (near-crashes) the POV exceeded this rate, indicating that as the ego
vehicle was approaching at a high speed and with a relatively low THW, its driver probably
had to exceed 5 m/s? of deceleration to avoid a collision in many of the events. Although
the deceleration values for the ego vehicle are not reported in the results of Paper I, the harsh
braking maneuvers by the POV and the relatively low THW highlight the urgency of the
SHRP2 near-crashes. On the other hand, the scenarios extracted from the highD database,
which mostly contains everyday driving data, were generally not urgent at all: the POV
rarely reached a deceleration of 5 m/s?, and the THW (Fig. 1 of Paper I) was rarely short
enough to be considered unsafe. In previous research, in which I explored defining safety
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targets based on CZBs for cars overtaking cyclists (Olleja et al., 2023), I proposed using the
80th percentile of metrics such as lateral distance and TTC in observed overtaking behavior,
represented through a parametric model (Rasch & Dozza, 2022). However, the 80™
percentile of that behavior is not equivalent to the 80™ percentile of the CZB, which may
impact the acceptance of safety targets based solely on measured behavior. Further research
is needed to examine the relationship between satisficing, CZBs, and acceptance. It should
also be noted that Jiao et al. (2025) describe a survival analysis-based approach for
identifying the extreme edge of proximities in road-user interactions. This method warrants
deeper investigation, particularly regarding how these edges relate to drivers’ perceived
safety and comfort zone boundaries.

Urgency, in Paper I, can be discussed not only in terms of AEB tuning, but also from
the perspective of crash generation. The clear relation between the nature of the datasets
analyzed and their intrinsic urgency, from both closeness-to-crash (i.e., engineering), and
human (i.e., CZBs) perspectives, has already been demonstrated. All crashes are urgent by
definition: at some point in time the driving scenario becomes critical, and the driver is not
able to avoid a collision even by braking well beyond the levels of comfortable crash
avoidance.

4.5 Limitations and future work

This section explains the main limitations of the studies in this work as well as related
suggestions for future work. The first focus is on the limitations intrinsic to the data used.
Then, limitations about the methods used are described.

4.5.1 Data limitations and suggestions for future work

A main limitation of the analysis in Paper I consisted of difficulties in obtaining scenarios
whose characteristics could be matched across the datasets. For example, highD and GIDAS
both originate from German highways, while SHRP2 data were collected in the USA.
Moreover, unlike the near-crashes in highD and GIDAS, those in SHRP2 rarely occurred
on highways, resulting in substantially lower vehicle speeds. Future work could focus on
analyzing datasets with scenarios that more closely match each other. Additionally, the
analysis in Paper [ was limited to the rear-end scenario, primarily because the AEB functions
applied to the crashes were designed to work in those conditions. Future studies should
focus on other types of scenarios, such as cut-ins and cut-outs, to extend (or overturn) the
results obtained in Paper I for rear-end scenarios.

Paper II also focused only on one type of scenario: cut-ins. The choice was made to
assess the UNECE models for that particular scenario, as it is much more demanding from
a modeling perspective than pure rear-end crashes. Further, poor data quality and issues with
the annotations limited the number of usable cases extracted. Specifically, the poor quality
of some SHRP2 videos (related to resolution, light conditions, blooming, and compression)
at times made it difficult to determine the exact position of the POV. When that was the
case, additional annotation points were added to smooth inaccuracies. Further, the signal
from the radar was of low quality; its use was limited to the cases in which it was reliable
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enough to refine the longitudinal position of the POV. In fact, the radar was unable to capture
the lateral movement needed for the assessment (the field of view was too narrow). Future
work could further improve the video annotation tools (e.g., increase the use of automatic
image processing) to increase the quantity and quality of data or use new, better datasets. It
is unlikely that another study with the sheer scale of SHRP2 will be conducted again soon,
but maybe data from event data recorders with video can be used in the future (Piccinini et
al., 2017). Further, as the reference driver models described in R157 are intended to work
not only for cut-in scenarios, but also for deceleration (rear-end) and cut-out scenarios,
future studies could apply methods similar to the one in Paper II to those traffic scenarios.

Papers II1, I'V, and V used data from realistic on-road data collections; the differences
between these data and naturalistic data need to be accounted for when interpreting the
results, since they might result in a driving style that is not purely naturalistic. The main
differences usually found in these collections are that the population of drivers consists of
employees of a company and that they have been instructed to drive on potentially
designated routes. First, the limited population of drivers affect the generalizability of the
results. For example, there are probably few young or elderly drivers among the people
explicitly hired to collect data. Second, the style of driving is not entirely naturalistic, which
may also limit the generalizability of the results (and the validity of the conclusions drawn
in the studies that use them).

4.5.2 Methodological limitations and suggestions for future work

The studies in this thesis also have limitations due to the methods used. The counterfactual
crash-generation process in Paper I relies on the assumption that the ego driver is completely
unresponsive to the braking maneuver of the POV (basically, the driver is sleeping).
However, it is not realistic to assume that all drivers are sleeping, unless the object is to
study the worst-case scenario of human driving behavior (Kusano & Victor, 2022). Adding
more crash-causation components, such as distributions of glance behavior and limited
brake responses, to the driver model (Béargman et al., 2017; Bargman et al., 2015; Lee et al.,
2018; Morando et al., 2019) would improve the validity of the crashes generated (Bérgman,
Jokhio, et al., 2025). However, Paper I nonetheless demonstrates that, even in the worst-
case scenario of unresponsive drivers, the lower-severity datasets do not show the high level
of criticality and severity seen in the crash datasets. This difference is partially due to the
more benign scenario, but it is probably due to a large extent to the censoring of low-severity
crashes in the crash datasets: recall that in GIDAS, PDO crashes are completely missing and
low-severity injuries are underreported. Future studies should investigate the contribution
of benign scenarios (e.g., a slight lateral movement within a lane, without the intent to
change lanes) and of the censoring (e.g., the effect of censoring the data for both modeling
and validation) to the difference in urgency and outcome severity (Morando, 2025). One
option would be to apply a transformation to the generated crashes that accounts for GIDAS’
data censoring—making the crashes comparable with the other datasets (Kusano et al.,
2024).

In Paper II, the assumption that the POV’s behavior was the only factor influencing
the ego vehicle’s braking evasive maneuver was a main methodological limitation. Any
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possible effect due to other road users or external factors was disregarded. However, manual
verification indicates that this assumption is well founded and the ego vehicle’s reaction
was probably caused by the POV’s behavior; usually there were few/no vehicles in the
immediate vicinity. However, it was still not possible, from the data available, to be certain
that there were no other factors which influenced the ego driver behavior.

In Paper 111, the selection of the lateral speed thresholds for the identification of a
lane-change maneuver disregarded the possible impact of the driver’s motivation for the
lane change. That is, the lateral speed of a vehicle performing a lane change may differ for
mandatory and non-mandatory lane changes (Vechione et al., 2018). Mandatory lane
changes may consist of quicker lateral movements, which in turn could affect the selection
process for the lateral speed threshold to detect cut-ins.

In summary, future work should focus on continuing the effort towards relevant and
valid safety benefit assessments of ADSs and ADASs. In particular, the work towards the
formulation of more widely accepted forms of valid safety targets should continue.

4.6 Ethics and sustainability

This work has clear implications for both ethics and sustainability. First, the overall goal of
improving traffic safety by reducing deaths and serious injuries is the main ethical
motivation. The way safety is assessed (and what data and models are used) can influence
decisions about development, approval, and deployment of safety systems. This is an ethical
issue, because it can lead to decisions that either delay beneficial safety technology or
implement technology that is not beneficial. In particular, if safety targets or simulation
baselines are not representative (for example, due to data selection effects or model
assumptions), then the assessment may systematically overestimate or underestimate safety
benefits.

Ensuring safety is an ethical duty for system designers, regulators, and industry,
especially when it involves making choices about what scenarios and what outcomes to
prioritize. When resources are limited, safety decisions can end up benefiting some
situations more than others, for example with assessments focusing mainly on certain crash
types, severities, or driving contexts. Therefore, transparency about scope, limitations, and
biases is important. Furthermore, as mobility is a fundamental part of people’s lives, safety
targets should not require unrealistic driving that would severely reduce usability and access
to mobility.

From a sustainability perspective, improved traffic safety reduces short- and long-
term impacts on people as well as reducing societal and resource costs related to injuries
requiring healthcare, including recovery. In the longer term, ADSs may also support more
efficient transport (for example through improved traftic flow and shared mobility services),
which could reduce the need for private car ownership and encourage alternative, more
sustainable transportation.
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5 Conclusions

The research presented in this thesis contributes to the field of traffic safety by supporting
the development of safety targets for ADSs and ADASs. For example, this work reveals
how different safety-target design choices can impact the validity and development of
virtual safety assessments. After identifying limitations in current safety targets and their
evaluation methods, the thesis has proposed improvements on three fronts. First, given the
importance of using relevant, valid practices, the thesis highlights the challenges and risks
of using only naturalistic driving data to assess reference driver models intended as safety
targets. Second, the thesis demonstrates the importance of including urgency in lane-change
detection by reference driver models. Third, the thesis studies context-dependent glance
behavior and discusses its use in the formulation of safety targets.

This work identifies the importance of the choice of data for virtual safety
assessments, highlighting the substantial risks of generating baseline crash scenarios solely
from non-crash naturalistic driving data. The findings indicate that crashes artificially
generated from everyday driving data (and to a lesser extent from near-crashes) differ
substantially from real-world crashes, resulting in reduced criticality and lower severity
outcomes. Even when worst-case scenarios are generated, using near-crashes and assuming
an unresponsive driver, the resulting baselines often lack the high level of crash severity
found in in-depth crash databases. Because these generated scenarios are inherently less
critical, safety systems (such as AEB) avoid them more easily than they would real crashes,
which can lead to over-estimation of a system's safety benefits. Similarly, this thesis
concludes that reference driver models need to be assessed on data which reflect the
conditions which they are designed to operate in. If the data do not capture the criticality of
the real-world conflicts that the models are expected to handle, the validity of the reference
models cannot be confidently assured. Consequently, the safety benefit assessment of an
ADS may be compromised if it relies on reference behavior models that have not been
adequately validated.

The evaluation of two current models in the regulations indicates that they do not
accurately represent competent and careful drivers. When tested against real-world near-
crash cut-in scenarios, one model reacted too late, leading to crashes that the human drivers
had avoided, while the other was overly cautious; neither reacted like the human drivers
they were compared to. Consequently, this work highlights the importance of validating
reference driver models on a variety of data types, including critical events. The thesis also
proposes the incorporation of definitions of lane-change initiation that account for lateral
speed (or some other lateral urgency metric) to improve the realism of the models’ responses
to cut-ins.

Finally, this thesis clearly demonstrates the importance of context in defining safety
targets for ADSs and ADASS, assessing to what extent drivers adapt their glance behavior
as a function of context. For ADSs, this work argues that reference driver models may
become more realistic and human-like if their responsiveness to safety-critical scenarios is
influenced by glance behavior (for example, by shifting from a fixed response time to one
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influenced by the probability of the driver glancing away from the forward road). For
ADAS:Ss, this work advocates not only for the use of direct glance-behavior safety targets, as
is common today, but also for the incorporation of safety targets based on crash risk derived
from oft-road glances. With this information, the safety target can be represented, at least in
part, by a context-dependent threshold on glance-related crash risk derived from reference
glance behavior. Objective crash risk derived from observed glance behavior grounds the
safety targets in terms of behavior and objective safety, thus supporting the development of
IISs that minimize nuisance while ensuring safety.

Overall, while many challenges in virtual safety assessment methods and in the
development of safety targets remain, this work lays the groundwork for more precise and
robust safety targets and safety assessment methods. This will likely lead to more safe,
robust, and accepted ADASs and ADSs, which in turn will save more lives on our roads.
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