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Abstract
Driving automation systems (DAS), including Advanced Driver Assistance
Systems (ADAS) and Automated Driving Systems (ADS), are expected to
substantially improve traffic safety. Virtual safety assessment is the primary
approach for quantitatively evaluating the prospective safety impacts of these
systems, but its validity depends critically on the availability of comprehensive
and representative pre-crash scenarios. Existing real-world data are limited in
quantity and coverage and often suffer from sampling bias, making the genera-
tion of synthetic pre-crash scenarios necessary. However, current generation
approaches face challenges such as biased or incomplete data and difficulties in
validation. In particular, the absence of systematic methods for validating the
representativeness of the synthetic scenarios remains a critical knowledge gap.

To address these challenges, this thesis develops an integrated methodolo-
gical framework for generating and validating representative synthetic pre-crash
scenarios for (prospective) safety impact assessment (SIA) of DAS. The frame-
work consists of two complementary components: 1) a novel approach for gener-
ating representative synthetic pre-crash scenarios, and 2) an assessment-oriented
framework for validating their representativeness.

Papers I and II present the proposed scenario generation approach that
combines heterogeneous empirical data through model-based parameterization
and weighting to construct reference pre-crash datasets. Synthetic scenarios are
generated using parametric multivariate models and reweighted to match the
reference distributions. The underlying generation logic can, in principle, be
applied to conflict-based scenarios with or without collision, but the empirical
implementation focuses on rear-end pre-crash scenarios with purely longitudinal
dynamics, reflecting current limitations in available datasets.

To address the validation gap, Papers III and IV introduce a Bayesian
Region of Practical Equivalence (ROPE)-based framework to assess whether
synthetic pre-crash scenarios are practically equivalent to their real-world
counterparts for SIA purposes. The framework emphasizes assessment-relevant
metric selection, interpretable statistics, and explicitly defined equivalence
criteria, and provides diagnostic insight into the sources and implications of
non-equivalence.

Overall, the thesis contributes a transparent, reproducible methodology
for generating representative synthetic rear-end pre-crash scenarios and a gen-
eral, assessment-oriented framework for validating scenario representativeness,
supporting more accurate and credible SIAs of DAS.

Keywords

Driving Automation Systems, Virtual Safety Assessment, Safety Impact As-
sessment, Synthetic Pre-Crash Scenario Generation, Data Combination, Equi-
valence Testing.
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Chapter 1

Introduction

1.1 Enhancing traffic safety through Driving Auto-
mation Systems

Road traffic crashes remain one of the most significant challenges for modern
society, causing substantial fatalities, injuries, and economic losses worldwide [1].
Over recent decades, vehicle safety research has evolved from passive protection
systems (e.g., seat belts and airbags) to Driving Automation Systems (DAS)
[2], which include Advanced Driver Assistance Systems (ADAS) [3, 4, 5] and
Automated Driving Systems (ADS) [6, 7, 8]. These systems are designed to
support or replace human drivers in safety-critical moments by monitoring the
environment, identifying potential conflicts, and intervening when necessary
to prevent or mitigate crashes [9, 10]. In particular, many DAS primarily
operate during the crash-imminent phase—the short time window immediately
preceding a potential crash—when they can correct driver errors, reduce crash
speed, or avoid crashes altogether [11, 12].

Systems such as Adaptive Cruise Control (ACC) [3], Lane Keeping Assist
(LKA) [5], and Automatic Emergency Braking (AEB) [4] represent key ADAS
technologies that support drivers by monitoring the driving environment, assess-
ing potential conflicts, and providing timely warnings or control interventions to
enhance safety and situational awareness [13]. ADS, in contrast, differ primarily
in the level of automation and control authority: they are designed to perform
the driving task (partly or fully) within a defined operational design domain by
maintaining continuous control and handling the perception–decision–action
loop with reduced reliance on immediate driver supervision [6, 7, 8]. Ranging
from driver assistance to full automation, these DAS aim to complement or
replace human control in safety-critical situations, thereby avoiding or mitigat-
ing crashes that may otherwise occur due to factors such as distraction [14],
fatigue [15], or impairment [16].

Empirical research has demonstrated the safety impact of such systems:
AEB and LKA, for example, have been shown to substantially reduce crash and
injury rates [17, 18, 19, 20]. Nevertheless, accurately quantifying the overall
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4 CHAPTER 1. INTRODUCTION

safety performance of DAS in real traffic remains a major challenge. Crashes
are rare events; comprehensive field testing would require extremely large
driving exposure and prohibitively high costs to obtain statistically significant
safety evidence [21]. Moreover, safety performance depends on a multitude of
contextual factors (such as traffic composition, weather, infrastructure, and
driver behavior) that are difficult to control or replicate experimentally. There
is a need for efficient, reproducible, and systematically controlled approaches to
prospective safety evaluation that address these challenges—that is, methods
that estimate safety impacts before large-scale real-world deployment, rather
than relying solely on observed crash outcomes [22].

1.2 Virtual simulations for accurate and credible
safety impact assessment

To overcome the limitations of field testing, researchers and industry practition-
ers increasingly employ simulation-based assessment approaches, collectively
referred to as virtual safety assessment, to evaluate the safety performance
of DAS [22]. These methods enable controlled experimentation across a wide
range of traffic, driver, and environmental conditions, including rare or hazard-
ous crash events that would be infeasible, unsafe, or prohibitively expensive
to reproduce in real traffic [23, 22]. They can be broadly categorized into two
types based on their purpose.

The first type of assessment, safety assurance, focuses on system-level
validation. It aims to ensure that a DAS performs safely and reliably across
its operational design domain, even under challenging and rare conditions [24].
This type of assessment explores the system’s functional behavior, decision-
making robustness, and capacity to detect, manage, and mitigate hazardous
situations before they result in a crash [25, 26, 27]. It is primarily used in
the development and verification stages to build confidence in the system’s
operational safety and to identify edge-case scenarios that may expose system
limitations [28, 29]. It also plays a regulatory role, as reflected in United
Nations Economic Commission for Europe (UNECE) Regulation No. 157 on
Automated Lane Keeping Systems [30].

The second type, safety impact assessment (SIA), is the focus of this thesis.
It aims to quantify the expected safety impact/benefits of a system at the
population level—typically in terms of reductions in crash frequency, impact
speed, or injury risk [31]. In SIA, pre-crash scenarios (short time sequences
describing the dynamics of involved traffic participants and the environment
leading up to a crash) are simulated under baseline (without the DAS under
assessment) and treatment (with the DAS) conditions [32, 33]. The prospective
safety impact of a system can be estimated by comparing the outcomes of these
simulated scenarios [31, 34, 32, 33]. It should be noted that SIA is often used
as a component of safety assurance and safety argumentation; it is also widely
applied for other purposes, such as system development, comparative evaluation
of design alternatives, and policy-oriented analysis [21, 35]. Additionally, in
this thesis, SIA is understood as a prospective, scenario-based evaluation
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conditioned on defined pre-crash conflicts, rather than as a comprehensive
assessment of continuous driving or conflict genesis.

To ensure a statistically sound and unbiased comparison, the SIA procedure
requires that the pre-crash scenarios are adequate and represent real-world
conditions accurately [31]. However, the available empirical data for creating
these scenarios suffer from limited sample sizes, incomplete coverage, and
sampling bias [36, 31, 37, 38]. To address these limitations, a common strategy
is to use statistical, behavioral, or combined models derived from empirical data
to create diverse, reproducible, and scalable sets of synthetic pre-crash scenarios
suitable for the assessment [39, 28, 40]. While running more simulations using
this strategy can easily generate a statistically sufficient number of scenarios,
the resulting synthetic scenarios may not be representative. The creation of
synthetic scenarios relies heavily on empirical data; any limitations or biases
in the datasets—such as incomplete coverage or unbalanced sampling—will
be reflected in the synthetic scenarios. Therefore, ensuring that the generated
scenarios accurately represent their real-world counterparts for the intended
SIA is a critical challenge.

1.3 Challenges in generating and validating rep-
resentative pre-crash scenarios

The creation of representative pre-crash scenarios involves two major challenges:
1) generating representative synthetic pre-crash scenarios and 2) validating
their representativeness. These challenges have been widely recognized in prior
research on crash reconstruction, naturalistic driving analysis, and simulation-
based safety evaluation [41, 31, 42, 23, 43, 44].

1.3.1 Generation challenges

Two main approaches have been widely employed to generate synthetic pre-crash
scenarios: traffic-simulation-based and in-depth-crash-data-based (IDC-based)
[45]. Both have inherent limitations that restrict their ability to produce
representative scenarios across the full severity range, from physical contact to
severe injuries or fatalities.

The traffic-simulation-based approach aims to replicate daily driving activ-
ities with traffic agents to generate crashes in a virtual, modeled driving en-
vironment [46, 47, 48, 45]. Typically, traffic agents are built using naturalistic
driving data (NDD; studies that unobtrusively collect data from participants’
daily driving over weeks, months, or even longer periods [49]), which often
contain a limited number of crashes, typically minor in severity [48]. While
this method can produce a wide variety of low-risk driving scenarios, it has
two main limitations. First, safety-critical events that lead to crashes are rare
during normal driving, so simulations must run for very long durations to gather
enough crash scenarios for statistical analysis [41, 22]. This makes the approach
inefficient and computationally expensive. Second, crashes generated through
traffic simulations may differ systematically from real-world crashes in terms
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of their kinematic characteristics and overall severity distributions [38, 50].
This is because the traffic agents are primarily based on NDD, which under-
represent severe crashes and may therefore fail to reproduce the complex and
abrupt pre-crash maneuvers, especially in severe crashes [51]. Therefore, while
traffic-simulation-based approaches offer broad exposure coverage, they rarely
produce realistic, representative pre-crash behaviors across the full severity
range.

In contrast, IDC-based approaches typically generate synthetic scenarios
either by resampling from empirical distributions of relevant pre-crash and crash-
related characteristics, such as pre-crash kinematics [40], or by systematically
modifying and varying real-world pre-crash scenarios [31, 52]. These approaches
rely on detailed reconstructed or recorded pre-crash data from in-depth crash
datasets. Notable examples of such datasets include the U.S. Crash Investigation
Sampling System (CISS) and the German In-Depth Accident Study (GIDAS),
together with its Pre-Crash Matrix (PCM) extension. These datasets provide
valuable information on vehicle dynamics and potential contributing factors to
accidents [42, 23]. However, SIA generally requires more detailed real-world
crash instances than are currently available [6, 27]. An additional challenge is
that the in-depth crash data are often biased toward severe crashes. This bias
arises not only from their explicit inclusion criteria (e.g., requirements related
to injuries or towed vehicles), but also from the severity-dependent investigation
and reporting probabilities, as low-severity crashes are substantially less likely
to be investigated in depth or systematically reported. For instance, CISS
focuses on crashes with at least one light vehicle towed from the scene [23], and
GIDAS gathers on-scene accident cases with personal injury across several cities
in Germany [42]. Moreover, generating crashes using reconstructed crash data
can present challenges. The reconstruction of pre-crash kinematics is heavily
influenced by the analysis software used and the assumptions made about
the behavior of the road users involved, particularly when detailed pre-crash
recordings are lacking. In fact, the resulting pre-crash scenarios may depend
more on these assumptions and the software than on real-world scenarios
[39, 50]. As a result, IDC-based methods offer detailed severity information
but lack statistical balance and generalizability.

In summary, existing synthetic pre-crash scenario generation approaches
capture only a portion of the pre-crash severity spectrum. Traffic-simulation-
based methods provide broad exposure coverage but struggle to reproduce
realistic and representative pre-crash behaviors across the full severity range.
In contrast, IDC-based methods provide detailed severity information but
are limited by small sample sizes and a bias toward severe crashes. These
limitations pose fundamental challenges for SIA. Addressing them requires
methods that achieve both individual-level realism/plausibility and population-
level representativeness, so that synthetic pre-crash scenarios are physically
and behaviorally realistic while collectively reflecting real-world conditions
across the full severity range in a manner that is accurate, credible, and
assessment-relevant.
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1.3.2 Validation challenges

Even when synthetic pre-crash scenarios are carefully generated, their rep-
resentativeness must be validated by assessing whether they are practically
equivalent (or “similar enough”) to their real-world counterparts for the intended
assessment purpose. This issue is central to the accuracy and credibility of SIA:
without explicit validation, biases such as the over- or under-representation of
severe crashes can lead to misleading conclusions about system effectiveness
[31, 38, 53].

In much of the existing literature, emphasis is placed on verifying the
individual-level plausibility of synthetic scenarios. Plausibility checks typically
assess whether a scenario is physically feasible and internally consistent, as well
as realistic in terms of driver and vehicle behavior; its kinematic, dynamic, and
temporal components must be compatible, in terms of (for example) realistic
accelerations, speeds, and trajectories. These checks, a necessary first step
in validation, primarily address internal realism rather than population-level
representativeness [35]. Consequently, whether a set of generated scenarios
collectively reflects the statistical properties of real-world pre-crash conditions
relevant to a given assessment objective is often left implicit. This situation
is reinforced by the absence of standardized validation criteria or regulatory
guidance on representativeness, as well as by methodological practices that
prioritize event-level realism or difference detection over assessment-oriented
similarity.

The validation of representativeness requires methods that assess the prac-
tical equivalence between synthetic and real-world (or reference) pre-crash
scenarios—that is, whether observed differences are sufficiently small to be
negligible for the given SIA, with predefined, assessment-relevant tolerances
[54, 55, 56]. However, such equivalence-oriented approaches are largely ab-
sent from current validation practice [35]. In their absence, virtual SIA is
still validated predominantly on descriptive summaries, visual comparisons, or
difference-oriented statistical tests [57, 40, 58].

Descriptive statistics and visualization techniques (such as histograms, scat-
ter plots, and dimension-reduction methods) are frequently used to provide
exploratory insights into distributional similarity and structural patterns, and
correlation analyses are sometimes employed to examine whether key relation-
ships between variables are preserved [59, 40, 58]. While useful for exploratory
analysis and plausibility checking, these approaches do not provide explicit
decision rules or acceptance criteria for determining whether observed differ-
ences are small enough to be negligible for the intended SIA, and therefore
cannot, on their own, support a formal validation of practical equivalence.
Similarly, difference-oriented statistical tests (such as the Kolmogorov–Smirnov,
Anderson–Darling, and chi-square tests) are not designed to establish whether
the differences are negligible for practical purposes [60, 57]: failure to reject a
difference does not imply practical equivalence, and detected differences may
still be practically negligible [61, 62, 53]. Overall, existing validation practices
are primarily intended to support plausibility checking and difference detection,
rather than explicitly evaluating whether synthetic scenarios are practically
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equivalent to real-world pre-crash data in ways that matter for crash outcomes
and the intended SIA.

To address this gap, a potential solution lies in equivalence testing, a family
of statistical approaches designed to determine whether observed differences fall
within predefined, practically acceptable bounds [54, 55]. Equivalence testing
reverses the logic of classical hypothesis testing by treating equivalence as
the null hypothesis and rejecting it only when evidence suggests a meaningful
difference. In practice, one or more statistics quantify differences between
datasets—such as differences in means or medians—and are compared against
the predefined equivalence bounds. If the observed differences fall entirely
within those bounds, the datasets are considered practically equivalent for
the intended purpose. Although this approach is well-established in fields
such as pharmacology and psychology [63], its application in transportation
safety and the validation of synthetic scenarios for SIA remains limited to date
[62, 53]. Moreover, applying equivalence testing in this context poses three
main challenges: 1) selecting what to measure, 2) measuring differences in an
interpretable and practically relevant manner, and 3) defining and justifying
criteria for declaring equivalence.

The first challenge is selecting what to measure. Pre-crash data typically
consist of multivariate time series describing the dynamics and trajectories of
the road users involved. A direct comparison of these data is impractical due to
differences in duration, temporal alignment, dimensionality, and noise, as well
as the lack of interpretable similarity measures that link signal (time-series)-
level differences to assessment-relevant safety outcomes [64, 65, 27]. As a result,
the data are typically characterized by a set of quantitative variables—referred
to as metrics—that capture key aspects of the dynamics of the road users
involved and the crash outcomes [53]. It is important to note that not all
metrics are equally relevant to a specific SIA. For example, the metrics of lateral
dynamics are crucial for LKA, while they are less relevant for AEB, which
is primarily focused on the vehicle’s longitudinal maneuvers. Further, while
including many metrics in the equivalence test enhances comprehensiveness, it
also increases the risk of false non-equivalence. In such cases, non-equivalence
in less relevant metrics (such as those related to lateral control in the study of
AEB) may dominate the validation outcome, leading to an erroneous rejection
of an otherwise representative dataset. To date, there is no established guidance
on how to prioritize or weight validation metrics according to their relevance
to the assessment objective.

The second challenge is measuring differences in an interpretable and prac-
tically relevant manner. Assessing practical equivalence requires validation
statistics that quantify both statistical differences and their practical implic-
ations. A statistic is a numerical quantity computed from sample data used
for summarization or inference; formally, it is any function of the observed
data that does not depend on unknown population parameters [66]. Unlike
conventional statistics—such as absolute differences in means or medians—that
focus only on statistical variations, interpretable validation statistics explicitly
link these variations to their practical relevance for the specific assessment,
enabling analysts to evaluate whether and how discrepancies between synthetic
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and empirical datasets influence the assessment outcome. However, general
and practically applicable approaches for defining these statistics are largely
undeveloped to date, limiting the consistency and interpretability of validation
results across studies.

The third challenge is defining and justifying criteria for declaring equival-
ence. These criteria, which specify the acceptable level of difference between
compared datasets, may be applied at different levels (individual metrics, sub-
sets of interdependent metrics, or jointly across all metrics). When equivalence
is assessed at the metric or subset level, additional overall equivalence criteria
are required to aggregate multiple validation outcomes into a single, inter-
pretable conclusion. The choice of equivalence criteria involves an inherent
trade-off: those that are too stringent may cause normal variability to be
misinterpreted as meaningful non-equivalence, while overly lenient criteria
may mask important discrepancies and lead to false equivalence conclusions.
Establishing appropriate criteria requires combining statistical reasoning with
domain knowledge to make the underlying design choices explicit and to justify
the accepted level of similarity for the specific assessment. However, practical
guidance on defining, aggregating, and justifying equivalence criteria remains
lacking, limiting both transparency and comparability across validation studies.

1.4 Aims and objectives
Together, these challenges underscore the need for systematic, domain-specific
methods to generate and validate representative pre-crash scenarios. Accord-
ingly, the overarching aim of this thesis is to develop such methods to improve
the accuracy and credibility of SIAs for DAS.

Figure 1.1: An overview of the four papers included in this thesis and their
connections to the three objectives and the overarching aim (orange circle).

To achieve this aim, three main methodological research objectives (covered
by four papers) have been established, as illustrated in Figure 1.1.

1. Establishing reference pre-crash datasets. This objective, addressed
in Papers I and II, focuses on developing methods to establish these data-
sets. A reference dataset is defined as an empirically grounded dataset



10 CHAPTER 1. INTRODUCTION

intended to approximate the real-world population of a particular crash
type and serving as the baseline against which synthetic scenarios are
generated and validated. Because existing empirical sources (such as
naturalistic driving data and in-depth crash databases) each capture only
part of the spectrum of pre-crash scenarios, multiple complementary refer-
ence datasets are typically required to describe the full range of conditions
relevant to SIA. The first step toward enabling systematic analysis and
integration across heterogeneous sources is to transform multivariate pre-
crash time-series data via model-based parameterization into a common,
finite set of interpretable parameters that capture the essential dynamics
of each scenario. Based on this parameterized representation, reference
datasets are then constructed by combining empirical data from multiple
sources and applying sample weighting techniques. This process does
not generate new scenarios; rather, it reweights and integrates existing
observations to provide adequate coverage of driving exposure and crash
severity while mitigating sampling and selection biases.

2. Generating representative synthetic pre-crash scenarios based
on the reference datasets. This objective, addressed in Paper II,
focuses on developing generation methods that overcome the limitations
of existing traffic-simulation-based and IDC-based approaches. Build-
ing on the reference pre-crash datasets established in the first objective,
the work constructs probabilistic distribution models that define refer-
ence distributions for selected scenario parameters or parameter subsets.
Synthetic pre-crash scenarios are subsequently generated through model-
based simulation using parameter configurations sampled from these
reference distributions. Because scenarios obtained through model-based
simulation rather than direct resampling may not inherit the statistical
properties of the reference population, sample weighting is applied to im-
prove alignment with the reference distributions. The generated scenarios
are designed to reproduce the diversity of real-world pre-crash dynamics
and crash severities while maintaining physical plausibility as well as
statistical consistency with the reference distributions relevant to the
intended SIA.

3. Validating the representativeness of synthetic pre-crash scen-
arios. This objective, addressed in Papers III and IV, focuses on de-
veloping a generic, interpretable validation framework to assess whether
synthetic pre-crash scenarios are practically equivalent to their real-world
counterparts for the intended assessment purpose, as well as two practical
guidelines for the framework’s application. The first guideline addresses
how to measure differences in an interpretable and practically relevant
manner, and the second addresses how to define and justify the criteria
for declaring practical equivalence. The framework and guidelines to-
gether support the consistent, transparent, and meaningful validation of
synthetic scenarios for accurate and credible SIA.

Collectively, these objectives define a unified methodological framework
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for generating and validating representative pre-crash scenarios. The scenario
generation approach proposed in this thesis can, in principle, be applied to
conflict-based scenarios with or without collision, but the empirical implement-
ation focuses on rear-end pre-crash scenarios with purely longitudinal dynamics.
This focus is a direct consequence of current data availability: existing empir-
ical datasets provide sufficiently detailed and consistent longitudinal kinematic
information, but do not offer the reliability required to model lateral dynamics,
lane changes, multi-agent interactions, infrastructure influences, or environ-
mental conditions. In contrast, the validation framework developed in this
thesis is not restricted to a specific pre-crash scenario type and is formulated
to be generally applicable to representativeness assessment.
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Chapter 2

Methodology

This chapter presents the methodological framework developed in this thesis
for generating and validating representative pre-crash scenarios for accurate
and credible SIAs of DAS. The framework comprises three logically connected
stages: 1) establishing reference pre-crash datasets, 2) generating representative
synthetic pre-crash scenarios, and 3) validating their representativeness using
a practical equivalence testing framework. These stages correspond directly to
the three methodological objectives outlined in Section 1.4 and together form a
unified workflow linking empirical observations, synthetic scenario generation,
and scenario validation.

The chapter begins with an introduction to the empirical pre-crash data used
in this thesis, including their sampling characteristics, severity coverage, and
available pre-crash information. Each methodological stage is then described
with a workflow diagram illustrating the main steps involved, followed by key
considerations and high-level rationales; available approaches and their typical
strengths and limitations are also listed. Finally, the concrete methods and
models used in this thesis are presented. This structure ensures transparency
and traceability in how empirical evidence is transformed into representative
synthetic pre-crash scenarios and how their validity is assessed within the
context of SIA.

2.1 Empirical pre-crash data
This thesis uses pre-crash data from three empirical sources: the Second
Strategic Highway Research Program (SHRP2) Naturalistic Driving Study
(NDS) [49], CISS, and GIDAS-PCM. These datasets differ in their sampling
design, measurement precision, and severity coverage, providing complementary
inputs for establishing reference pre-crash datasets.

2.1.1 SHRP2

The SHRP2 dataset is one of the largest naturalistic driving datasets in the
world, involving more than 3,300 instrumented vehicles operated under everyday

13
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driving conditions across six U.S. sites [49]. Each vehicle was equipped with
a data acquisition system that recorded multi-channel information, including
vehicle kinematics, driver behavior (via interior video), and roadway context
(via forward and rear-facing cameras).

Collected between 2010 and 2013, the SHRP2 dataset provides millions
of kilometers of driving data and a broad spectrum of traffic events, ranging
from routine car-following to near-crashes and low-severity collisions. Event
identification algorithms and manual annotations were used to classify incidents
into severity levels [49]. While the SHRP2 dataset offers excellent coverage of
normal and moderately critical driving conditions, high-severity crashes remain
rare due to the nature of naturalistic sampling [67]. Thus, it provides rich
exposure information but limited representation of severe crash dynamics.

2.1.2 CISS

CISS is a nationally representative crash investigation program in the United
States designed to provide detailed information on police-reported crashes
involving at least one towed passenger vehicle [23]. CISS includes on-scene
documentation, vehicle damage assessments, and contextual factors; it has
been widely used to study crash and injury mechanisms [20, 68, 69].

A key feature of CISS is the integration of Event Data Recorder (EDR)
information, which contains records of the vehicle’s speed signal for the five
seconds prior to the crash [70]. However, EDR data are available only for a
subset of crashes, and usable paired-vehicle EDR cases (i.e., when EDR data
are available from both vehicles involved in the crash) are even more scarce.
For example, among 1,125 rear-end crashes in CISS, only 10% (113 cases)
contain EDR data for both vehicles. Additionally, the sampling frequency of
most EDRs is low (1–10 Hz), with only 0.4% of cases at 5 Hz or higher. This
limited temporal resolution constrains the ability to capture rapid changes in
vehicle dynamics and driving behavior leading up to a crash.

Thus, CISS EDR data contribute detailed crash-involved cases with recorded
kinematics, but with restricted temporal fidelity and limited sample sizes for
detailed pre-crash reconstruction.

2.1.3 GIDAS-PCM

GIDAS is a long-standing on-scene crash investigation program covering police-
reported injury crashes in several regions of Germany. The GIDAS-PCM,
introduced in 2011, is a subset of GIDAS that provides reconstructed trajectories
for up to two involved traffic participants over the five seconds preceding the
crash [42]. This dataset, which includes pre-crash dynamics, environmental
context, and roadway geometry, is widely used for accident causation analysis
[71, 72], active safety technology evaluation [73, 34, 74], and predictive crash
modeling [75].

Unlike SHRP2 or CISS EDR data, which contain directly recorded kinemat-
ics, GIDAS-PCM relies on reconstruction methodologies combining physical
evidence, expert assessment, and simulation tools. As a result, there are uncer-
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tainties, particularly in cases involving rapid dynamics such as hard braking or
evasive maneuvers [39]. For this reason, this thesis uses only robustly recon-
structed parameters—such as the minimum accelerations of both vehicles—to
ensure consistency with the recorded datasets [45].

2.1.4 Summary

Each dataset has limitations. However, together, they can provide complement-
ary information:

• SHRP2: naturalistically collected, recorded pre-crash data with a broad
exposure to everyday and moderately critical driving, mainly low-severity
crashes.

• CISS (EDR): recorded pre-crash data for police-reported crashes with
at least one towed passenger vehicle, mainly high-severity crashes.

• GIDAS-PCM: reconstructed pre-crash data for injury-involved crashes
with comprehensive contextual detail, mainly high-severity crashes, less
reliable because of reconstruction.

Both CISS (EDR) and GIDAS-PCM provide data for the five seconds leading
up to a crash, whereas SHRP2 data covers a longer duration. To analyze rear-
end pre-crash scenarios, data were extracted from all three sources for the five
seconds preceding the crash. These data included time-series information on
the longitudinal distance between the lead and following vehicles, as well as
their speeds, where available.

2.2 Establishment of reference pre-crash datasets
Reference pre-crash datasets serve as the foundation for generating and validat-
ing pre-crash scenarios. Since none of the currently available empirical datasets
alone can serve as a reference dataset due to their limitations, such as sampling
bias and limited coverage [50], multiple complementary reference datasets or
parameter distributions are required to accurately describe pre-crash scenarios
across the full severity range.

Figure 2.1: Workflow for establishing reference pre-crash datasets.

Figure 2.1 illustrates the workflow used to establish the reference pre-
crash datasets in this thesis. First, a model-based parameterization approach
was applied to simplify multivariate pre-crash time-series data and represent
scenarios from multiple empirical sources with a common set of interpretable
parameters. Second, a data combination procedure was employed to integrate
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the parameterized data across sources and establish reference pre-crash datasets
that represent the real-world crash population.

2.2.1 Model-based parameterization

Parameterization is a fundamental component of quantitative modeling that
represents complex system behavior through a finite set of interpretable para-
meters [76], thereby supporting calibration, sensitivity analysis, and simulation
while enabling models to remain tractable and adaptable across scenarios [77].
Effective parameterization is therefore essential for capturing real-world variab-
ility while maintaining analytical clarity in data-driven and simulation-based
studies [77, 78].

In the context of pre-crash analysis, empirical data are typically available as
multivariate time series describing the kinematics and trajectories of road users
involved in a developing conflict. The data may include vehicle speeds, acceler-
ations, relative distances, and driver control inputs sampled at high temporal
resolution. While these time-series data are rich in detail, direct comparison,
integration, or statistical modeling across heterogeneous sources is impractical,
particularly when datasets differ in sampling frequency, signal availability,
noise characteristics, and temporal alignment [79, 80]. These discrepancies
are further amplified when the objective is large-scale scenario generation and
representativeness validation rather than the analysis of individual events.

Model-based parameterization addresses these challenges by simplifying
complex pre-crash trajectories into a compact, consistent representation. By
modeling the behavior or kinematics of the involved road users, each pre-crash
scenario can be distilled into a finite set of parameters that capture its essential
characteristics while abstracting away unnecessary temporal detail. This
parameterized representation enables systematic statistical analysis, facilitates
integrating data from heterogeneous sources, and allows individual scenarios to
be recreated or re-simulated by instantiating the underlying models with a given
parameter vector [81, 82]. As such, parameterization provides a practical link
between raw empirical observations and the generation of synthetic scenarios.

A further methodological consideration concerns the suitability of existing
road-user behavior models for pre-crash scenario generation. Many commonly
used behavior models—such as car-following and lane-changing models—were
originally developed for traffic flow analysis or nominal driving conditions [80].
While valuable for reproducing typical behavior and aggregate traffic patterns,
these models are often not designed to represent the short, safety-critical pre-
crash phase, during which driver responses may be abrupt or intermittent,
and may be influenced by distraction, delayed reaction, or surprise [83, 82].
Moreover, such models are typically calibrated on normal driving data, further
limiting their ability to accurately represent the pre-crash dynamics observed
in real-world crashes [35].

For the purpose of establishing representative pre-crash scenarios, paramet-
erization models should therefore be explicitly grounded in empirical pre-crash
data, focusing on accurately representing the observed behavior. In this context,
the goal of modeling is not to prescribe how road users should behave, but
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to encode how they actually behaved prior to crashes in a form suitable for
statistical modeling and simulation-based scenario generation.

In this thesis, a specific model-based parameterization was developed for
rear-end pre-crash scenarios, which are dominated by longitudinal interactions
between a lead vehicle and a following vehicle. Accordingly, separate models
were built for the longitudinal motion of the two involved vehicles: a lead-vehicle
kinematics model and a following-vehicle behavior model. Together, these mod-
els transform empirical pre-crash time-series data into a finite-dimensional
parameter representation that forms the basis for the subsequent data combin-
ation, distribution modeling, and synthetic scenario generation.

The lead-vehicle kinematics model

In rear-end pre-crash scenarios, the behavior of the lead vehicle is, to a large
extent, independent of that of the following vehicle, particularly during the
early stages of conflict development. This property allows the lead vehicle’s
longitudinal motion to be modeled separately from the following vehicle’s
behavior [84].

To parameterize lead-vehicle motion in this thesis, a piecewise linear model
was used to represent the pre-crash speed profile as a sequence of consecutive
linear segments, resulting in a six-parameter vector describing the lead vehicle’s
longitudinal kinematics. Figure 2.2 illustrates an example with three segments.

Figure 2.2: An illustration of a piecewise linear model with three segments (time
zero is the impact moment) [84]. Each segment assumes constant acceleration,
with Segment S representing a constant-speed phase.

Compared with conventional constant acceleration or deceleration models
[85, 86, 87], the piecewise linear model provides a more faithful representation
of lead-vehicle speed profiles observed in real-world rear-end pre-crashes [84]. In
particular, it captures a wider range of empirically observed behaviors, including
sustained constant-speed phases, multi-stage braking, and non-monotonic speed
changes. Additional details are provided in Section III-A of Paper I.

The following-vehicle behavior model

In contrast to the lead vehicle, the behavior of the following vehicle in a rear-
end pre-crash scenario is strongly influenced by the motion of the lead vehicle
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and by the driver’s response to the developing conflict. Parameterizing this
behavior, therefore, requires a model capable of representing both nominal
car-following dynamics and safety-critical pre-crash braking responses.

In this thesis, a following-vehicle behavior model with four parameters was
constructed by combining two established driver models. A modified Intelligent
Driver Model (IDM) [88] provides a continuous car-following framework, while a
pre-crash driver brake-response model [82] captures the timing and modulation
of braking (including its jerk) based on looming-related visual cues [83]. The
integration of these models enables a unified representation of longitudinal
following and pre-crash braking behavior.

In addition, the model was extended to account for a specific rear-end
pre-crash pattern observed in the GIDAS-PCM dataset and incorporated into
the weighted reference dataset, where it represents approximately 9.2% of
crashes [45]. In these cases, both vehicles were initially stationary; after a while,
the following vehicle accelerated until it hit the lead vehicle. The driver of the
following vehicle seemed to ignore the lead vehicle completely, possibly due to
distraction. The model includes the possibility of generating this ’abnormal’,
but empirically observed, driver acceleration behavior. Further details are
provided in Section III-A of Paper II.

Parameterization of the rear-end pre-crash scenario

The lead-vehicle kinematics model contributes six parameters, and the following-
vehicle behavior model contributes four parameters. The only remaining
elements in a rear-end pre-crash scenario are two initial states: the following
vehicle’s speed and the initial following distance. Consequently, a rear-end
pre-crash is parameterized as a twelve-dimensional (12-D) vector using the
modeling framework adopted in this thesis. Additional details can be found in
Section III-B of Paper II.

2.2.2 Data combination

Following the model-based parameterization, rear-end pre-crash scenarios from
multiple empirical sources—SHRP2, CISS, and GIDAS-PCM—are represented
as sets of parameters. However, as mentioned, none of these datasets alone can
serve as a reference dataset for rear-end pre-crashes. Each source is affected by
limitations such as sampling bias, incomplete parameter availability, and varying
data quality. In particular, only GIDAS-PCM and a subset of SHRP2 contain
information on both vehicles, rather than only the lead or the following vehicle
[45]. As a result, establishing reference datasets that adequately represent the
real-world rear-end pre-crash population across the full severity range requires
combining information from multiple complementary sources.

In fact, the term data combination [89] refers to the integration of mul-
tiple datasets to leverage complementary information while compensating for
individual limitations. It is widely used in statistics, econometrics, and data
science to improve coverage, reduce bias, and increase inferential power [90, 91].
In the context of pre-crash analysis, data combination must resolve issues of
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compatibility, consistency, and bias to ensure that the resulting dataset remains
meaningful for downstream modeling, validation, and subsequent SIA.

The core objective of data combination in this thesis is to integrate comple-
mentary empirical information while mitigating systematic biases present in
individual datasets [50]. Naively merging datasets is insufficient, as empirical
crash data are often biased with respect to key parameters—most notably crash
severity [42, 23, 84, 45]. When a reliable reference marginal or joint distribution
is available for a subset of parameters, the biases can be reduced by reweighting
the raw samples so that the weighted data align with the reference distribution
[92]. The resulting weighted dataset can then be treated as a reference dataset
for the parameters it contains.

A commonly used approach to mitigate bias is post-stratification weighting
[92], which is widely applied in survey research. It involves dividing the
target population into strata based on certain variables, collecting data within
each stratum, and then assigning weights (based on the target population
distribution within each stratum) to the observations.

Figure 2.3: A binning example for unidimensional data [50]. Stratum 6 is the
omitted stratum.

Typically, binning is used to create strata when the variables are continuous
[93]. The weight assigned to observations in each stratum is calculated by
dividing the target population total by the number of observations in the
stratum. The raw samples (i.e., observations) are grouped into discrete bins
based on the known reference distribution (i.e., target population). This
method assumes that no strata are omitted, meaning that observations must
cover all bins spanned by the target population. Otherwise, the process will
attempt to divide by zero. However, in our case, omitted strata exist in
the combined data. (See Figure 2.3 for an example: Stratum 6 contains no
observations.) Consequently, conventional post-stratification methods cannot
be directly applied. Therefore, we developed a k-nearest neighbors (KNN)-
based sample weighting method. It can be interpreted as a post-stratification
approach with a dynamic, data-driven binning strategy. Each sample drawn
from a known reference distribution is assigned a unit weight. Each reference
sample’s k nearest neighbors in the raw empirical dataset are identified and
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grouped to share this weight based on their distance from that sample. Raw
samples that are never selected as neighbors of any reference sample receive a
weight of zero, reflecting their limited relevance for the target population.

An alternative strategy based on a KNN imputation of missing parameters
[94] was also evaluated. However, empirical simulation results demonstrated
that the KNN-based sample weighting approach yielded superior performance
for the purpose of scenario generation and validation [50].

In this thesis, the SHRP2 dataset provided coverage from physical con-
tact events to higher-severity crashes, whereas CISS and GIDAS-PCM are
strongly biased toward severe crashes [42, 23]. Accordingly, the distribution
of lead-vehicle Delta-v (i.e., speed change during the impact [95]) observed in
the SHRP2 dataset was used as the reference distribution for crash severity
[84]. Data from CISS and GIDAS-PCM were then incorporated to enrich the
representation of higher-severity scenarios that are sparsely observed in SHRP2.

In summary, data combination, together with sample weighting, enables the
construction of reference datasets that exploit the complementary strengths
of multiple data sources while mitigating individual biases. Initially, multiple
intermediate reference datasets were constructed for different subsets of para-
meters. These intermediate datasets were then used to derive one or more
reference datasets that maximize parameter coverage, since a single empirical
dataset covering the entire parameter set may not always be available. Further
methodological details are provided in Section III-C of Paper II.

Reference rear-end pre-crash datasets

In this thesis, two reference rear-end pre-crash datasets were constructed, as
illustrated in Figure 2.4. The first dataset (blue) contains all six lead-vehicle-
related parameters that define the lead-vehicle speed profile. The second
dataset (green) contains five parameters describing both vehicles. These two
datasets share two parameters and jointly cover nine parameters. As discussed
earlier, a rear-end pre-crash scenario is parameterized as a twelve-dimensional
vector. The remaining three parameters, associated with the following-vehicle
behavior model, were characterized using separately acquired reference marginal
distributions.

Figure 2.4: Two reference rear-end pre-crash datasets constructed through data
combination and sample weighting.
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2.3 Generation of representative synthetic pre-
crash scenarios

The next step is to generate representative synthetic pre-crash scenarios us-
ing the reference datasets. The objective is to produce a sufficiently large
and diverse set of scenarios suitable for SIA that preserves the multivariate
characteristics of real-world rear-end pre-crashes across the full severity range.

Figure 2.5: Workflow for generating representative synthetic pre-crash scenarios.

Figure 2.5 illustrates the overall methodological workflow adopted in this
thesis. Distribution models were first built from reference pre-crash datasets to
characterize the underlying parameter space. Synthetic pre-crash scenarios were
then generated through model-based simulation using parameter configurations
sampled from the distributions. The resulting scenarios did not automatically
reproduce the reference population—due to simulation constraints and para-
meter matching procedures—so sample weighting was subsequently applied
to align the synthetic dataset with the reference distributions. The final val-
idation step would ideally focus on assessment-oriented methods to evaluate
representativeness. However, in this case, validation was conducted through
statistical comparisons with available reference datasets, as no comprehensive
reference dataset covering the full parameter space was available.

2.3.1 Distribution modeling
To enable the generation of synthetic pre-crash scenarios, the reference datasets
are first represented by probabilistic models from which an arbitrary number
of samples can be drawn.

Parametric [96, 97], nonparametric [98, 99], and copula-based [100, 101, 102,
103] methods are commonly used to model a multivariate distribution. The
parametric methods assume a specific parametric form (such as the multivariate
normal distribution [96]) for the joint distribution, which can be advantageous
when the underlying distribution is known or can be reasonably assumed. They
often have fewer parameters than other methods, making them computationally
efficient and less prone to overfitting when dealing with sparse data. However,
they rely on strong assumptions about the underlying distribution, which might
not hold in real-world scenarios. If the assumptions are violated, the parametric
models can provide biased estimates. In addition, if the available data are
sparse, they might not provide enough information to accurately estimate the
chosen distribution’s parameters.

Nonparametric methods, such as kernel density estimation [104] or nearest
neighbor methods [105], make minimal assumptions about the underlying
distribution and instead estimate it directly from the data. The methods might
require more data to achieve reliable estimates than parametric methods, and
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they may not always provide accurate density estimates, especially for sparse
or irregularly sampled data [106]. In addition, nonparametric methods can
produce biased estimates, particularly near boundaries and in distributions
with long tails [107]. Finally, interpreting the results can be more challenging
(compared to parametric methods) since the distribution does not have an
explicit functional form.

Copula-based methods allow the flexible modeling of dependence structures
between random variables; they are often used when the marginal distributions
are known or estimated separately [103]. However, these methods usually
require a relatively large amount of data to accurately estimate the parameters
of the copula function, especially for high-dimensional datasets [101]. They are
also generally less interpretable than simpler parametric methods.

In our situation, the amount of data available is limited, and some paramet-
ers are sparsely represented. Additionally, it is crucial to be able to interpret
the distribution models and grasp the correlations among parameters, as these
correlations have physical meaning and directly influence the generated scenario
populations. Interpretable dependencies improve transparency and confidence
in the assessment results because the relationships among parameters can be
related to meaningful pre-crash dynamics.

For these reasons, in this thesis, a parametric multivariate distribution
modeling method was adopted, with explicit emphasis on simplicity and in-
terpretability to reduce the risk of overfitting and to facilitate transparent
reasoning about parameter dependencies.

The adopted method models marginal distributions together with linear cor-
relations among parameters. Specifically, linear correlations are first estimated
for each parameter pair. Each parameter is classified as correlated if it exhibits
a significant, non-weak correlation with at least one other parameter, and as
uncorrelated otherwise. Uncorrelated parameters are modeled independently
by fitting a set of candidate distributions (e.g., normal and gamma), with the
optimal model selected using the Akaike Information Criterion [108]; the para-
meters exhibiting point-mass behavior—i.e., a concentration of observations
at a specific value—are modeled using mixture distributions [84]. Correlated
parameters are modeled jointly: their marginal distributions are first trans-
formed to standard normal form via quantile transformation [109], after which
a multivariate normal distribution is fitted. Additional information regarding
the distribution modeling method can be found in Section III-C of Paper I.

Given the heterogeneity of empirical pre-crash data and the complexity
of the multivariate parameter space, a single global multivariate distribution
model would likely need to be highly complex to represent all observed behavi-
oral and kinematic patterns. This challenge has been widely documented in
traffic safety and crash modeling, where heterogeneous populations are often
represented using stratified or finite mixture models rather than a single joint
distribution [110, 111, 112]. Such approaches have been used to account for
regime-dependent behavior and unobserved heterogeneity in crash processes,
for example, by separating distinct crash types, severity regimes, or behavioral
patterns prior to modeling.

To address this issue, each reference dataset was categorized into multiple



2.3. GENERATION OF REPRESENTATIVE SYNTHETIC PRE-CRASH SCENARIOS 23

sub-datasets based on observed patterns, allowing simpler, more interpretable
distribution models to be fitted. This strategy is consistent with the traffic
simulation and validation literature, which recommends regime-specific mod-
eling when global distributions obscure meaningful structure [35]. Details of
the categorization procedure are provided in Section IV-C of Paper I and
Section IV-B of Paper II.

The overall distribution model was accordingly constructed as a finite
mixture of these sub-models, combined according to the proportions of their
corresponding sub-datasets in the reference dataset [110]. In contrast to prior
applications, which primarily use mixture models to improve statistical fit
or predictive performance, the mixture representation in this thesis serves a
methodological role: it provides an empirically grounded, interpretable basis
for synthetic scenario generation and subsequent validation. Two multivariate
distribution models were constructed, one for each of the two reference datasets
obtained in the data combination step, forming the basis for the synthetic
pre-crash scenario generation.

2.3.2 Model-based scenario generation

Once the reference datasets have been represented through probabilistic distri-
bution models, the next methodological step is to generate synthetic pre-crash
scenarios that are dynamically consistent, physically plausible, and statistically
aligned with the reference data. Model-based scenario generation has been
widely adopted in traffic safety and automated driving research as a means to
reconstruct complete pre-crash trajectories from abstract scenario descriptions
or parameter sets [31, 38].

Unlike purely data-driven resampling or trajectory-stitching approaches
[22, 27], model-based scenario generation relies on simulation to translate
parameter configurations into continuous-time vehicle motion. This approach
allows for the enforcement of physical constraints, interaction dynamics, and
behavioral assumptions during scenario generation. Simulation-based recon-
struction is particularly important when scenarios are represented at the
parameter level rather than as complete time-series trajectories, as is common
in assessment-oriented scenario modeling and testing frameworks [113]. By
combining probabilistic sampling in the parameter space with deterministic or
stochastic simulation models, model-based generation provides a systematic
framework for generating large numbers of pre-crash scenarios with internal
consistency and physical feasibility [21, 33].

As described in Section 2.2.1, each rear-end pre-crash scenario in this thesis
is represented as a twelve-dimensional parameter vector. These parameters
describe the initial conditions and behavioral characteristics of the involved
vehicles but do not directly encode full trajectories. The parameters must
therefore be instantiated in a simulation environment to reconstruct physically
meaningful pre-crash time series with coherent temporal evolution. In this way,
the generated synthetic scenarios remain consistent with vehicle kinematics
and the assumed behavioral constraints that cannot be guaranteed by direct
statistical sampling of time-series data.
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A key methodological consideration at this stage is how to construct coherent
parameter combinations when no single joint reference distribution is available
across all twelve dimensions. Direct sampling from an assumed full multivariate
distribution would require strong assumptions and extensive data support,
neither of which is available in this context. Instead, scenario generation should
combine information from multiple partial distribution models to construct
twelve-dimensional parameter configurations, preserving observed dependencies
where joint reference information is available and avoiding unsupported higher-
dimensional dependence assumptions for parameters lacking a joint reference
distribution.

Figure 2.6: Procedure for constructing the twelve-dimensional parameter con-
figurations for simulation-based scenario generation.

Based on this consideration, the procedure illustrated in Figure 2.6 was used.
Two synthetic datasets were first generated by sampling from two established
distribution models: a six-dimensional model describing all lead-vehicle-related
parameters, which fully determine the lead-vehicle speed profile, and a five-
dimensional model capturing (a subset of) parameters for both vehicles. The
two datasets share two common parameters, which were used to pair samples
across the datasets, resulting in nine-dimensional parameter configurations that
preserve observed dependencies.

The remaining three parameters, which pertain to the following-vehicle
behavior model only and lack a joint reference distribution, were populated by
iterating over their respective reference marginal distributions. This strategy
allows the scenario space to be explored without imposing unsupported as-
sumptions about higher-dimensional dependence structures.

Each resulting twelve-dimensional parameter configuration was then instan-
tiated in simulation to generate a synthetic pre-crash trajectory. A simulation
was considered valid if it resulted in a rear-end crash occurring approximately
five seconds after the start of the simulation, matching the temporal coverage
of the empirical pre-crash data. Through this process, a synthetic dataset con-
sisting of 5,000 valid pre-crash scenarios was generated and used in subsequent
weighting and validation steps.

2.3.3 Sample weighting

When synthetic scenarios are obtained through model-based simulation rather
than direct resampling, the resulting dataset may not inherit the statistical
properties of the reference population. Selection effects can arise at multiple
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stages of the generation framework—for example, when only a subset of para-
meter configurations leads to valid simulations, or when scenarios are assembled
by combining information from multiple probabilistic models. Without correc-
tion, these effects can distort the parameter distributions and undermine the
representativeness of the synthetic dataset.

Sample weighting provides a principled mechanism for addressing these
distortions. By adjusting the relative contribution of individual synthetic scen-
arios, it aligns the synthetic dataset with the target reference distributions, even
when the generation process is biased or incomplete. This step is particularly
important when generating scenarios for SIA, because conclusions are drawn
at the population level and therefore depend on the representativeness of the
scenario population.

In many practical settings, the full joint distribution of all scenario paramet-
ers is unknown or cannot be reliably estimated due to data sparsity, heterogen-
eity, or partial observability. In such cases, weighting approaches that calibrate
the weighted sample to known marginal distributions offer a pragmatic and
widely accepted solution [114, 115]. Iterative Proportional Fitting (IPF) is a
classical statistical technique developed for this purpose, originally in the con-
text of contingency tables and later adopted in survey calibration, demography,
and population synthesis [114, 116]. IPF iteratively adjusts sample weights
so that the weighted dataset matches a set of target marginal distributions,
without requiring explicit specification of the full joint distribution.

In this thesis, sample weighting was required because synthetic pre-crash
scenarios were generated by simulating sampled parameter configurations rather
than by directly resampling reference data. Not all sampled configurations
resulted in valid simulations—for example, some did not lead to a crash
within the modeled time window. As a result, retaining only valid simulations
introduced selection effects that altered the resulting parameter distributions.
Moreover, complete parameter vectors were constructed by matching samples
drawn from different distribution models, which does not guarantee that the
resulting set of simulated scenarios accurately reflects the reference population.
Sample weighting was therefore applied to correct for these distortions by
aligning the synthetic dataset with the reference marginal distributions obtained
during the distribution modeling step (Section 2.3.1).

An additional consideration is that each reference dataset was modeled
as a mixture of multiple sub-datasets, reflecting heterogeneous patterns in
the empirical data. Consequently, weighting needs to preserve not only the
marginal distributions of individual parameters within each sub-dataset, but
also the relative proportions of the sub-datasets themselves. Therefore, an
IPF-based weighting procedure was developed that enforces alignment with the
reference marginal distributions at the sub-dataset level while maintaining the
mixture structure of the synthetic dataset. Further details of this procedure
are provided in Section III-E of Paper II.

After applying the sample weighting process, a weighted synthetic dataset
consisting of 5,000 rear-end pre-crash scenarios was obtained and made publicly
available [117].
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2.3.4 Statistical validation against available reference data
Validation, the final methodological step in the proposed framework, aims to
evaluate whether the weighted synthetic pre-crash scenarios are sufficiently
consistent with empirical evidence for the purposes of SIA. Ideally, this involves
assessing whether the synthetic scenarios are representative of real-world pre-
crash conditions for the intended assessment.

However, in practice, validation of synthetic pre-crash scenarios is con-
strained by the availability and scope of the reference data. As discussed in
Section 1.3.2, ideally, validation would be performed against a comprehensive
reference dataset that covers the full set of scenario parameters. When such
data are unavailable, validation necessarily relies on partial reference datasets
and parameter subsets and must align with how the synthetic scenarios were
constructed. Validation conducted under these constraints, as in this thesis,
is therefore difference-oriented. Rather than evaluating practical equivalence,
the objective is to test whether the weighted synthetic dataset is statistically
distinguishable from the available reference distributions for the corresponding
parameter subsets. Accordingly, the validation should be performed at the
level of those parameter subsets for which reliable reference data exist, using
statistical hypothesis tests to identify significant differences between synthetic
and reference distributions.

In this thesis, distribution modeling and synthetic scenario generation were
performed separately for multiple sub-datasets, each defined over a subset
of parameters. Validation was therefore conducted at the sub-dataset level,
ensuring coherence between the modeling assumptions, the generation process,
and the available empirical evidence. This approach provides a conservat-
ive diagnostic check for distributional mismatches, while acknowledging that
statistical difference detection alone cannot establish assessment-oriented rep-
resentativeness.

The complete validation process combined descriptive analysis, visualization,
and difference-oriented statistical testing. Descriptive statistics and visualiza-
tion techniques, such as comparisons of means and variances or t-distributed
stochastic neighbor embedding (t-SNE) [59], provided exploratory insight into
distributional similarity. In addition, the statistical tests were applied from
three complementary perspectives:

1. Marginal distributions: For each parameter within each sub-dataset,
weighted two-sample Kolmogorov–Smirnov (KS) tests were conducted
to assess whether the weighted synthetic marginal distributions were
(statistically) significantly different from the corresponding reference
distributions at the 0.05 significance level.

2. Multivariate distributions: For each sub-dataset containing multiple
parameters, t-SNE was used to project the multidimensional data into
a unidimensional representation. Weighted two-sample KS tests were
then applied to the transformed data to test whether the synthetic and
reference datasets were significantly different at the 0.05 significance level.

3. Crash severity distribution: The distribution of crash severity, represented
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by the lead-vehicle Delta-v, was compared between the synthetic and
reference datasets using a weighted two-sample KS test at the 0.05
significance level.

Again, while difference-based analyses are useful for identifying mismatches
between synthetic and reference data or distributions, they do not by themselves
indicate whether such mismatches are practically meaningful for the intended
SIA. In this thesis, assessment-oriented validation is constrained by the absence
of a comprehensive reference dataset covering the full parameter space of the
target pre-crash population. As a result, validation at this stage combines
statistical comparison against available reference distributions with cautious
interpretation [45]. More generally, determining whether observed differences
are acceptable for a given assessment purpose requires explicit criteria that relate
statistical deviations to their practical relevance. When complete reference
data are unavailable, such criteria cannot be derived empirically from the target
population alone and must instead rely on additional assumptions or external
justification. The implications of this limitation, and how assessment-oriented
validation can be approached under different data availability conditions, are
discussed in Section 4.2.4.

2.4 Validation of representativeness

Assessing the representativeness of synthetic pre-crash scenarios requires meth-
ods that go beyond detecting differences and instead evaluate whether observed
discrepancies are practically acceptable for the intended SIA. Equivalence
testing methods are well suited to this application, since they are specific-
ally designed to determine whether differences between datasets fall within
predefined, practically acceptable bounds [54, 55]. Unlike conventional null-
hypothesis significance testing, which is designed to detect deviations from
equality, equivalence testing reframes the validation question as whether two
datasets are sufficiently similar for a given purpose.

Equivalence testing methods have been developed in both frequentist and
Bayesian settings. Frequentist approaches typically rely on interval-based
procedures, such as two one-sided tests (TOST), to assess whether observed dif-
ferences lie within prespecified equivalence margins [118]. Bayesian approaches,
in contrast, quantify equivalence probabilistically by evaluating posterior un-
certainty relative to practically meaningful thresholds [119, 56]. A review
of existing equivalence testing approaches and their applicability to scenario
validation was conducted in Paper III.

Bayesian approaches based on the Region of Practical Equivalence (ROPE)
[56] are particularly well suited for validating the representativeness of pre-
crash scenarios used in SIA. These methods offer an intuitive interpretation of
similarity and allow domain-specific relevance thresholds to be incorporated
directly into the analysis [119, 62]. Rather than testing whether two samples
(in this case, synthetic and reference datasets) originate from exactly the same
distribution, these methods explicitly assess whether differences between them
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are sufficiently small to be considered practically negligible for the intended
assessment.

In a ROPE-based framework, equivalence is evaluated by comparing the
highest density interval (HDI) of a chosen statistic with a predefined ROPE
representing practically acceptable values. The HDI is the shortest interval
of the posterior distribution containing a specified proportion (e.g., 95%) of
the posterior probability mass. The chosen statistic may, for example, be a
difference in means, variances, or exceedance probabilities. Equivalence is
supported when the entire HDI lies within the ROPE, yielding a probabilistic,
uncertainty-aware statement of practical similarity directly interpretable in the
context of SIA.

(a) (b)

Figure 2.7: Illustration of the ROPE concept in Bayesian equivalence testing:
(a) equivalence and (b) non-equivalence [53]. The shaded curves represent
posterior distributions of a statistic, δ. The red vertical lines denote the ROPE
boundaries, and black bars indicate the HDIs. Equivalence is supported when
the HDI lies entirely within the ROPE.

Figure 2.7 illustrates the underlying logic of ROPE-based equivalence testing.
When the HDI (black bar) is fully contained within the ROPE (red vertical
lines), the observed difference is considered practically negligible; when it
extends beyond the ROPE, equivalence is not supported.

Figure 2.8: Workflow of the practical equivalence testing framework [53].

Building on this general principle, a structured practical equivalence testing
framework is proposed to validate the representativeness of synthetic pre-crash
scenarios for SIA, as illustrated in Figure 2.8. The framework is explicitly
assessment-oriented: the selection of metrics, statistics, and equivalence criteria
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should be guided by the intended use of the scenarios, such as estimating
changes in crash risk or crash severity after the introduction of a DAS. Accord-
ingly, practical equivalence testing requires an appropriate reference dataset or
reference distribution for the metrics under consideration.

Note that, in this thesis, the ROPE-based equivalence testing framework is
applied with different intents across Papers III and IV. In Paper III, the primary
objective is methodological: to contrast conventional difference-oriented sig-
nificance testing with equivalence-based reasoning. The ROPE thresholds in
that paper were therefore intentionally specified to highlight potential discrep-
ancies between statistical significance and practical equivalence, rather than to
represent realistic acceptance criteria for a specific safety application. In Paper
IV, the focus shifts from methodological comparison (aimed at highlighting a
specific issue) to application-driven validation (aimed at demonstrating how
validation can be carried out in practice). Accordingly, ROPEs are defined
to reflect realistic tolerances for a concrete safety impact assessment task—
specifically, the evaluation of an AEB system—by linking equivalence bounds
to assessment-relevant outcome measures.

2.4.1 Metric selection and extraction

The first step in the proposed framework is the selection and extraction of
scenario metrics that are relevant for the intended SIA. The metrics serve as the
quantitative interface between pre-crash scenarios and assessment outcomes:
they characterize aspects of scenario kinematics, conflict evolution, or severity
that influence system behavior or predicted safety effects. For this reason, met-
rics are derived either from the pre-crash time series or from the parameterized
scenario representation, yielding quantities that are directly comparable across
reference and synthetic datasets.

Metric selection in the context of practical equivalence testing is inherently
purpose-driven rather than exhaustive. Although including many metrics may
appear to strengthen validation coverage, doing so increases the probability that
at least one metric will fail the equivalence criterion due to random variation
or minor, assessment-irrelevant discrepancies. When overall representativeness
is assessed by combining individual tests, this multiplicity effect can lead to
systematically conservative conclusions [55].

In classical hypothesis testing, multiple comparisons are often handled by
formal multiplicity corrections (e.g., Bonferroni) that adjust the significance
level [120]. In Bayesian ROPE-based equivalence testing, an analogous ad-
justment targets the posterior probability threshold (i.e., the posterior mass
required within the ROPE) rather than the ROPE itself. The ROPE reflects
domain-specific tolerances for practical equivalence and should be prespecified;
widening it solely to offset multiple comparisons would alter the substantive
definition of practical equivalence. Accordingly, multiplicity can be addressed
by releasing the posterior probability threshold, while careful, relevance-based
metric selection serves as a principled mechanism for mitigating unnecessary
multiplicity and preserves the assessment-oriented meaning of the equivalence
criteria [54, 56].
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As a result, the validation framework deliberately focuses on a limited num-
ber of metrics that are most informative for the assessment objective. Metric
selection is guided by three core considerations: 1) safety relevance (whether
the metric influences predicted safety outcomes or system interventions); 2)
interpretability (ensuring that deviations can be meaningfully related to driving
behavior or system performance); and 3) robustness (the metrics should be
stable under measurement noise, minor alignment differences, and modeling un-
certainty) [38, 53]. The framework prioritizes relevance over quantity, reducing
the risk that inconsequential metrics dominate the validation outcome.

In practice, selected metrics may span multiple conceptual levels: 1) kin-
ematic descriptors (e.g., speeds, accelerations, headways, relative speed), 2)
conflict and criticality indicators (e.g., time-to-collision-related measures), 3)
crash severity proxies (e.g., Delta-v, injury risk estimates), and 4) categorical
or event-based quantities (e.g., occurrence of harsh braking or the share of
high-risk scenarios) [31, 38]. Comparability is ensured by extracting the metrics
in both reference and synthetic datasets using identical definitions and prepro-
cessing steps, including consistent filtering, inclusion criteria, and temporal
alignment [62].

By constraining validation to a carefully chosen set of assessment-relevant
metrics, the framework balances coverage, interpretability, and statistical reliab-
ility. This approach supports transparent equivalence judgments while limiting
the influence of multiple-comparison effects that could otherwise obscure the
overall representativeness assessment.

2.4.2 Statistics and equivalence criteria definitions

For each selected metric, one or more statistics are defined to quantify differ-
ences between the synthetic and reference datasets. Typical choices include
differences in central tendency (e.g., means or medians), differences in dis-
persion or quantiles, ratios or differences in exceedance probabilities (such as
the proportion of high-severity scenarios), and other distributional summaries
that are directly interpretable in terms of system behavior or safety outcomes
[55, 38]. The selection of statistics should therefore be guided by assessment
relevance rather than statistical convenience.

Equivalence criteria are specified by combining a posterior probability
threshold with a ROPE. Within a Bayesian framework, posterior samples
of each statistic are obtained by propagating uncertainty from the fitted ref-
erence and synthetic models. From these samples, an HDI is computed to
summarize posterior uncertainty [119]. Practical equivalence is supported if the
HDI corresponding to the chosen posterior probability threshold (95% in this
thesis) lies entirely within the predefined ROPE. The ROPE itself is specified
based on domain knowledge, sensitivity analyses, or assessment requirements
and represents the range of differences considered practically negligible for the
intended SIA.

In this thesis, equivalence testing was conducted independently for each
metric. This design choice prioritizes transparency and interpretability by
avoiding the need to define equivalence regions for high-dimensional joint
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statistics, which would require substantially more data and stronger modeling
assumptions [55]. Metric-level testing also facilitates diagnostic interpretation,
as non-equivalence can be directly attributed to specific aspects of scenario
behavior. Equivalence conclusions are therefore reported on a per-metric basis,
while the implications of not explicitly modeling dependencies between metrics
are addressed in the discussion.

2.4.3 Bayesian inference and equivalence evaluations

Once metrics and equivalence criteria have been defined, the next step is to
quantify uncertainty in the selected statistics and evaluate practical equivalence
between the synthetic and reference data for each metric. From a methodological
perspective, the goal is not merely to obtain point estimates of differences
between datasets, but to characterize the range of plausible differences and
assess whether this range lies within assessment-relevant tolerances [55].

Bayesian inference provides a natural, coherent framework for this pur-
pose. By treating model parameters and derived statistics as random variables,
Bayesian methods allow uncertainty in the data and modeling assumptions to be
propagated consistently into the equivalence evaluation [119]. This uncertainty
propagation is crucial in situations where empirical data is limited, and valida-
tion decisions must be made under uncertain, rather than ideal, large-sample
conditions. Moreover, Bayesian inference aligns naturally with equivalence
testing, as it enables probability statements about whether differences fall
within predefined regions of practical equivalence [56, 119].

In this step, Bayesian inference is applied independently to each selected
metric. For a given metric, a set of candidate probabilistic models (e.g., expo-
nential, normal, log-normal, gamma, or mixture distributions) is specified based
on prior knowledge of the data and expert judgment. These models are fitted
separately to the reference and synthetic data. When weighted data are used,
the weights are incorporated directly into the inference via a weighted likelihood
formulation. Each observation contributes to the log-likelihood in proportion
to its assigned weight, ensuring that the resulting posterior distributions reflect
the intended representativeness captured by the weighting scheme. Model
comparison techniques, including the Widely Applicable Information Criterion
(WAIC) [121] and leave-one-out cross-validation (LOO) [122], are used to select
an appropriate model for each dataset and metric.

Posterior predictive samples are then drawn jointly from the selected ref-
erence and synthetic models, producing paired draws for the selected metric.
Each paired draw reflects how the metric varies under parameter uncertainty
in the two models. The comparison statistics are then computed directly from
these paired draws, ensuring that uncertainty in both posterior predictive dis-
tributions is consistently propagated into the evaluation of differences between
the datasets.

Equivalence is evaluated by comparing the HDI of each statistic’s posterior
distribution with the corresponding ROPE. If the entire HDI lies within the
predefined ROPE for all statistics associated with a metric, the metric is
regarded as practically equivalent across the synthetic and reference datasets
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(for the intended SIA); otherwise, it is classified as non-equivalent.

2.4.4 Overall equivalence assessment

The final step of the framework synthesizes the metric-level equivalence results
into an overall assessment of representativeness that is explicitly aligned with
the intended use of the synthetic dataset. Rather than relying on an implicit or
universal acceptance criterion, the overall decision rule is formulated to reflect
the specific priorities, tolerances, and objectives of the intended SIA.

In its most conservative form, overall practical equivalence is supported only
if all selected metrics satisfy their respective equivalence criteria. Depending
on the assessment context, however, less restrictive decision rules may be
applied. For example, overall equivalence may still be concluded if equivalence
is achieved for a subset of the selected metrics—specifically those identified as
most critical within the already relevance-filtered set—provided that deviations
observed in the remaining metrics are demonstrably limited and not expected to
materially influence the assessment outcomes. Crucially, both the prioritization
of metrics and the conditions under which deviations are acceptable must be
explicitly specified in the validation protocol, rather than inferred post hoc.

The overall equivalence assessment should be accompanied by structured
documentation to ensure that the assessment objective is transparent, reprodu-
cible, and traceable. At a minimum, this documentation should clearly state: 1)
the selected metrics and the rationale for their inclusion, 2) the specified ROPEs
and posterior probability thresholds together with their justification, and 3)
the resulting posterior evidence supporting or rejecting equivalence at both
the metric and aggregate levels. When appropriate, additional analyses—such
as sensitivity checks examining the robustness of conclusions to reasonable
alternative choices (e.g., variations in ROPE widths, prior assumptions, or
metric prioritization)—may also be included to further strengthen transpar-
ency and interpretability. Explicit documentation of these elements enables
the validation process to be critically examined and ensures that acceptance
decisions are clearly grounded in the stated SIA purpose.

2.4.5 Binning-based statistics and ROPEs design

A central methodological challenge in representativeness validation is that many
comparison approaches implicitly treat all parts of a metric’s distribution as
equally important [54, 55, 35]. However, this assumption is rarely justified for
synthetic pre-crash scenarios used in SIA. Different regions of a distribution
often correspond to qualitatively different safety regimes, and discrepancies in
these regions can have markedly different implications for system evaluation [53].
Uniform aggregation of deviations therefore risks either obscuring assessment-
critical differences or overstating negligible ones.

This challenge is closely tied to how equivalence criteria are specified.
Equivalence bounds placed directly on conventional global-summary statistics—
such as differences in means, variances, or overall distributional distances—are
often difficult to interpret in safety-relevant terms. For example, a small
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difference in the mean time-to-collision may appear negligible overall yet mask
substantial discrepancies in the tail of the distribution, where rare but safety-
critical events occur.

At the other extreme, purely data-driven distance statistics—such as KS
statistics or divergence measures—quantify overall dissimilarity without re-
quiring explicit equivalence bounds. Although useful for detecting differences,
these measures typically offer limited insight into where discrepancies arise
or whether they matter for the intended assessment. A large distance may
reflect widespread but inconsequential differences, whereas a small distance
may conceal localized mismatches in critical regions.

Figure 2.9: Cumulative distributions of TTCbrk for a reference dataset and
two synthetic datasets. Both synthetic datasets have the same KS statistic
(0.1), but their deviations occur in different regions of the distribution, leading
to different practical implications for SIA.

From a methodological perspective, these statistics—whether conventional
global summaries or data-driven distances—provide only indirect insight into
how statistical deviations relate to their practical relevance for the intended SIA,
thereby limiting the defensibility of the resulting validation conclusions. To
make this issue concrete, Figure 2.9 illustrates this issue using time-to-collision
at braking onset (TTCbrk) under normal driving conditions. TTCbrk is defined
as the instantaneous time-to-collision evaluated at the moment when the
driver initiates braking, and it serves as an interpretable indicator of temporal
criticality at the onset of conflict mitigation [123]. The figure compares the
cumulative TTCbrk distributions of a reference dataset with two synthetic
datasets. By construction, both synthetic datasets yield the same KS statistic
(0.1) with respect to the reference, indicating an identical maximum vertical
distance between the cumulative distributions; yet, the nature of the deviations
is qualitatively different. For Synthetic A, the maximum deviation occurs in
the lower range of TTCbrk, corresponding to higher urgency conditions. For
Synthetic B, the same KS value arises from deviations in the upper range of
TTCbrk, associated with lower urgency conditions.

From an SIA perspective, however, these two deviations are not equival-
ent. Differences in the lower tail of TTCbrk directly affect the frequency of
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high-urgency situations that are most influential for system triggering, residual
crash risk, and estimated safety benefits, particularly for functions such as
AEB. In contrast, deviations of similar magnitude in the upper tail primarily
affect benign driving conditions and are typically of limited consequence for
assessment outcomes. Thus, the same numerical statistical difference can cor-
respond to markedly different practical impacts. This example highlights that
global, unweighted statistics can obscure whether observed differences occur in
assessment-critical or assessment-irrelevant regions, thereby providing limited
guidance for determining practical equivalence.

This observation motivates the binning-based statistics introduced below.
By decomposing a metric’s distribution into localized, interpretable regions and
scaling deviations according to their relevance to the intended assessment, the
proposed approach makes explicit the value judgments that conventional global
summaries and data-driven distance statistics leave implicit—namely, which
parts of the distribution are considered more consequential for the assessment
objective. This structured decomposition links deviations to specific regions
and their assessment relevance, enabling transparent alignment between em-
pirical discrepancies and assessment intent while retaining robustness through
controlled bin-level aggregation.

Importantly, the framework applies two generic, metric-independent binning-
based statistics together with two corresponding ROPEs uniformly across all
metrics. Assessment specificity is introduced through the design of the binning
scheme and its associated bin weights, which determine how localized deviations
contribute to the overall equivalence assessment. This separation between
what is compared (the generic statistics) and how assessment priorities are
expressed (the binning and weighting design) enhances both interpretability
and consistency across metrics.

The design presented in Paper IV, therefore, strikes a balance between
flexibility and standardization. It avoids reliance on opaque, single-number
discrepancy measures while eliminating the need to redefine statistics and
equivalence criteria for each metric. The following sections describe the binning
procedure, the construction of the two statistics, and the corresponding ROPE
design in detail.

Binning procedure

Binning is performed based on the fitted Bayesian reference distribution model
for a given metric, rather than directly on the raw reference data. This choice
propagates uncertainty in the reference distribution and avoids sensitivity to
sampling noise. Specifically, for each paired posterior draw from the Bayesian
models fitted to the reference and synthetic datasets, the posterior predictive
sample from the reference model is partitioned into N bins defined by quantiles,
so that each bin contains approximately the same proportion of the posterior
predictive probability. The resulting bin boundaries are then applied unchanged
to the paired posterior sample from the synthetic model. This procedure
ensures that binning reflects the posterior-implied reference distribution and
that uncertainty in both the reference and synthetic distributions is consistently
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propagated into the binning-based statistics.

Figure 2.10: Illustration of the binning procedure for a single metric with N = 5.
Bin boundaries (dashed lines) are defined by equal-probability partitioning of
the reference posterior distribution. Blue and orange percentages denote the
posterior bin probabilities Pref,i and Psyn,i, respectively.

Figure 2.10 illustrates this procedure for a single metric. Applying these
boundaries to the synthetic distribution yields paired bin proportions that
enable a direct, one-to-one comparison between the two distributions. For
each posterior draw, the reference distribution is re-partitioned in this manner,
and the resulting bin boundaries are used to compute the bin probabilities.
Note that although the bins contain equal probability mass for the reference
distribution (e.g., 20% per bin in Fig. 2.10), the corresponding bin proportions
for the synthetic distribution may differ, revealing localized over- or under-
representation across the metric’s range.

Statistics

Let Pref,i and Psyn,i denote the proportions of posterior samples falling into
the i-th bin for the reference and synthetic data, respectively, and define the
bin-level proportion difference as

∆Pi = Psyn,i − Pref,i.

Because both the bin boundaries and the resulting bin probabilities are recom-
puted for each posterior draw, ∆Pi is inherently stochastic, and its uncertainty
is fully reflected in the posterior distributions of the derived equivalence stat-
istics.

Not all bins are equally relevant for a given SIA. The practical relevance
of each bin depends on the specific assessment objective. To capture this
heterogeneity, bin weights (further described in Section 2.3 of Paper IV) are
introduced. The bin weights are determined empirically by linking deviations
in each bin to their potential impact on downstream assessment outcomes. The
steps involved in this empirical approach are as follows:

1. Re-simulate the reference scenarios under a virtual representation of the
DAS.
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2. Identify a set of re-simulation outcome measures most relevant to the
assessment purpose (e.g., residual impact speed or injury risk).

3. Define a weight function f(·) that maps these outcome measures to a
bin weight given the binning done for each posterior draw of the fitted
reference model,

ωi = f(Xi),

where Xi denotes the identified set of assessment-relevant outcome meas-
ures associated with the i-th bin.

As with the bin boundaries, the bin weights are recalculated for each posterior
draw, ensuring that uncertainty in the system response and in the assessment’s
relevance is propagated into the equivalence statistics.

Building on the bin-level deviations and weights, the two statistics are
defined as

θ = max
1≤i≤N

(∣∣∣∣ ∆Pi

Pref,i

∣∣∣∣ · ωi

)
, (2.1)

and

Θ =

N∑
i=1

|∆Pi| · ωi. (2.2)

Here, θ captures the maximum weighted absolute relative deviation across bins,
providing a worst-case localized perspective on practical difference, while Θ
captures the total weighted absolute deviation, providing an aggregate measure
of distributional discrepancy.

Crucially, the bin boundaries and bin weights are intrinsic components of
the definitions of θ and Θ. Because both are recomputed for each posterior draw
based on the posterior-implied reference distribution, the resulting posterior
distributions of θ and Θ fully reflect uncertainty in the underlying distributions,
the binning process, and the assessment-relevant weighting.

ROPEs

ROPEs are defined on the statistics θ and Θ. The common thresholds θthd and
Θthd can be applied across metrics because, although the bins are partitioned
separately according to the posterior-implied reference distribution of each
metric, the bin weights are consistently determined by the same weight function
that links statistical differences to practical influence. This consistency ensures
the comparability of the two statistics across metrics.

Additionally, a practical rule for setting ROPEs is proposed (see Section 3.4
of Paper IV), which specifies tolerances for a baseline bin and derives ROPE
thresholds from them. A baseline bin—defined as the bin assigned a standard
weight of ωb = 1—serves as a reference point for interpreting deviations; its
weight reflects neither amplification nor attenuation of the practical relevance.

For the baseline bin, the user should first interpret what this condition
represents in practical terms under the chosen bin-weight function, ensuring
that any specified tolerance is meaningful within the assessment context. The
next step is to decide the acceptable range of deviations—namely, the absolute
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relative deviation |∆P/Pref | and the absolute deviation |∆P | (based on the
definitions of θ and Θ)—that should be regarded as practically equivalent for
the baseline bin. The tolerances are denoted as |∆P/Pref |thd and |∆P |thd.

Specifically, in the demonstration presented in Section 3 of Paper IV, the
baseline bin corresponds to an average baseline Maximum Abbreviated Injury
Scale (MAIS) 2+ injury risk P0 = 0.02. We considered the bin’s tolerances
as |∆P/Pref |thd = 10% and |∆P |thd = 5%. This means that, for the baseline
condition with an expected injury risk of P0 = 0.02, differences within ±10% in
relative and ±5% in absolute terms are regarded as practically negligible–i.e.,
deviations too small to materially influence the estimated safety outcomes.

These baseline tolerances are then used to derive the ROPE thresholds for
the aggregated statistics θ and Θ (i.e., θthd and Θthd):

θthd = |∆P/Pref |thd · ωb = |∆P/Pref |thd , (2.3)

Θthd = |∆P |thd · ωb = |∆P |thd . (2.4)

In the mentioned demonstration, the ROPE thresholds are thus θthd = 0.10
and Θthd = 0.05. A 10% localized deviation tolerance ensures sensitivity
to meaningful discrepancies in critical bins, while a 5% aggregate tolerance
maintains a conservative standard for overall equivalence [53]. This balance
follows the general principle that ROPE boundaries should be defined based on
domain-relevant effect sizes—that is, differences deemed practically negligible
for the assessment purpose, rather than on arbitrary statistical thresholds
[119, 56, 53].

Because bin weights scale deviations according to their practical relevance,
the resulting ROPEs consistently reflect both the magnitude of distributional
differences and their assessment-specific importance. This approach provides a
transparent and interpretable mechanism for defining ROPEs while maintaining
comparability across metrics and assessment objectives.

Diagnostic capability

Beyond producing an overall equivalence judgment, the binning-based statistics
are designed to support method development and refinement by providing
structured diagnostic insight. By decomposing distributional differences into
bin-level deviations and their weighted contributions, the framework reveals
where discrepancies arise within a metric’s distribution and how they con-
tribute to non-equivalence. This enables a clear distinction between localized
mismatches in specific regimes (e.g., extreme or rare conditions) and more
diffuse shifts affecting broader portions of the distribution.

Conventional statistics, such as the KS statistic, offer only limited local-
ization by identifying the point at which the maximum difference between
cumulative distributions occurs. However, such measures reduce distributional
differences to a single extreme deviation and provide no insight into why
non-equivalence arises—whether it is driven by a narrow region, by several
moderate deviations dispersed across the distribution, or by systematic shifts in
assessment-relevant regimes. In contrast, the binning-based approach provides
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a richer diagnostic decomposition by quantifying deviations across predefined
regions of the metric space and explicitly linking them to assessment-oriented
weighting schemes.

Such diagnostic capability is particularly valuable for the iterative develop-
ment of scenario generation, weighting, and modeling strategies, as it allows
specific sources of representativeness loss to be identified and addressed rather
than being obscured by aggregate summary measures. In this sense, validation
is not treated as a terminal pass/fail check, but as an integral component of
a feedback loop that informs systematic improvement of synthetic scenario
generation methods.



Chapter 3

Summary of Included Papers

3.1 Paper I

Modeling lead-vehicle kinematics for rear-end crash scen-
ario generation

Introduction

The use of virtual safety assessment as the primary method for evaluating DAS
has emphasized the importance of crash scenario generation. One of the most
common types of crashes is the rear-end crash, which involves a lead vehicle
and a following vehicle. Most studies have focused on the following vehicle,
assuming that the lead vehicle maintains a constant acceleration/deceleration
before the crash. However, there is no evidence for this premise in the literature.
This study aims to address this knowledge gap by thoroughly analyzing and
modeling the lead vehicle’s behavior as a first step in generating rear-end crash
scenarios.

Methods

A piecewise linear model was employed to represent the lead-vehicle speed
profile during the pre-crash phase, offering a more accurate digital represent-
ation of the lead-vehicle kinematics compared to the conventional constant
acceleration/deceleration model. Two datasets were combined to produce a
comprehensive dataset of rear-end critical incidents (crashes/near-crashes) that
captures the full severity range, from physical contact to severe injuries or fatal-
ities. Multivariate distribution models were constructed to generate synthetic
lead-vehicle speed profiles, which were compared with the raw speed profiles.

Results

The results show that the piecewise linear model has good fitting performance.
The raw and synthetic incidents display a notable alignment. Moreover, a
range of different lead-vehicle speed patterns was revealed, indicating that

39
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the proposed piecewise linear model is more accurate than the conventional
constant acceleration/deceleration model. For example, the lead vehicle could
exhibit harsh braking followed by gentle braking or even acceleration; however,
it does not necessarily brake harshly. In fact, in many cases, the lead vehicle
maintains a constant speed or remains stationary for a considerable time (up
to five seconds) prior to the crash.

Conclusions

The proposed lead-vehicle kinematics model accurately matches lead-vehicle
kinematics from in-depth pre-crash/near-crash data across the full severity
range, outperforming previously existing lead-vehicle models in terms of both
severity range and precision. Furthermore, in addition to generating simulated
rear-end crash scenarios, this model has the potential to aid substantially
in the reconstruction of individual real-world crashes. That is, the model
provides a means of generating a distribution of realistic speed profiles during
the reconstruction process, rather than generating only a single speed profile.
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3.2 Paper II

Model-based generation of representative rear-end crash
scenarios across the full severity range using pre-crash data

Introduction

Generating representative rear-end pre-crash scenarios is crucial for the SIAs
of DAS. However, existing methods face challenges such as sparse, severity-
biased pre-crash data and difficulties in formal validation. This study sought
to overcome these challenges by combining naturalistic driving data and pre-
crash kinematics data from rear-end pre-crashes to create a representative
distribution of rear-end pre-crash scenarios in the United States. The resulting
distribution can be used not only for the SIAs of DAS, but also as a benchmark
when evaluating the representativeness of scenarios generated through other
methods.

Methods

The process of generating synthetic rear-end pre-crash scenarios consists of
three steps: 1) parameterizing the rear-end pre-crashes through modeling the
two involved vehicles, 2) building distribution models for the parameterized
crash data, and 3) generating representative synthetic crash scenarios.

In the first step, a following-vehicle behavior model was developed by
combining two existing driver models. A twelve-dimensional vector representing
the kinematics of the pre-crash phase of a rear-end pre-crash was then created
by combining the newly created model with the lead-vehicle kinematics model
from a previous study and the initial states of rear-end crash scenarios.

In the second step, parameterized pre-crash data from multiple pre-crash
datasets were combined and weighted to create a reference dataset of the initial
states and minimum fitted accelerations of both vehicles (REF_b). A synthetic
dataset containing these data (REF_sb) was then created by sampling from
the distribution model built for REF_b.

Lastly, simulations were conducted using the following-vehicle behavior
model and two synthetic datasets, REF_sb and REF_sl. (The latter is a
representative synthetic rear-end pre-crash lead-vehicle speed profile dataset
created in a previous study.) Valid simulations were gathered and weighted
using an IPF-based weighting procedure to create a representative synthetic
rear-end pre-crash dataset.

Results

Sixty-one weighted two-sample KS tests were conducted to compare the syn-
thetic dataset with reference datasets. The only two showed a significant
difference, because the following vehicle’s acceleration model could not imitate
aggressive acceleration in certain situations. Comparing the weighted datasets
for ∆vl showed no significant differences.
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Conclusions

None of the available pre-crash datasets in this study contains all the necessary
signals or is free of significant bias; these issues are commonly encountered
in data-driven studies. To resolve them, we proposed a set of methods to
combine and weight data from multiple pre-crash datasets. These methods
create a reference dataset of the initial states and minimum accelerations of
the following and lead vehicles across the full severity range. Moreover, the
data were weighted to match a reference dataset using the KNN-based sample
weighting method, thereby reducing bias. This weighting method is particularly
noteworthy because, unlike conventional post-stratification methods, it can be
used to weight biased data to match a reference dataset even when some strata
are omitted. The data combination methods we propose can also be applied to
other situations with biased datasets and/or incomplete signals that require a
multivariate joint distribution.

In addition, the representative rear-end pre-crash dataset created can be
used for the safety assessments of DAS, as well as serving as a benchmark
when evaluating the representativeness of scenarios generated through other
methods.
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3.3 Paper III

Practical equivalence testing and its application in syn-
thetic pre-crash scenario validation

Introduction

Reliable SIAs of DAS require baseline pre-crash scenarios that accurately
represent real-world crash conditions. However, a gap remains in the robust
evaluation of the similarity between synthetic and real-world pre-crash scenarios
and their crash characteristics, such as Delta-v and injury risk. One reason
for this validation gap is the lack of focus on methods to confirm that the
synthetic test scenarios are practically equivalent (or "similar enough") to
their real-world counterparts for the intended assessment purpose. Existing
validation practices rely heavily on statistical significance testing, which can
detect differences but cannot establish equivalence. This study addresses the
validation gap by proposing a practical equivalence testing framework based
on ROPE, which is demonstrated through the testing of practical equivalence
between two rear-end pre-crash datasets.

Methods

The proposed ROPE-based framework aims to assess whether a synthetic
pre-crash dataset is practically equivalent to a reference dataset in terms of
scenario metrics relevant for SIA. Specifically, it consists of four steps: 1)
metric selection and extraction, 2) statistics and equivalence criteria definitions,
3) Bayesian inference and equivalence evaluations, and 4) overall equivalence
assessment.

In the first step, metrics most relevant to the intended assessment are
selected and extracted from both datasets. Because pre-crash data consist
of multivariate time-series signals, the analysis focuses on derived metrics—
such as crash severity indicators, temporal criticality measures, and braking
behavior—that capture how the scenarios influence the performance of the
system under assessment.

In the second step, for each metric, at least one statistic (e.g., mean differ-
ences, KS statistics, or ratios of high-risk scenarios) is defined, together with
practical equivalence criteria. These criteria are specified through ROPEs and
a posterior probability threshold (typically 95%), ensuring that equivalence is
judged based on differences that are practically negligible within the assessment
scope.

In the third step, for each metric, a set of Bayesian distribution models (e.g.,
exponential, normal, log-normal, gamma, or mixture models) is chosen based
on expert judgment. The models are separately fitted to the reference and
synthetic data. Posterior samples of each statistic are then computed based on
the selected optimal model, and practical equivalence is established if the 95%
highest-density interval of the statistic lies entirely within its ROPE.

Finally, in the fourth step, the results across all metrics are integrated into
an overall equivalence assessment following predefined decision rules. In general,
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two datasets are considered practically equivalent if all metrics individually
demonstrate equivalence. However, in practice, a less stringent approach may be
justified. Regardless of the approach taken, it is essential that the rationale for
declaring equivalence or non-equivalence is thoroughly documented, including
the motivations behind the selection of metrics, statistics, ROPEs, and the
overall equivalence criteria.

Results

The proposed framework was demonstrated by comparing two rear-end pre-
crash datasets: a reference dataset consisting of 5,000 scenarios and the GIDAS-
PCM dataset, which furnished 866 reconstructed pre-crash cases. A conven-
tional two-sample KS significance test was also conducted on the datasets.

Four general metrics were selected for evaluation: the lead-vehicle Delta-v,
the no-return time (which indicates temporal criticality), and the minimum
accelerations of both the lead and following vehicles. The equivalence test
results indicated that only one metric, the lead-vehicle minimum acceleration,
satisfied all practical equivalence criteria. In contrast, all significance tests,
except for the one concerning the lead-vehicle Delta-v, revealed a statistically
significant difference at the 0.05 significance level.

The comparison between the equivalence and significance testing results
reveals no clear connection: a statistically non-significant difference does not
imply practical equivalence, while a statistically significant difference may still
be practically negligible. This finding highlights the limitations of significance
testing in the context of scenario validation.

Conclusions

This study introduces a structured, transparent Bayesian ROPE-based frame-
work for validating synthetic pre-crash scenarios against real-world data. Unlike
significance testing, the method explicitly evaluates the practical similarity of
assessment-relevant metrics and accommodates complex distributional shapes
through flexible Bayesian modeling.

Although demonstrated for rear-end crashes, the approach is general and
can be applied to other scenario types and validation tasks. It is an important
initial step toward a systematic, transparent practical equivalence test between
synthetic and real-world pre-crash datasets. The method provides practitioners
with a systematic, rigorous tool for validating synthetic scenario generation
processes by clearly quantifying similarities and discrepancies between synthetic
and real-world datasets. It enables the targeted identification of aspects that
need refinement, thereby guiding iterative improvements in scenario realism
and representativeness.
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3.4 Paper IV

Practical validation of synthetic pre-crash scenarios

Introduction

Building on the ROPE-based practical equivalence testing framework intro-
duced in Paper III, this study addresses a key remaining challenge: how to
define assessment-relevant statistics and equivalence criteria in a transparent,
interpretable, and practically applicable manner. While the framework in
Paper III establishes whether equivalence can be tested, its application in
practice requires concrete guidance on what should be compared and how to
set equivalence bounds.

This paper proposes and demonstrates practical guidelines for designing
statistics and ROPEs for synthetic pre-crash scenario validation. Specifically, it
introduces binning-based statistics that balance robustness and interpretability,
a weighting mechanism that links distributional deviations to assessment rel-
evance, and a pragmatic procedure for setting ROPEs based on interpretable
baseline conditions. Together, these contributions extend equivalence testing
beyond a binary decision and provide diagnostic insight into where and why
synthetic scenarios deviate from real-world data in ways that matter for SIA.

Methods

The proposed validation framework builds on the ROPE-based equivalence
testing methodology introduced in Paper III and introduces a novel binning-
based approach that facilitates the design of appropriate statistics and the
setting of ROPE thresholds in a transparent and interpretable manner.

For each metric, Bayesian distribution models are fitted separately to the
reference and synthetic datasets. Posterior samples drawn from the reference
distribution are partitioned into bins with approximately equal posterior mass,
and the same bin boundaries are applied to the synthetic distribution.

However, not all bin groups are equally relevant for the intended SIA. The
practical relevance of each bin depends on the specific objective of the assess-
ment; consequently, bin weights are introduced to reflect the heterogeneous
practical relevance of different regions of a metric’s distribution. An empir-
ical procedure is proposed which determines these weights by re-simulating
reference scenarios with a virtual representation of the system under assess-
ment and linking bin-level deviations to assessment-relevant outcome measures,
such as residual impact speed or injury risk. Based on the resulting bin-level
proportions and the bin weights, two complementary statistics are defined: a
worst-case statistic that captures the maximum weighted relative deviation
across bins, and an aggregate statistic that captures the total weighted absolute
deviation. Practical equivalence criteria are then defined by applying ROPEs to
the aggregated statistics, with thresholds derived from the tolerances specified
for a baseline bin.
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Results

The framework was demonstrated by comparing a reference and two synthetic
rear-end pre-crash datasets for the SIA of a given AEB system. The results
show that binning-based statistics enable clear differentiation between localized
worst-case deviations and more diffuse distributional shifts, providing insights
unavailable from conventional significance tests or global distance measures.

The ROPE-based evaluation revealed cases in which statistically significant
differences were practically negligible, as well as cases where non-equivalence
was driven by deviations in assessment-relevant regions of the distribution.
The diagnostic analysis further identified which bins contributed most to
non-equivalence and how these discrepancies related to system performance
outcomes, illustrating the value of the proposed weighting and binning strategy.

Conclusions

This study presents a practical and assessment-oriented framework for validating
the representativeness of synthetic pre-crash scenarios. By combining Bayesian
modeling, binning-based statistics, empirically grounded bin weights, and
ROPE-based equivalence testing, the framework bridges the gap between
purely statistical comparisons and practically meaningful validation.

Beyond supporting binary equivalence decisions, the proposed approach
provides diagnostic insight into where and why synthetic scenarios deviate from
reference data, enabling targeted refinement of scenario generation methods.
Although demonstrated for rear-end crashes, the framework is general and can
be applied to other scenario types and validation tasks involving the use of
synthetic pre-crash scenarios in SIA.



Chapter 4

Discussion

This chapter focuses on how the proposed methods collectively advance the
virtual SIAs of DAS and how they inform assessment-oriented thinking about
the concept and validation of representativeness. A central theme is that the
use and interpretation of pre-crash scenarios in SIA involve not only model-
ing and simulation choices, but also fundamental assessment design decisions.
Choices regarding the construction of reference data, the generation of syn-
thetic scenarios, and the evaluation of representativeness all shape the validity,
transparency, and interpretability of assessment outcomes. Accordingly, these
choices are treated in this thesis as integral components of the methodological
framework rather than as secondary implementation details.

The chapter is structured in four main parts. Section 4.1 discusses the three
main methodological contributions of the thesis and their implications for SIA.
Section 4.2 then examines several key assessment design considerations for SIA.
Finally, Section 4.3 reflects on limitations and Section 4.4 outlines directions
for future work.

4.1 Main contributions and their implications
The main contributions of this thesis consist of three tightly connected aspects
of virtual SIA: the establishment of reference pre-crash datasets, the generation
of synthetic pre-crash scenarios that are statistically consistent with those
datasets, and the validation of representativeness through assessment-oriented
equivalence testing. Together, these contributions form a coherent method-
ological framework that explicitly links empirical data, synthetic scenario
populations, and validation criteria.

Rather than proposing isolated modeling, generation, or validation tech-
niques, the thesis advances an integrated, assessment-oriented perspective in
which representativeness, plausibility, and decision relevance are treated as inter-
dependent design considerations. This proposal addresses the three objectives
defined in Section 1.4 and reflects a shift away from descriptive or difference-
oriented analyses toward methodologies that explicitly support population-level
reasoning and acceptance decisions when using synthetic scenarios for SIA.

47
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4.1.1 Establishing reference pre-crash datasets as an ex-
plicit methodological construct

The first major contribution is the explicit treatment of reference pre-crash
datasets as a distinct methodological construct for generating and validating
synthetic pre-crash scenarios used in SIA. In much of the existing literature [65,
28, 124], empirical pre-crash data are used implicitly—either as direct inputs to
simulation or as limited validation examples—without a clear definition of what
constitutes an appropriate reference for assessment purposes. Traffic-simulation-
based approaches [47, 48] often rely on behavioral models calibrated to sparse
or indirect data, while IDC-based approaches [42, 23] typically depend on single
data sources that lack exposure information and are biased toward particular
severity ranges. As discussed in Papers I and II, these practices complicate
representativeness claims and weaken the empirical basis of prospective safety
assessment. To address this issue, the present work formalizes the establishment
of reference pre-crash datasets as a prerequisite for both scenario generation
and validation, with two key components.

The first is model-based parameterization of pre-crash data. As mentioned
in Section 2.2.1, parameterization is a simplification process necessitated by
the complexity of multivariate pre-crash time-series data and the limited size
of available empirical datasets. These constraints preclude the direct use of
data-hungry machine learning approaches for trajectory generation and instead
motivate a structured representation of pre-crash behavior. While many forms
of parameterization are possible, the choice among them can affect the results
and should be guided by the purpose of the analysis. Importantly, for the
purposes of SIA, parameterization should not focus solely on static states at
the moment of impact, such as crash configurations [52, 40], but should also
capture the evolution of dynamics during the pre-crash phase. The pre-crash
phase is where driver assistance systems operate and exert their influence, while
impact states and outcomes remain essential for defining assessment endpoints.

This thesis adopted a behavior- and kinematics-based parameterization of
the rear-end pre-crash scenario, in which such a scenario is distilled into a finite
set of parameters that describe the relative motion and behavioral relationships
between the involved road users. This representation mostly captures the
essential dynamics of the scenario while abstracting away largely unnecessary
temporal detail. By capturing pre-crash dynamics while preserving the inform-
ation required to derive impact conditions, the adopted parameterization aligns
the construction of reference datasets with both the behavior of DAS during
the pre-crash phase and outcome-based scenario evaluation.

Within this parameterization framework, two vehicle behavior models were
utilized to characterize pre-crash dynamics. Unlike typical models used in
traffic simulations, which are predominantly calibrated on normal driving
data [80, 48], these two models were specifically developed from empirical
pre-crash data. For the lead vehicle, a kinematics model derived from pre-
crash data captures empirically observed diverse speed-change patterns that
are not adequately represented by commonly used constant-acceleration or
constant-deceleration assumptions [85, 86, 87]. For the following vehicle, a
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behavior model tailored to the pre-crash phase combines a conventional car-
following model with a pre-crash driver brake-response model, while additionally
accounting for abnormal acceleration behavior observed in a non-negligible
fraction of rear-end pre-crashes but not represented by the brake-response
model (Section 2.3.1). Grounding both models in pre-crash observations rather
than nominal driving data means that the parameterization better reflects the
behavioral regimes critical to safety assessment.

The other component of this contribution is the data combination and
sample weighting methods used to construct reference datasets. Given the
inherent limitations and biases of individual empirical pre-crash data sources,
this thesis adopted a principled approach to integrating data from multiple
sources to better represent the intended evaluation domain. Sample weighting
strategies were used to account for differences in sampling mechanisms, coverage,
and scenario prevalence, allowing the influence of each data source to be adjusted
without assuming that any single dataset constitutes a complete or unbiased
reference.

Importantly, these data combination and weighting methods are formulated
in a general manner and are not tied to the specific datasets used in this thesis.
These methods can be applied broadly in situations where a joint multivariate
reference dataset is required but only biased or partially observed datasets are
available. This generality facilitates the reuse of the methodology in other SIA
studies and supports transparent documentation of how reference datasets are
constructed and justified.

Taken together, these two components highlight that establishing reference
pre-crash datasets is a non-trivial task that involves balancing behavioral
fidelity, data availability, and analytical tractability. By making both the
parameterization and data integration steps explicit, this contribution provides
a structured basis for constructing reference datasets that are aligned with the
objectives of scenario-based safety assessment, rather than treating reference
data as fixed or self-evident inputs.

An important implication of this contribution is that it provides a gen-
eralizable way of conceptualizing reference pre-crash datasets, rather than a
dataset- or model-specific solution. Researchers and practitioners can adopt
the proposed approach by first making explicit the purpose of their assessment
and then selecting or constructing a parameterization that captures the aspects
of pre-crash dynamics most relevant to that purpose. In this sense, the models
developed in this thesis should be viewed as instantiations of a broader prin-
ciple, demonstrating how pre-crash behavior can be represented in a compact,
interpretable manner under practical data constraints.

In practice, however, the construction of reference datasets is highly depend-
ent on the available data sources and their limitations. Combining empirical
data from different sources often involves handling incomplete variable coverage,
heterogeneous sampling mechanisms, and multiple forms of bias, making data
integration non-trivial. Even when this process is undertaken, it is both possible
and likely that the resulting reference dataset will cover only a subset of the
parameters desired for a given assessment. The proposed methodology accom-
modates this reality by allowing reference datasets to be explicitly defined
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and documented at varying levels of completeness, supporting transparent
comparisons across studies and clarifying how reference definitions depend on
data availability, system design, and assessment objectives.

4.1.2 Generating representative synthetic pre-crash scen-
arios from reference distributions

The second major contribution concerns the generation of synthetic pre-crash
scenarios that are both plausible at the individual level and representative
at the population level. While individual scenario realism is necessary, it is
insufficient for SIA, since conclusions are drawn from aggregated outcomes
across large sets of scenarios. In this context, it is necessary not only to generate
realistic-looking trajectories but also to ensure that the generated scenarios
collectively reflect the behavioral and kinematic characteristics of the reference
population relevant to the intended assessment. The three key components of
this contribution are listed below.

The first is the parametric multivariate distribution modeling method
developed to represent reference pre-crash datasets under practical data con-
straints. As mentioned in Section 2.3.1, empirical pre-crash datasets are
typically limited in size, with some parameters sparsely represented. Non-
etheless, it is crucial to interpret the distribution models and understand the
correlations among parameters, as these correlations have physical meaning and
directly influence the generated scenario populations. Interpretable depend-
encies support transparency and confidence in assessment results by linking
statistical structure to underlying pre-crash dynamics. Under these conditions,
direct empirical modeling approaches, such as kernel density estimation [104], or
data-intensive generative methods, such as copula-based models [103], become
less suitable, as they tend to require dense data coverage to produce stable
estimates and often provide limited interpretive insights [106, 107, 101].

In contrast, the proposed method provides a controlled and interpretable
way to represent the reference population while explicitly accounting for data
sparsity. By retaining marginal distributions and linear dependencies between
parameters, the resulting models capture key population-level structure ob-
served in the data without relying on high-dimensional density estimation. An
important aspect of this approach is the use of sub-datasets to reflect hetero-
geneity in pre-crash conditions. Rather than forcing a single global model to
represent all scenarios, the data are partitioned into subsets corresponding to
distinct behavior patterns, allowing simpler distribution models to be applied.

This distribution modeling approach can be adapted to other pre-crash
scenarios, as well as to analyses that require a reference distribution model when
only a relatively limited dataset is available but the underlying distribution
is reasonably understood. For example, in the case of intersection pre-crash
scenarios, separate sub-datasets could be constructed for different conflict
types, such as crossing, turning, or merging. The corresponding distribution
models would then focus on variables relevant to the interaction type (such
as approach speeds, relative arrival times, gap acceptance measures, or accel-
eration responses) while preserving interpretable dependencies between them.
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Such an approach allows intersection-specific dynamics to be represented in a
structured manner, while acknowledging that the resulting reference models
remain conditional on the available data and the chosen stratification (this
issue is revisited in the discussion of limitations).

The second key component of this contribution is the model-based scenario
generation with statistical alignment to the reference distributions. In this
thesis, scenario generation is not treated as a purely kinematic sampling
problem, but as a behaviorally constrained process grounded in the models
used for parameterization. The use of explicit vehicle behavior models ensures
the individual-level plausibility of the generated scenarios, as the temporal
evolution of vehicle behavior is governed by empirically derived behavioral
dynamics.

At the same time, statistical alignment with the constructed reference
distributions aims to achieve population-level statistical consistency with the
reference data. This distinction highlights an important methodological point:
individual-level plausibility does not automatically imply that a set of scenarios
is suitable for population-level analysis (e.g., SIA). By separating the roles
of behavioral modeling and distributional alignment, this component enables
explicit reasoning about how individual scenarios contribute to the properties
of the generated dataset as a whole.

From an SIA perspective, this framing supports analyses that depend on
aggregated outcomes across large scenario sets, where biases in scenario compos-
ition can lead to systematic distortions even if individual cases appear realistic.
The proposed combination of model-based generation and statistical alignment,
therefore, provides a structured way to balance behavioral plausibility at the
scenario level with statistical consistency at the dataset level, aligning the
generation process with the population-oriented nature of SIA.

The third component is the constructed representative synthetic rear-end
pre-crash dataset and its role within the overall assessment workflow. Rather
than serving solely as a static validation benchmark, the synthetic dataset
should be treated as an operational reference that supports multiple stages of
SIA. For instance, from an application perspective, the dataset can be used
directly for the SIAs of specific DAS.

Beyond direct evaluation, the dataset also provides a meaningful bench-
mark for examining the outputs of alternative scenario generation approaches,
including those based on traffic simulation or machine learning. Comparing the
statistical properties of externally generated scenarios with those of this dataset
makes it possible to identify systematic deviations and better understand the
limitations and biases associated with different scenario generation methods.
Note that, as demonstrated in Papers III and IV, the synthetic dataset was
used not only as a reference in the equivalence testing but also as a reference for
adapting existing data sources to the intended assessment context. In particu-
lar, it served as the basis for practical equivalence testing and for reweighting
an existing dataset (i.e., the GIDAS-PCM dataset) so that its population-level
characteristics are statistically consistent with the reference dataset. Thus,
a synthetic reference dataset can support both evaluation and data harmon-
ization, reinforcing its role as an integral component of assessment-oriented
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analysis rather than a standalone artifact.
Taken together, these three components illustrate the potential benefits

of transforming how synthetic pre-crash scenarios are constructed and used
for SIA. Rather than treating scenario generation, validation, and dataset
preparation as separate or sequential steps, this contribution emphasizes their
interdependence through a common reference defined at the population level.
By grounding generation and downstream use in explicitly modeled reference
distributions, the framework maintains a clear connection between individual
scenario dynamics and the statistical properties of the scenario set as a whole.

An important implication of this contribution is that it provides a structured
way to handle synthetic scenarios as population-level artifacts, rather than as
isolated test cases. Researchers and practitioners can adopt this perspective by
first defining reference distributions aligned with their assessment objectives,
and then using model-based generation and statistical alignment to construct
scenario sets consistent with those references. Doing so supports analyses
in which conclusions depend on aggregate outcomes, such as changes in risk
measures or performance distributions, rather than on the behavior observed
in a small number of selected scenarios.

4.1.3 Reframing representativeness validation as practical
equivalence testing

The third major contribution of this thesis is the reframing of representative-
ness validation as a problem of practical equivalence rather than difference
detection. As noted in Section 1.3.2, validation practices in the existing liter-
ature predominantly rely on descriptive summaries, visual inspection, and/or
difference-oriented statistical tests [57, 40, 58]. While effective at identify-
ing discrepancies, such approaches provide limited guidance on whether the
observed differences are practically negligible or consequential for a given SIA.

The first key component of this contribution is the adoption of ROPE-
based equivalence testing as a principled validation framework for the pre-crash
scenarios used in SIA. Instead of testing whether synthetic and reference data are
significantly different, the ROPE-based approach explicitly evaluates whether
observed differences fall within a region of practical equivalence defined by the
assessment objective. This shift reframes validation away from individual-level
plausibility checking toward population-level assessment, aligning it with the
decision-oriented nature of SIA, where the central question is whether remaining
discrepancies are small enough to permit meaningful population-level inference.

The second key component concerns the use of binning-based statistics
with diagnostic capability. By partitioning the reference distribution into
quantile-based bins, the proposed statistics enable the localized assessment
of equivalence across different regions of the distribution. As mentioned in
Section 2.4.5, the binning-based approach provides a structured decomposition
of discrepancies, in contrast to conventional global summary measures (such as
mean differences, aggregate distance metrics, or the KS statistic), which con-
dense distributional differences into a single scalar value. Although additional
information (such as the location of the maximum deviation in the KS statistic)
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can be reported, these measures do not provide a systematic regional break-
down that supports diagnostic insight. This approach instead identifies which
regions contribute to non-equivalence and distinguish between isolated extreme
deviations and broader, systematic differences affecting multiple regions. This
level of diagnostic resolution is particularly important in assessment contexts,
such as SIA and model validation; understanding the sources and structure of
discrepancies complements the interpretation of overall outcomes and supports
informed decisions about model adequacy and applicability.

The third key component is the design of assessment-oriented bin weighting
schemes and ROPE definitions. Rather than treating all regions of the distribu-
tion equally, the proposed framework weights bins according to their practical
relevance to the intended assessment, so that the resulting weighted statist-
ics quantify practical differences between datasets in an assessment-relevant
manner. Since the same bin-weight function is applied to all metrics, the
connection between statistical deviations and their practical implications is
defined consistently. This consistency allows common ROPE thresholds to
be applied across metrics, providing a unified criterion for determining what
constitutes an acceptable magnitude of practical difference in the assessment
context. These design choices make explicit the link between validation criteria
and assessment objectives, rather than embedding such priorities implicitly in
generic statistical tests.

Taken together, these components position representativeness validation
as a structured inferential task that is explicitly aligned with the objectives
of SIA. An important implication is that the representativeness of synthetic
pre-crash scenarios used in SIA is inherently assessment-dependent. Synthetic
pre-crash scenarios should therefore be evaluated as fit-for-purpose rather than
representative in an absolute or context-free sense. Their adequacy depends
on the specific DAS under evaluation, the metrics of interest, and the decision
context in which the assessment is conducted.

Recognizing representativeness as assessment-dependent has important
consequences for validation practice. If representativeness depends on the
intended assessment, then validation criteria must also be defined with respect
to that assessment and its practical tolerances. Difference-oriented approaches,
such as statistical significance testing or generic goodness-of-fit measures,
provide limited guidance for acceptance decisions because their thresholds are
defined in terms of statistical discernibility rather than the practical relevance
of differences for the assessment. As demonstrated in Papers III and IV, this
mismatch can lead to misleading conclusions: non-significant differences do not
imply practical equivalence, while statistically significant differences may still
be negligible for the intended safety assessment. By reframing validation as
a question of practical equivalence, this thesis aligns validation more closely
with the logic of safety argumentation [125, 126], where the emphasis is on
acceptable tolerances defined in advance rather than on the detectability of
differences.

More broadly, this contribution highlights that validation of synthetic pre-
crash scenarios used in SIA is not a purely technical exercise but an integral part
of methodological design. Metrics selection, binning strategy, bin weighting, and
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equivalence criteria implicitly encode assumptions about which discrepancies
matter for the assessment at hand. By making these choices explicit through
ROPE-based equivalence testing with diagnostic binning, the validation process
becomes transparent and aligned with the population-level reasoning used to
construct reference datasets and generate synthetic scenarios.

From a practical and regulatory perspective, this integrated view of valida-
tion supports more consistent, defensible acceptance decisions across datasets
and scenario generation methods. Extending beyond binary pass/fail judg-
ments, the proposed framework provides diagnostic insight into how and why
the synthetic dataset deviates from the reference dataset, revealing whether
non-equivalence is driven by, for example, rare but safety-critical conditions,
systematic shifts in common scenarios, or specific behavioral regimes. This
diagnostic capability supports the targeted refinement of scenario generation
methods and facilitates constructive dialogue among developers, researchers,
and regulators, reinforcing the role of validation as a decision-support mechan-
ism within SIA rather than an end in itself.

Additionally, the proposed validation framework is inherently generic and
can be readily extended to contexts beyond the specific case studies in this thesis,
such as model validation in traffic flow simulation, comparative evaluation of
behavioral models, and assessment of synthetic data used for system testing [53].
Let us use the validation of car-following models in traffic flow simulation as an
example. Traditional validation typically focuses on trajectory-level accuracy
or aggregate traffic properties, such as the root mean square error of speed,
reproduction of fundamental diagrams, and stability characteristics [80, 81, 79].
Such approaches primarily assess goodness-of-fit or detect differences between
simulated and observed behavior. However, they do not explicitly evaluate
whether the simulated behavior is representative for a specific downstream
assessment. The following high-level example illustrates how the proposed
equivalence testing framework can instead be applied in an assessment-oriented
manner. In this context, the objective is typically not to reproduce individual
vehicle trajectories exactly, but to assess whether the population of simulated
behavior is practically equivalent to the corresponding empirical population
for a given application, such as capacity analysis, stability assessment, or
safety-related evaluation. The four validation steps are described below.

Step 1: Construct a reference dataset aligned with the intended assessment pur-
pose. Depending on the application, this dataset may be derived from
naturalistic driving studies, video-based trajectory datasets, or other
empirical traffic observations, and it may focus on specific traffic states
or operating conditions. Importantly, the reference dataset should
be explicitly defined and documented in relation to the evaluation
objective, as the validity of subsequent conclusions depends on this
choice.

Step 2: Select metrics for comparing the simulated and reference data. In
the car-following context, these may include kinematic measures (e.g.,
speeds, accelerations, and headways), conflict or criticality indicators
(e.g., time-to-collision-related measures), and other relevant variables.
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These metrics do not need to correspond to model parameters; instead,
they should capture the aspects of behavior or interaction that matter
for the assessment.

Step 3: Conduct equivalence tests for the selected metrics. This step follows
the general procedure described in Section 2.4. In the present context,
particular attention should be given to defining binning strategies,
weighting schemes, and ROPE thresholds in a way that reflects the in-
tended assessment objective. For example, bin weighting schemes may
emphasize traffic regimes or interaction conditions that are especially
relevant to the assessment. Similarly, ROPE thresholds should repres-
ent differences in the selected metrics that are considered practically
negligible for the application at hand.

Step 4: Interpret the test results in relation to the assessment objective. Rather
than producing a single pass/fail decision, the framework reveals where
the car-following model is consistent with empirical behavior and
where there are discrepancies. This information can support trans-
parent model evaluation, guide targeted model refinement, and clarify
the operational domains in which the model is fit for purpose. In
this way, the proposed equivalence testing framework can serve as a
practical, assessment-oriented validation tool for, for example, traffic
flow simulation models.

In summary, this example illustrates the high-level steps for applying the pro-
posed framework to a domain different from those considered in the application
examples of this thesis, highlighting both the generality of the framework and
the importance of assessment-oriented validation design.

4.2 Safety impact assessment design considera-
tions

4.2.1 Evolving regulatory and assessment context

The importance of representative reference data is increasingly aligned with
ongoing developments in both regulatory frameworks and consumer-oriented
vehicle safety assessment programs (commonly referred to as New Car As-
sessment Programs, NCAPs) for DAS [127, 128]. Historically, road safety
evaluation has relied primarily on physical crash testing and injury-focused
in-depth crash databases. While such datasets are indispensable for under-
standing severe outcomes and injury mechanisms, they are not, by themselves,
sufficient for prospective virtual SIA. Injury-based sampling typically over-
represents higher-severity crashes and under-represents lower-severity conflicts
and near-crash situations. Yet these pre-crash interactions are precisely the
situations in which many DAS operate. As demonstrated in Papers III and IV,
reliance on injury-oriented datasets without adjustment can therefore lead to
biased population-level safety conclusions.
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Recent regulatory developments reflect a gradual but clear shift toward
scenario-based and function-oriented safety evaluation. Within the UNECE, the
development of the New Assessment/Test Method (NATM) for DAS explicitly
incorporates scenario-based validation alongside traditional physical testing
pillars, emphasizing traceability of assumptions and quantitative performance
evaluation across defined operational conditions [129]. Related work under
UNECE working groups on virtual testing and scenario categorization further
highlights the importance of structured scenario databases and transparent
validation methodologies in supporting credible safety arguments [130, 131].
Together, these developments signal an increasing expectation that safety claims
be supported by systematically defined and validated scenario populations,
rather than by isolated test cases alone.

Consumer-assessment programs exhibit similar trends. For example, Euro
NCAP’s Vision 2030 roadmap outlines a strategic expansion from crash pro-
tection toward crash avoidance and safe driving performance, broadening the
scope of evaluation beyond injury outcomes alone [132]. Current protocols
already include structured near-crash and imminent-collision test scenarios
(e.g., for AEB and other DAS). However, when safety impact is assessed using
virtual simulation and scenario-based methods, the question extends beyond
whether specific test cases are covered. It also concerns whether the underlying
scenario populations reflect the broader range of situations in which the DAS
operates, including near-crash and low-severity situations that may not result
in recorded injuries but are central to system effectiveness.

In this broader context, an “optimal” reference dataset should not be
understood as a universal benchmark. Rather, it must be defined relative to a
specific assessment objective, operational design domain, and outcome metric.
Practically, this implies that reference construction should aim to 1) capture
relevant exposure conditions and interaction regimes, 2) include near-crash
and low-severity events in addition to injury crashes, 3) document contextual
scope and known data limitations transparently, and 4) provide principled
mechanisms for combining heterogeneous data sources when no single dataset
offers complete coverage. From this perspective, the primary contribution
of this thesis is not the proposal of a fixed benchmark dataset. Instead, it
lies in providing a structured methodology for constructing, validating, and
adapting reference populations in a manner explicitly aligned with assessment
objectives under realistic data constraints. By framing representativeness as an
assessment-dependent and decision-relevant property, the proposed approach
supports transparent, defensible SIA within evolving regulatory and consumer-
evaluation environments.

4.2.2 Risks and biases associated with non-representative
scenarios

Failure to explicitly define and validate representativeness can have substantial
consequences for research conclusions, system development decisions, and
regulatory decision-making. When synthetic scenario sets are generated without
reference to an empirically grounded target population, SIA results may be
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dominated by artifacts of the scenario generation process rather than by
the real-world scenario population [35, 21]. However, existing work on SIA
typically emphasizes scenario generation methods and plausibility checks, while
population-level representativeness is often treated implicitly or left unverified
[65, 126, 58].

One important consequence is distorted estimation of system effectiveness.
Scenario sets derived primarily from naturalistic driving data tend to over-
represent low-severity scenarios, leading to overly optimistic estimates of crash
avoidance and injury risk reduction performance [38, 31]. Conversely, scenario
sets constructed mainly from in-depth crash databases can over-emphasize
severe outcomes, potentially overstating residual risk or obscuring improvements
in more frequent low-severity scenarios [23, 50]. In both cases, the absence
of an explicit reference distribution makes it difficult to determine whether
observed results reflect genuine system performance or merely imbalances in
scenario composition. As a result, SIA outcomes may be misinterpreted and
cannot be reliably generalized to the broader operational design domain or the
target scenario population.

Ignoring representativeness can also hinder iterative system development.
Without diagnostic insight into which regions of the scenario space are under-
or over-represented, developers may inadvertently optimize systems for idiosyn-
cratic or unbalanced scenario distributions, improving simulated performance
without corresponding real-world safety benefit [45, 38]. Explicitly defining and
validating representativeness enables more targeted, risk-informed refinement
by linking observed performance gaps to specific, assessment-relevant regions
of the scenario space. The framework proposed in this thesis supports more
accurate, credible SIA and more effective system improvement by making
representativeness an explicit and assessable property.

From a broader methodological perspective, the requirement to consider
representativeness extends beyond SIA to any context in which a dataset,
model, or simulation output is used to support inference or decision-making.
Whenever conclusions about a target population, operational domain, or real-
world system are drawn from a finite dataset or model-generated sample,
implicit assumptions about representativeness are being made. For example,
a vehicle behavior model trained on data collected predominantly under low-
risk traffic conditions may achieve high apparent performance while failing
systematically under high-severity or rare but safety-critical situations. In
such cases, deficiencies arise not from the modeling technique itself but from a
mismatch between the training data distribution and the intended application
domain. If these assumptions remain unexamined, analytical rigor at the
modeling level cannot compensate for systematic biases in the underlying data
population. Making representativeness explicit is therefore not only a technical
refinement but a fundamental condition for credible, responsible application of
data-driven methods.
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4.2.3 Assessment-oriented metric selection

Beyond the validation framework itself, this thesis highlights that metric
selection fundamentally shapes the interpretation of representativeness and the
conclusions drawn from a given SIA. Metrics are not neutral descriptors of
scenarios; they encode assumptions about which aspects of pre-crash scenarios
matter for safety, system performance, and decision-making.

Different classes of metrics emphasize different aspects of the scenario. Kin-
ematic metrics (e.g., speeds, accelerations, and headways) primarily reflect
physical feasibility and motion characteristics, while conflict and criticality indic-
ators (e.g., time-to-collision-related measures) emphasize temporal proximity to
a crash and the urgency of the driver or system response. Crash-severity-related
metrics (e.g., Delta-v and estimated injury risk) quantify outcome consequences
rather than interaction dynamics, whereas categorical or event-based metrics
(e.g., the occurrence of harsh braking or delayed response) capture specific
behavioral patterns. Selecting one class of metrics over another implicitly
prioritizes certain safety mechanisms, system functions, and severity outcomes.

Accordingly, any conclusion about representativeness should be understood
as conditional on the specific metric set used in the validation. A synthetic
scenario set may appear representative with respect to kinematic distributions
while deviating substantially in terms of conflict timing or outcome severity,
for example. Without explicit reflection on what each metric captures—and
what it omits—validation results risk being interpreted as general statements
about dataset representativeness, rather than specific statements about rep-
resentativeness with respect to the specific metric set used in the validation.
This distinction has direct implications for how validation results should inform
decisions about the use and interpretation of scenario datasets in SIA.

This dependency also has important implications for SIA. Metrics aligned
with system triggering logic and intervention mechanisms are more suited
to evaluating functional performance, whereas outcome-oriented metrics are
more relevant for estimating the safety impact (e.g., injury reduction) of a
system/function at the societal level, or for estimating residual risk. Using
metrics that are misaligned with the intended assessment question can therefore
lead to misleading conclusions.

The proposed framework makes these dependencies visible by structuring
validation around explicitly selected, assessment-relevant metrics and evalu-
ating their practical equivalence both individually and by means of overall
equivalence criteria. This transparency permits a more nuanced interpretation
of validation results, enabling stakeholders to understand which aspects of
representativeness are supported by the evidence and which remain uncertain.
Such clarity is particularly important in regulatory and comparative contexts,
where conclusions about dataset representativeness may depend on the valida-
tion metrics used, and where unclear or inconsistent metric selection can lead
to conflicting or non-reproducible validation outcomes.
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4.2.4 Validation under incomplete reference data

Assessment-oriented validation depends critically on the availability and scope of
the reference data. When a reference dataset covering the full parameter space
is available, validation design parameters—such as region-specific relevance
weights and tolerable deviation bounds—can be derived from re-simulations
of the reference scenarios with the DAS under assessment. As a result, the
validation procedure explicitly accounts for how different regions of the scenario
space influence the system performance and contribute to assessment outcomes.

In contrast, when reference data are incomplete, validation must rely on
limited empirical evidence. Under such conditions, it is still possible to move
beyond purely difference-oriented testing. However, many validation design
parameters—particularly the equivalence criteria—must be specified using
external information, such as expert judgment, prior studies, sensitivity analyses,
or assessment requirements derived from system design or regulatory context.

This distinction between complete and incomplete reference data has import-
ant implications for both methodology and interpretation. Validation results
obtained from incomplete reference data should be interpreted as conditional
on the limited empirical coverage of the available reference dataset, rather than
as definitive evidence of the representativeness of the synthetic dataset for the
intended assessment. Explicitly acknowledging this limitation is essential for
the transparent, reproducible, and meaningful use of validation results in safety
assessment and regulatory dialog.

Viewed in this light, the value of this thesis is not limited to a specific val-
idation technique, but lies in clarifying the relationship between reference data
availability, validation design, and the strength of the representativeness state-
ments that can be made about synthetic datasets. The work supports a more
nuanced and defensible use of SIA across different stages of system development,
evidence maturity, and, ultimately, regulation and system deployment.

4.3 Limitations

Despite the advances presented in this thesis, several limitations remain. The
first limitation concerns the availability, coverage, and consistency of the empir-
ical pre-crash data used to establish the reference datasets, and this limitation
also defines the empirical scope of the thesis. Although the methodological
framework developed in this work is general, its empirical implementation is
restricted to rear-end pre-crash scenarios with purely longitudinal dynamics.
This restriction is not conceptual but practical. None of the available empirical
datasets used in this thesis—SHRP2, CISS (EDR), and GIDAS-PCM—provides
sufficiently reliable, temporally resolved, and consistently measured information
on lateral maneuvers, multi-agent interactions, lane changes, steering inputs,
road geometry, weather conditions, or traffic controls during the pre-crash phase.
In contrast, these datasets do contain detailed and comparable longitudinal
kinematic information for the two-vehicle rear-end configuration. As a result,
all parameterization, reference dataset construction, scenario generation, and
representativeness validation conducted in this thesis should be interpreted
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strictly within this scenario class and not as a comprehensive representation
of all pre-crash behaviors. Even with careful data combination and the use of
sample weighting to mitigate known limitations such as severity imbalance and
sampling bias, the resulting reference datasets remain approximations of the
real-world population. They are shaped by the constraints, assumptions, and
heterogeneity of the underlying empirical sources and cannot fully eliminate
the uncertainties introduced by dataset-specific sampling mechanisms and
reconstruction procedures.

The second limitation concerns the scope of scenario parameterization and
behavioral modeling. The parameterization developed in this thesis captures
the dominant longitudinal dynamics of rear-end pre-crash events through a
piecewise-linear lead-vehicle kinematics model and a following-vehicle behavior
model combining a modified IDM with a pre-crash braking response formula-
tion. This abstraction supports tractable modeling and systematic scenario
generation, but it necessarily omits additional behavioral dimensions such
as lateral maneuvers, evasive steering, and interactions with more than two
vehicles. Consequently, the parameterization represents a stylized abstraction
of pre-crash dynamics rather than a complete reconstruction of real-world
behavior. The suitability of the parameterization, therefore, depends on its
alignment with the specific objectives of the safety impact assessment.

The behavioral models used for scenario generation introduce further sim-
plifications. The lead-vehicle model imposes piecewise sections with constant
acceleration, capturing many empirical patterns but producing abrupt changes
in acceleration that may not fully reflect real-world smoothness. Similarly, al-
though the following-vehicle model reproduces key aspects of observed braking
behavior, it cannot replicate the most extreme acceleration behaviors observed
in a small subset of empirical cases. These limitations stem from the dual need
to avoid model overfitting under sparse data and to preserve interpretability
for safety assessment, but they restrict the fidelity achievable in certain edge
cases.

The third limitation concerns the distribution modeling approach. The
thesis uses parametric models with largely linear dependency structures and sub-
dataset stratification to manage heterogeneity. This provides interpretability
and robustness under limited data availability but cannot capture more complex
nonlinear or multimodal dependencies that may exist in real-world pre-crash
behavior. More expressive semi-parametric or hierarchical approaches could
address these limitations, but would require richer datasets and would reduce
transparency, which remains essential for safety assessment contexts.

The fourth limitation relates to the metric-level formulation of the repres-
entativeness validation framework. Practical equivalence testing is performed
independently for each selected metric, and equivalence decisions are aggregated
using predefined rules. This preserves transparency and avoids high-dimensional
assumptions unsupported by available data. However, it does not explicitly
model dependencies among metrics, which may lead to conservative or poten-
tially incomplete validation outcomes.

Finally, several elements of the validation design—including the selection
of metrics, the binning scheme, the construction of bin weights, and the
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specification of ROPE thresholds—necessarily involve expert judgment. While
this thesis provides explicit methodological procedures and a certain level of
practical guidance for binning, weighting, and ROPE specification, both metric
selection and the design of the bin weight function are addressed primarily at
a conceptual level by emphasizing their dependence on assessment objectives
and safety relevance. Consequently, some degree of expert judgment remains
mandatory, particularly when deciding which metrics to prioritize and how
to weight different regions of the distribution for a given safety function and
decision context.

4.4 Future work

The limitations identified above point to several promising directions for future
research. First, expanding the empirical scope of the framework beyond
purely longitudinal rear-end scenarios represents an important opportunity. As
richer, more diverse pre-crash datasets become available—particularly those
capturing lateral motion, multi-agent interactions, infrastructure features,
and environmental context—future work may extend the parameterization and
scenario generation framework to a broader set of crash and conflict types. Such
extensions will likely require new behavioral models, revised parameterizations,
and more flexible distribution modeling techniques capable of describing higher-
dimensional and more heterogeneous domains.

Second, future research may enhance the scenario generation process by
introducing more expressive modeling frameworks that retain interpretability
while capturing nonlinear dependencies and multimodal patterns. Examples
include semi-nonparametric and semi-parametric mixture models [133, 134], as
well as hierarchical or Bayesian nonparametric formulations that integrate sub-
dataset structures more explicitly [135]. As larger and more diverse pre-crash
datasets become available, more expressive multivariate models and data-driven
model selection strategies may become feasible, potentially reducing the need
for manual partitioning while preserving robustness and assessment relevance.

Third, the validation framework can be further strengthened. Potential
extensions include multivariate or grouped-metric equivalence testing, hier-
archical ROPE definitions, or dependence-aware statistics that reflect joint
deviations across multiple assessment-relevant metrics. Such developments
would require larger reference datasets and careful attention to methodological
tractability and interpretability.

Fourth, future work may aim to increase the standardization and reprodu-
cibility of validation design choices. This includes formalizing metric selection
criteria, developing systematic procedures for bin-weight construction, estab-
lishing recommended ROPE ranges for different types of safety assessments,
and integrating sensitivity analyses into validation protocols.

Finally, the broader conceptual shift proposed in this thesis—from difference-
oriented to assessment-oriented practical equivalence—suggests important op-
portunities for integration with emerging regulatory and consumer assessment
frameworks. Embedding the methods developed here into standardized safety
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assessment workflows and applying them to additional DAS functions and
operational design domains may support more transparent, credible, and re-
producible virtual prospective safety evaluations.



Chapter 5

Conclusions

This thesis has investigated the generation and validation of representative
synthetic pre-crash scenarios for the virtual SIAs of DAS. Rather than treating
representativeness as an implicit consequence of simulation or data-driven
generation, this thesis formulated it as an explicit methodological challenge
that spans both scenario generation and evaluation. As a consequence, two
components were generated: the first to determine how representative synthetic
scenarios should be generated from empirical evidence, and the second to
assess the scenarios in terms of their representativeness of real-world pre-crash
conditions for a given SIA purpose. Based on this perspective, the thesis draws
five conclusions.

The first conclusion is that representative scenario generation and validation
benefit strongly from the use of explicitly constructed reference pre-crash data,
rather than reliance on a single empirical source. Existing scenario generation
approaches typically draw on either naturalistic driving data or in-depth crash
databases, each of which captures only a partial, biased view of the real-
world pre-crash population. Naturalistic datasets provide rich coverage of
normal and moderately critical interactions but contain very few high-severity
crashes, while in-depth crash databases lack exposure information and are
dominated by severe outcomes due to case-selection mechanisms. When used
in isolation, such sources implicitly define a distorted version of the population
of interest, which limits the representativeness of generated scenarios and thus,
inevitably, the interpretability of validation results. This thesis demonstrates
that explicitly constructing reference pre-crash datasets through model-based
parameterization, data combination, and sample weighting is essential to make
the target population for assessment explicit. These reference datasets do not
merely support scenario generation; they also provide a necessary empirical
basis for validation. Without a clearly defined reference population, it is
impossible to determine whether observed similarities or differences between
synthetic and real-world data are meaningful for SIA.

The second conclusion is that representativeness must be assessed at the
population level, not inferred from individual-level similarity or plausibility
alone. Much existing work focuses on verifying the realism or plausibility of
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individual scenarios by, for example, ensuring that trajectories are physically
feasible or consistent with known driver and vehicle behavior. While such
checks are necessary, they are insufficient for SIA, because the accuracy and
credibility of assessment outcomes depend on whether the overall scenario
set reflects the distribution of real-world pre-crash conditions, not merely on
the realism of individual scenarios. Synthetic scenarios that appear realistic
individually may still be systematically biased as a set (e.g., over-representing
benign interactions or safety-critical conditions). This thesis argues that
population-level similarity between synthetic and real-world pre-crash data is
therefore a necessary condition for representativeness. Individual-level fidelity
must be complemented by an explicit assessment of how well the collective
statistical properties of synthetic scenarios align with those of the reference
population. Treating population-level representativeness as a requirement for
scenario evaluation shifts the focus from the realism of isolated example events
to distributions, frequencies, and severity patterns—properties that ultimately
determine the accuracy and credibility of virtual SIA outcomes.

The third conclusion is that representativeness validation should be framed
as a problem of practical equivalence rather than difference detection. Ex-
isting validation practices in virtual SIA rely predominantly on descriptive
summaries, visual comparisons, or difference-oriented statistical tests. While
these approaches are effective for identifying mismatches, they do not address
whether observed differences are, for example, negligible for the intended as-
sessment purpose. This thesis argues that validation should assess practical
equivalence by determining whether differences between synthetic and reference
data fall within predefined, assessment-relevant tolerances. Representativeness
validation with a Bayesian equivalence testing perspective shifts from difference
detection to acceptance-based reasoning. This approach explicitly accounts for
uncertainty in data and models, assessing whether observed discrepancies are
small enough to be acceptable (given the intended use).

The fourth conclusion is that representativeness validation benefits from
diagnostic insight beyond binary acceptance or rejection. The binning-based
statistics and weighting strategies developed in this thesis demonstrate how
to make equivalence testing more interpretable and informative. Rather than
collapsing validation into a single pass/fail outcome, the framework reveals
which regions of a metric’s distribution drive any non-equivalence and how these
deviations relate to assessment-relevant outcomes. This diagnostic capability
supports the targeted refinement of scenario generation methods and promotes
a constructive role of validation as part of an iterative development process
rather than a one-time gatekeeping step.

The fifth and final conclusion is that the methodological contributions of
this thesis are general and extensible. Although the empirical implementation
focused on longitudinal rear-end pre-crash scenarios, the underlying principles—
explicit reference construction, behavior-based scenario generation coupled with
statistical alignment, and assessment-oriented practical equivalence validation—
apply broadly to scenario-based virtual SIAs of DAS. As richer datasets become
available and assessment needs expand, the proposed framework can be extended
to lateral, multi-agent, and context-rich scenarios, and potentially integrated
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into emerging regulatory processes for virtual testing and safety argumentation.
Taken together, the contributions of this thesis advance virtual SIA by

shifting the focus of scenario generation from implicitly assuming representative-
ness to explicitly generating and validating representative scenarios across the
entire severity range. This thesis treats reference dataset conduction, scenario
generation, and validation as interdependent components of a single methodo-
logical framework, thus providing a more transparent, defensible basis for using
synthetic scenarios in safety assessment. While the focus of this thesis has been
on rear-end pre-crash scenarios, the methodological contributions are general
and can be applied to other crash types, DAS, and regulatory contexts. Some
of the methods should also be applicable well beyond the automotive domain.
As empirical data become more readily available and assessment requirements
become more explicit, the concepts and methods developed in this thesis can
lead to more accurate and credible virtual SIAs. By enabling assessments
explicitly grounded in representative real-world conditions and supported by
defensible validation arguments, the framework supports more accurate, reliable
safety evaluations of DAS. In the longer term, such assessments can contribute
to better-informed system design, more robust regulatory decision-making,
and ultimately to the deployment of safer and more trustworthy automated
vehicles.
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