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Abstract

Traffic safety evaluation for automated driving requires methods that can identify
potentially critical scenarios before crashes occur. Classical surrogate safety metrics,
such as Time Headway (THW), Time-to-Collision (TTC), and Deceleration Rate to
Avoid a Crash (DRAC), characterize physical conflict mainly in terms of distance,
relative speed, and required braking. However, risk can also arise when surrounding
road users behave in ways that deviate from the ego vehicle’s expectations. This the-
sis developed a computational framework for quantifying “surprise” in road traffic
environments and investigated whether surprise-based metrics could provide com-
plementary information for identifying risky highway events, with a particular focus
on cut-ins.

To quantify surprise, a kinematics-based belief-generation model was developed in an
ego-centered coordinate system to estimate the expected future motion of surround-
ing vehicles. Under a constant-velocity assumption, the model generated a Gaussian
belief distribution over future vehicle states. Surprise was then computed by com-
paring the predicted belief with observed vehicle behavior using four surprise-based
metrics: Shannon Surprisal, Residual Information, Bayesian Surprise, and Antithe-
sis. The method was evaluated using naturalistic highway trajectory data from
the highD dataset. Surprise thresholds were derived from normal-driving baseline
data from highD, and the resulting surprise-based detections were compared against
detections obtained from a THW-based classical screening method and manually la-
belled risky cut-in events.

The results showed that the THW-based classical baseline and the surprise-based
approach were strongly related but not identical. The overlap analysis identified
941 shared events out of 1,225 unique detected events, corresponding to a Jaccard
overlap of 0.7682. This indicated that many risky cut-ins contained both physical
closeness and unexpected motion. The precision-recall comparison showed that
the THW-based score achieved the highest average precision, with an AP of 0.982.
Among the surprise-based metrics, Antithesis performed best with an AP of 0.949,
followed by Bayesian Surprise with 0.912 and Residual Information with 0.781. The
sensitivity analysis further showed that the history window had a clearer influence
on the surprise-based results than the lookahead time.

Overall, the findings confirm that surprise-based metrics can be useful for describing
unexpected vehicle behaviour, but they should not be interpreted as direct replace-
ments for the THW-based classical baseline. Instead, they could serve as comple-
mentary indicators to specifically capture surprise, but from the results it is clear
(and expected) that the surprise metrics do not capture situational urgency.



A main limitation of the work was that the belief model used in this thesis was based
on a simple constant-velocity assumption. Future work should investigate more
advanced belief-generation models, such as machine-learning-based or interaction-
aware prediction models, to evaluate whether improved prediction can lead to more
reliable surprise-based safety assessment.

Keywords: traffic safety, surprise metrics, surrogate safety, cut-in, highD, belief
model, time headway, trajectory prediction.
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Preface

This report presents the outcome of our master’s thesis project carried out at the
Department of Mechanics and Maritime Sciences at Chalmers University of Tech-
nology during the spring of 2026. The thesis investigates the use of surprise-based
traffic safety metrics for identifying risky cut-in events in highway driving scenarios.
These metrics are compared with a THW-based classical baseline in order to exam-
ine whether surprise-based approaches can provide complementary information for
traffic safety evaluation.

The study was conducted using naturalistic highway trajectory data from the highD
dataset. The work included the development of a computational framework for
trajectory prediction, belief generation, surprise calculation, event detection, and
performance evaluation. The analysis focused on risky cut-in events, normal-driving
baseline construction, precision—recall evaluation, and the sensitivity of surprise-
based detection to temporal parameters.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis, listed in
alphabetical order:

A Antithesis

AP Average Precision

BS Bayesian Surprise

Y Constant Velocity

DRAC Deceleration Rate to Avoid a Crash
FSM Field of Safe Motion

FST Field of Safe Travel

FV Following Vehicle

GMM Gaussian Mixture Model

HD High Definition

ID Identifier

KL Kullback—Leibler

LV Leading Vehicle

NCV Nearly Constant Velocity

PR Precision—Recall

RI Residual Information

SAE Society of Automotive Engineers
THW Time Headway

TTC Time-to-Collision

X1






Nomenclature

The following nomenclature summarizes the main indices, sets, parameters, vari-
ables, and functions used throughout this thesis.

Indices

Index for a frame, sample, or observation in a trajectory segment

Prediction step index in the discrete-time motion model; also used
as mixture-mode index where stated

Time or frame index

Sets and Spaces

Btk

&
Es
Er
v
M

X

Parameters

gap

Belief distribution over the predicted vehicle state at future step
t+k

Available prediction context at time ¢

Set of cut-in events detected by the surprise-based method

Set of cut-in events detected by the classical THW-based method
Interaction context from surrounding traffic participants

Map or road-context information used in learning-based belief gen-
eration

Outcome or hypothesis space used in the formulation of surprise
metrics

and Constants

Sampling period between consecutive frames
Longitudinal distance or gap between two vehicles

Net bumper-to-bumper longitudinal gap
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le, 1y

P95, p99

Az, Qy

Prediction horizon

History window used to define the prior belief

Number of candidate motion modes in a Gaussian mixture model
Lengths of the cut-in vehicle and the following vehicle, respectively
Number of samples, events, or observations, depending on context

95th and 99th percentile thresholds derived from the normal-driving
baseline

Longitudinal and lateral process-noise intensities
Lookahead time used for surprise evaluation

Expectation threshold used in the Antithesis metric

Variables and Functions

A(P,Q)
ax,ay
BS
Dxr(--)
DRAC

€p,0, €v,0

€2,0, €y,0

€v,,05 €vy,0

F2D

hy (25 P)
Hivg

ity
P(z)
Q(z)

Qy

Py

Px,0> Py,O
Py,

Q2p

Xiv

Antithesis surprise between prior belief P and posterior belief ()
Longitudinal and lateral acceleration components

Bayesian Surprise

Kullback—Leibler divergence

Deceleration Rate to Avoid a Crash

Generic initial position and velocity residuals from constant-
velocity fitting

Initial longitudinal and lateral position residuals
Initial longitudinal and lateral velocity residuals

State transition matrix of the two-dimensional constant-velocity
model

Residual Information of observed outcome x under prior belief P
Predicted mean position vector at future step ¢t + k

Mean of the kth Gaussian mixture component at future time ¢ + z
Prior probability or prior belief density of outcome x

Posterior belief density of outcome x

Posterior belief distribution after observing y

Initial covariance matrix for the full state [x,v,,y,v,]"
Longitudinal and lateral initial covariance blocks

Propagated covariance matrix for the state [z, v,,y,v,]"

Process-noise covariance matrix of the two-dimensional constant-
velocity model
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RI 99
S(x; P)
Xl ()
Xk

Xt

Xitk
Xttz

X1t
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THW
THW?S!
TTC

UFp, VL

vy

Ug,rel; Uy, rel

Uac,ta Uy,t

l’e,l’f

Ttorward, Yleft
Lty Yt

Y

Tk

o.(t + k), o4t +
k)

Covariance of the kth Gaussian mixture component at future time
t+ =z

Residual Information

Baseline 95th percentile thresholds for Residual Information,
Bayesian Surprise, and Antithesis

Baseline 99th percentile threshold for Residual Information
Shannon Surprisal of outcome x under prior belief P
Relative state vector of a surrounding vehicle at frame ¢
Vehicle state vector at discrete prediction step k

Current relative state vector used for prediction

Predicted mean state at future step t + k

Predicted or observed vehicle state at lookahead time ¢ + z
Observed motion history up to time ¢

Future trajectory over the prediction horizon

Time Headway

Minimum finite post-change THW value for a cut-in event
Time-to-Collision

Speeds of the following vehicle and leading vehicle, respectively
Longitudinal speed of the following vehicle

Relative longitudinal and lateral velocity components in the ego-
centered coordinate system

Current relative longitudinal and lateral velocity components
Closing speed, defined as vp — vy,

Frame-to-frame velocity increment used for process-noise calibra-
tion

Process-noise vector at prediction step k
Observed outcome or possible hypothesis state
Most likely outcome under the prior belief distribution

Longitudinal positions of the cut-in vehicle and the following vehi-
cle, respectively

Ego-centered longitudinal and lateral relative positions
Current relative longitudinal and lateral positions

New observation used to update the belief distribution
Probability weight of the kth Gaussian mixture component

Marginal standard deviations of predicted position at future step
t+k
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1

Introduction

1.1 Background

As intelligent transportation systems and automated driving technologies continue
to develop, traffic safety evaluation has become an increasingly important research
topic. Modern vehicles must interpret the surrounding traffic environment, monitor
nearby road users, predict their possible future behaviour, and make decisions under
uncertainty. This is especially challenging in highway traffic, where vehicles interact
at high speed and with limited reaction time. Therefore, safety evaluation methods
are needed not only to describe current traffic states, but also to identify situations
that may become safety-critical for human drivers, advanced driver assistance sys-
tems, and automated driving systems [1, 2]. Such identification is also important
for the development and validation of automated driving systems, because rare but
safety-critical situations must be analysed even when actual crashes are not available
in the data [3].

However, defining what is safety-critical is not always straightforward. A situation
may be considered objectively critical when it involves a short time gap, high re-
quired deceleration, or increased collision risk. At the same time, a situation may
also be perceived as critical if it is unexpected, sudden, or difficult to interpret,
even when the physical distance between vehicles is not extremely small [4, 5]. This
means that traffic risk (or at least perceived risk) is not only related to physical
proximity, but also to how the situation evolves relative to prior expectations.

Traditional traffic safety evaluation methods commonly use surrogate safety metrics
such as Time-to-Collision (TTC), Time Headway (THW), and Deceleration Rate
to Avoid a Crash (DRAC). These metrics are widely used because they are simple,
interpretable, and computationally efficient, and they describe traffic conflicts based
on vehicle spacing, relative velocity, and required braking effort [6, 7, 8]. However,
they are usually based on simplified kinematic assumptions and predefined thresh-
olds. As a result, they mainly capture the physical relationship between vehicles at
a given moment. This may lead to false positives when close but stable interactions
are classified as risky, and may also miss situations where an unexpected manoeuvre
changes the future interaction before the vehicles become physically close.

To address this limitation, surprise-based traffic safety metrics have recently been
proposed. Instead of only measuring distance, time gap, or required deceleration,
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these metrics evaluate whether the observed behaviour of a surrounding vehicle is
unexpected from the perspective of the ego vehicle. In this framework, the fu-
ture motion of surrounding vehicles is represented as a probabilistic belief, and the
observed motion is compared with this belief. If the observed manoeuvre was previ-
ously considered unlikely, or if it strongly changes the prior belief, a higher surprise
response is produced. This idea is related to information-theoretic and Bayesian
definitions of surprise [9, 10, 11].

This thesis uses naturalistic highway trajectory data from the highD dataset, which
provides drone-based vehicle trajectories and has been used for scenario-based val-
idation of highly automated driving systems [12]. Since the data contain many
ordinary interactions, different driving directions, and varying traffic conditions, the
trajectories are first transformed into an ego-centred coordinate representation. This
allows the relative position and motion of surrounding vehicles to be analysed un-
der a consistent sign convention. In addition, normal driving segments are used as
a reference distribution for surprise-based metrics, so that unusual behaviour can
be defined relative to typical highway interactions rather than by manually fixed
thresholds.

Classical surrogate safety metrics and surprise-based metrics therefore assess traffic
safety from different perspectives. Classical metrics mainly describe the physical in-
teraction between vehicles, while surprise-based metrics focus on unexpected changes
in the surrounding vehicle behaviour. Comparing these two types of metrics can pro-
vide insight into how different definitions of safety-criticality affect the identification
of risky highway scenarios.

1.2 Research Questions

1. How do surprise-based traffic safety metrics compare with a THW-based clas-
sical baseline in identifying risky driving scenarios under the same highway
cut-in scenarios?

2. How do the history window h and lookahead time z affect the detection per-
formance of surprise-based metrics for risky cut-in identification?

1.3 Aim and Objectives

This thesis aims to investigate the concept of surprise in traffic safety analysis and to
compare surprise-based traffic safety metrics with a classical baseline based on THW.
To support this investigation, a kinematics-based probabilistic belief representation
is constructed from vehicle trajectory data in the highD dataset to represent ex-
pected vehicle motion in highway driving scenarios.

To achieve this aim, the thesis has the following objectives:

1. Develop belief generation models that represent probabilistic expectations of
vehicle motion based on vehicle trajectory data from the highD dataset.
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2. Design and implement a Python-based toolchain to extract representative
highway driving scenarios, such as cut-in maneuvers and hard-braking events.

3. Compute surprise-based traffic safety metrics using the developed belief gen-
eration models, and compute a THW-based classical baseline for comparison.

4. Analyze the differences between surprise-based metrics and the THW-based
classical baseline in identifying safety-critical driving scenarios, including cases
uniquely detected by surprise-based metrics, cases uniquely detected by the
THW-based screening method, and cases detected by both methods.

5. Analyze how different settings of surprise metric parameters, particularly the
history window and lookahead time, affect the identification results of surprise-
based metrics for risky cut-in scenarios.

1.4 Scope

This thesis focuses on highway driving scenarios using the highD dataset. The
analysis is limited to vehicle interaction scenarios observed in naturalistic highway
traffic, with particular attention to risky cut-in events. Normal driving segments are
also used as baseline references for evaluating typical vehicle behaviour. Other traffic
environments, such as urban intersections, roundabouts, pedestrian interactions, and
mixed traffic settings, are outside the scope of this work.

The study introduces several classical surrogate safety metrics, including TTC,
THW, and DRAC, to provide the theoretical background for conventional traffic-
conflict assessment. However, the empirical event screening and comparison in this
thesis focus on a THW-based classical baseline, using the minimum post-cut-in THW
as the operational criterion. TTC and DRAC are therefore discussed as relevant clas-
sical metrics, but they are not used in the final event screening or precision—recall
comparison. The surprise-based metrics include Shannon Surprisal, Residual Infor-
mation (RI), Bayesian Surprise (BS), and Antithesis. These metrics identify risk
through unexpected changes in the surrounding traffic environment, measured by
how strongly the observed vehicle motion deviates from probabilistic beliefs about
future motion.

The main purpose of this thesis is to compare how these two perspectives can be
used to identify safety-critical events in the same highway driving scenarios. The
analysis is based on their different characteristics: the THW-based classical baseline
focuses on post-cut-in longitudinal time gap, while surprise-based metrics focus on
expectation violation under uncertainty. Based on these interpretations, the thesis
examines scenarios detected only by the THW-based screening method, scenarios
detected only by surprise-based metrics, and scenarios detected by both. These
groups are then evaluated using manually labelled reference data to assess how well
each approach identifies risky cut-in events and distinguishes them from normal
driving interactions.

In addition, this thesis analyzes how key parameter settings in the surprise-based
metrics affect the final identification results. Particular attention is given to the
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history window A and the lookahead time z, since these parameters determine how
prior and posterior beliefs are constructed and compared. This analysis is used
to examine the sensitivity of surprise-based risky cut-in identification to different
temporal settings.

The surprise-based metrics are computed from a probabilistic belief representation,
which represents expected future vehicle motion as a distribution rather than as a
single deterministic trajectory. However, this thesis does not aim to provide a general
benchmark of trajectory prediction methods. The belief representation is used to
support the computation of surprise-based metrics, rather than being evaluated as a
standalone prediction model. Therefore, the conclusions of this thesis are limited to
the selected dataset, scenario types, metric definitions, parameter settings, manual
labelling procedure, and modelling assumptions adopted in this study.



2

Theory

2.1 Classical Surrogate Safety Metrics

Classical surrogate safety metrics are widely used to assess potential traffic con-
flicts when crash outcomes are not directly observed. Rather than relying on crash
records, these metrics estimate conflict severity from the relative motion states of
interacting vehicles, such as spacing, speed, relative speed, and deceleration demand.

This section reviews three classical surrogate safety metrics: THW, TTC, and
DRAC. These metrics describe potential traffic conflicts from different perspectives.
THW describes the time gap between a following vehicle and its leader, with a lower
value indicating closer following. TTC estimates the time remaining until a colli-
sion would occur if the vehicles continued with their current motion states. DRAC
describes the deceleration required to avoid a crash under the same assumptions,
with a higher value indicating greater braking demand. Together, THW, TTC, and
DRAC define traffic conflict severity in terms of time gap, collision urgency, and
required braking effort.

Despite their widespread application and practical interpretability, classical surro-
gate safety metrics are limited to observable motion-based relationships and do not
explicitly represent probabilistic expectation or uncertainty in future behaviour. In
the empirical comparison later in this thesis, the classical baseline is based on post-
cut-in THW. TTC and DRAC are retained as relevant theoretical reference metrics,
but they are not used in the final event screening or precision—recall comparison.

2.1.1 THW

THW is a commonly used surrogate safety metric for describing the temporal spacing
condition between a following vehicle (FV) and a leading vehicle (LV). In this thesis,
THW is used to describe the post-change temporal gap between the cut-in vehicle
and its new follower. It is computed from the net bumper-to-bumper longitudinal
gap and the speed of the following vehicle.

It should be noted that the terms time headway and time gap are not always used
consistently in the traffic-safety literature. In a strict SAE definition, time head-
way refers to the time difference between the same reference point of two vehicles
passing a given location, while time gap refers to the clearance time based on the
space between the rear of the leading vehicle and the front of the following vehicle
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[13]. The metric used in this thesis is based on the net bumper-to-bumper gap and
therefore corresponds more closely to time gap. However, since similar gap-based
definitions are commonly referred to as THW in surrogate safety studies, and since
the implemented pipeline uses this convention, the term THW is retained in this
thesis. The exact computation is explicitly given below.

The THW value is defined as p
THW = —, (2.1)
U

where d denotes the longitudinal distance gap between the FV and the LV, and vg
is the speed of the FV.

A smaller THW indicates a shorter time gap and therefore a closer following con-
dition, while a larger THW generally represents a more comfortable longitudinal
spacing. In cut-in scenarios, THW can be used to describe how much longitudinal
safety margin remains after a lane-changing vehicle enters the lane in front of the
ego vehicle. If the inserted gap is small or the ego vehicle speed is high, the THW
value may decrease rapidly, indicating a potentially more critical interaction.

The main advantage of THW is its simple physical meaning and low computational
cost, since it only requires distance and speed information. However, THW has sev-
eral limitations. It does not explicitly consider the relative speed between vehicles,
and therefore cannot distinguish well between situations with the same spacing but
different closing speeds. In addition, THW mainly describes longitudinal spacing
and does not directly capture the lateral motion involved in lane-changing or cut-in
manoeuvres. For this reason, THW is better interpreted as a simple spacing-based
indicator rather than a complete measure of interaction risk. In this thesis, THW
is used as the classical baseline metric for characterising the longitudinal severity of
post-cut-in situations.

2.1.2 TTC

TTC is a commonly used indicator in traffic safety analysis for assessing the criti-
cality of rear-end interactions [14]. It represents the time remaining until a collision
would occur between an FV and an LV, under the assumption that both vehicles
maintain their current velocities. The TTC value is given by

d

TTC = —
¢ Av’

(2.2)

where d is the longitudinal gap between the two vehicles and Av = vgp — vy, is the
closing speed. This expression is meaningful only when the FV is closing in on the
LV, that is, when Av > 0. If the FV is not closing in, the interaction is usually not
treated as an immediate rear-end collision course under the TTC assumption.

2.1.3 DRAC

DRAC is a surrogate safety metric that characterises the severity of a potential
rear-end collision in terms of required braking effort [8]. It describes the constant

6



2. Theory

deceleration that the FV must apply to avoid a collision with the LV, assuming
unchanged kinematic conditions. DRAC is computed as

Av?
DRAC = —- 2.3
2d ) ( )
where Av = vp — vy, is the closing speed and d denotes the longitudinal distance
separating the two vehicles. A larger DRAC value indicates that stronger braking
would be required to avoid a collision.

2.2 Surprise-Based Metrics

Surprise-based metrics describe traffic situations by comparing observed road user
behaviour with probabilistic predictions of expected future motion. Their central
idea is that surprise occurs when the realised behaviour deviates from what was
previously considered likely [10, 11]. Unlike classical surrogate safety metrics, which
focus on kinematic conflict severity, surprise-based metrics focus on expectation
violation under uncertainty [11].

To support this analysis, future motion is represented as a probabilistic belief rather
than as a single deterministic prediction [15, 10]. On this basis, different surprise
metrics quantify the mismatch between prediction and observation in different ways
[10]. In this thesis, four surprise-based metrics are considered: Shannon Surprisal,
Residual Information, Bayesian Surprise, and Antithesis. The formal definitions and
theoretical background of these metrics are introduced in the following subsections.

2.2.1 Shannon Surprisal

Shannon Surprisal originates from information theory and measures the information
content, or unexpectedness, of an observed outcome under a given belief model [16].
Let X denote a discrete random variable with outcome space X', and let P represent
a prior belief distribution over X. When a specific outcome x € X is observed, the
Shannon Surprisal is defined as

S(z; P) = —log P(x), (2.4)

where P(z) denotes the probability assigned to the observed outcome by the prior
belief distribution P.

The notation S(z; P) emphasises that surprisal is evaluated for a realised outcome z
with respect to the prior distribution P [16]. The choice of logarithm base determines
the unit of measurement: using a logarithm with base 2 gives units of bits, while
using the natural logarithm gives units of nats [16].

Shannon Surprisal assigns higher values to outcomes that are less probable under
the prior belief distribution [16]. If an outcome is highly expected, that is, if P(z)
is large, its surprisal is low. Conversely, outcomes that were assigned low prior
probability produce large surprisal values. In the limiting case, an outcome that
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is certain under the prior, P(z) = 1, yields zero surprisal, while outcomes with
vanishing probability lead to unbounded surprisal [16].

This leads to what can be described as a surprise floor problem [10]. Intuitively,
when the most expected event occurs, humans do not feel surprised. However, Shan-
non Surprisal assigns a non-zero value even to the most likely outcome. Specifically,
let

7’ = argmax P(z) (2.5)

zeX

denote the outcome with the highest prior probability. As long as P(x’) < 1, its
surprisal remains strictly positive:

S(a'; P) = —log P(z') > 0. (2.6)

As a result, surprisal remains positive even for outcomes that are maximally expected
under the belief model, which does not fully align with the human intuition that
fully expected events should induce no surprise [10]. This limitation is addressed by
the Residual Information measure, which adjusts the surprisal value relative to the
most expected outcome under the same belief distribution [10].

2.2.2 Residual Information

Residual Information is a surprise measure that evaluates how much an observed
outcome deviates from the most expected one [10]. It is defined as

ho(a; P) = log<];((zl))> : (2.7)

where x denotes the observed outcome, and x’ denotes the outcome with the highest
probability under the belief distribution P.

This formulation directly compares the probability of what actually happened with
the probability of what was most strongly expected [10]. If the observed outcome
coincides with the most likely prediction, then P(x) = P(z’) and the residual infor-
mation is zero. As the observed outcome deviates from the dominant expectation,
the residual information increases.

By construction, the most expected outcome always yields zero surprise. As a result,
Residual Information does not suffer from the surprise floor problem and aligns well
with intuitive interpretations of surprise [10].

2.2.3 Bayesian Surprise

Bayesian Surprise describes surprise as the amount of belief change caused by a
new observation [9]. Let P denote the prior belief and let @), denote the posterior
belief after observing y. Bayesian Surprise is defined as the Kullback—Leibler (KL)
divergence between the posterior and the prior belief [9, 17]:

BS(y) = Dxu(Qy || P), (2.8)
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where the first argument is the updated belief and the second argument is the original
belief.

This formulation measures surprise as the difference between the belief before and
after observing new evidence, quantifying how much the overall expectation of future
behaviour is updated [9, 10].

A small value of Bayesian Surprise indicates that the observation is consistent with
prior expectations, while a large value indicates that the observation leads to a
significant update of the belief distribution [9]. Unlike Shannon Surprisal, Bayesian
Surprise is a global measure that reflects changes in the overall belief structure rather
than the improbability of a single outcome [10].

2.2.4 Antithesis

To address this flooring problem, the Antithesis metric was proposed as an exten-
sion of Bayesian Surprise [10]. Like Bayesian Surprise, Antithesis is based on the
difference between the prior and posterior belief distributions [10]. However, the two
metrics differ in how this belief change is evaluated. Bayesian Surprise integrates the
belief update over the entire belief space, including regions where the observation is
already well supported by the prior belief. As a result, it may still assign a positive
surprise value to largely expected observations [10].

Antithesis instead focuses on the part of the belief update that corresponds to gen-
uinely surprising information [10]. Belief changes in regions that are already ex-
pected are suppressed, while changes in unexpected regions are retained. In this
way, Antithesis provides a more selective surprise measure and reduces the flooring
effect observed in Bayesian Surprise [10].

Formally, let = denote a possible outcome in the hypothesis space X', such as a
candidate future state or trajectory of the target vehicle. Let P(x) denote the prior
belief distribution before observing new evidence, and let Q(z) denote the posterior
belief distribution after incorporating the evidence. Antithesis surprise is defined as
follows [10]:

Q(ﬂf))
A = T LA T .
(@) /{a:EX:P(:c)<T,Q(x)>P(JJ)}Q< ) 10g<P(x) dz, (2.9)

where 7 is an expectation threshold that separates typical outcomes from atypical
outcomes under the prior belief [10].

This definition highlights two necessary conditions for an outcome to contribute
to Antithesis surprise [10]. First, the outcome must lie outside the expectation
region, meaning that it was assigned a relatively low probability under the prior
belief, P(x) < 7. Second, the outcome must exhibit increased belief after observ-
ing new evidence, such that its posterior probability exceeds its prior probability,
Q(z) > P(z). Only outcomes that satisfy both conditions are considered. For these
outcomes, the term log(Q(x)/P(z)) measures the information gain introduced by
the belief update, and this gain is weighted by the posterior probability Q(z).
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Figure 2.1 illustrates a case where belief updates do not extend beyond the original
expectation region, resulting in zero Antithesis surprise.

Belief Distribution

Expectation

Probability Density

/ ..................

Lateral Position [m]

' Postenar Increased Belief

Belief Region
=== Prior . Outside Expectations

Figure 2.1: Illustration of Antithesis when the regions Qutside Ezxpectation and
Increased Belief do not overlap.

The region of surprising information is defined as the overlap of two sub-regions, as
illustrated in Figure 2.1 [10]. The first is the Outside Ezpectation region, where the
prior belief assigns a low probability to an outcome. In this work, an expectation
threshold is defined using the average probability of the prior distribution. Outcomes
with prior probabilities below this threshold are shown as the blue shaded areas in
the figure.

The second sub-region is the Increased Belief region, where the posterior belief after
observing new evidence is higher than the prior belief [10]. This region is shown as
the red shaded area and represents outcomes that become more likely after the
observation.

Antithesis considers surprise only in the overlap of these two regions [10]. In other
words, an outcome is considered surprising only if it was originally unexpected
and becomes more likely after the belief update. This overlap corresponds to the
introduction of new expectations that were not present in the prior belief.

In the example shown in Figure 2.1, the Outside Expectation region and the In-
creased Belief region do not overlap. As a result, there is no region over which the
Antithesis metric is evaluated, and the Antithesis surprise value is zero [10]. This
example shows that Antithesis ignores belief updates that merely reinforce exist-
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ing expectations and responds only to belief changes that introduce new predicted
behaviour.

2.3 Belief Generation for Vehicle Motion

Belief generation for vehicle motion aims to describe future vehicle behaviour in a
probabilistic way. Instead of providing only a single deterministic trajectory, it rep-
resents possible future motions together with their likelihoods, so that uncertainty
in traffic scenes can be explicitly captured. In surprise-based safety assessment, this
belief distribution serves as the expected motion model against which the realised
motion is compared. Therefore, the quality of the belief representation directly
affects the interpretation of surprise metrics [15].

2.3.1 Belief Generation Based on Kinematic Models

To compute surprise-based safety metrics, a probabilistic belief over future vehicle
motion is required. In this thesis, such a belief is generated using a kinematic
motion model. The model itself is not sufficient without suitable trajectory data:
it requires frame-level motion states, including vehicle position, vehicle velocity,
a known sampling time step, and a consistent coordinate representation. These
requirements are important because the predicted belief is propagated from the
observed current state, and the observed future trajectory is later compared with this
belief. The detailed preprocessing of the highD trajectory data and the construction
of these model inputs are described in the methodology chapter.

Kinematic models describe motion through low-order derivatives of position and
represent deviations from ideal motion by stochastic process noise. They are widely
used because they are physically interpretable, computationally efficient, and suit-
able for short-horizon prediction. In the estimation literature, these models are also
referred to as polynomial models, since the nominal motion is obtained by setting
a certain derivative of position to zero, while uncertainty is introduced through
random disturbances [18].

In this work, the constant velocity (CV) model is adopted as the kinematics-based
belief representation used for the surprise calculations. To avoid introducing sepa-
rate one-dimensional and two-dimensional versions of the same model, the CV model
is written directly in the coordinate form used in this thesis. The vehicle state is
defined as

x, = ||, (2.10)

Uy k

where z;, and y;, are the longitudinal and lateral positions, and v, and v, are the
corresponding velocities at time step k.

Under the nominal CV assumption, acceleration is zero, which means that the object
moves with constant velocity in the absence of disturbances. Since real vehicles do
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not follow perfectly constant-velocity motion, deviations are represented by Gaussian
process noise:
Xk+1 = FQDXk —|— Wi, Wy ~ N(O, QQD)- (211)

The system matrix and process-noise covariance are then given by one unified ex-
pression:

1 T 0 0
010 0
Fop = 00 1 T
0 0 0 1
- (2.12)
G &5 00
T
QQD: 2 3 2
0 0 Qy% Qy%
0 0 ¢% ¢T

Here, T' is the sampling period, and ¢, and ¢, are the process noise intensities
in the longitudinal and lateral directions, respectively. This formulation presents
the implemented CV belief model in a single consistent form while allowing the
uncertainty in longitudinal and lateral motion to be modelled separately, which
is particularly useful in highway scenarios where car-following and lane-changing
behaviours may exhibit different dynamic characteristics [18].

Based on the above model, the belief at a future prediction horizon is obtained by
propagating the current state estimate forward in time. As a result, each future step
is associated with a Gaussian distribution over the predicted vehicle position. The
predicted mean represents the most likely motion under the kinematic assumption,
while the covariance describes the uncertainty that grows with prediction time. This
probabilistic belief forms the basis for the subsequent computation of surprise-based
metrics, since the observed future trajectory can then be evaluated against the
predicted belief distribution.

2.3.2 Belief Generation Based on Learning-Based Models

Unlike kinematic models, learning-based models do not rely on predefined motion
equations such as constant velocity or constant acceleration. Instead, they learn
a mapping from observed traffic context to future motion directly from data. In
this framework, the task of belief generation can be formulated as learning a condi-
tional distribution over future trajectories given historical observations, surrounding
agents, and road context:

P(Yirrsn | Xiy, M, T), (2.13)

where X1.; denotes the observed motion history of the target vehicle, M denotes
map information, and Z denotes the interaction context from surrounding traffic
participants. Compared with kinematic models, this formulation has broader data
requirements: it needs sufficient history of the target vehicle, information about
surrounding agents, and, when used, static road or map context. In addition, a

12
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learning-based model must be trained on representative trajectory data so that it
can learn the relationship between traffic context and future motion.

A central advantage of learning-based models is that they can represent the in-
herently multimodal nature of future driving behaviour. In real traffic, the same
observed state may lead to several plausible futures, such as lane keeping, lane chang-
ing, braking, or accelerating. Therefore, learning-based belief generation should not
be understood as predicting a single deterministic trajectory, but rather as estimat-
ing a probability distribution over multiple feasible future motions. This proba-
bilistic interpretation is especially important for surprise-based safety metrics, since
surprise is defined relative to an observer’s prior belief distribution rather than to
one single nominal prediction [10].

Recent trajectory prediction models achieve this by jointly encoding dynamic agent
histories and structured scene context. A representative example is VectorNet, which
represents both HD map elements and agent trajectories in vectorised form rather
than rasterised images. In VectorNet, map entities such as lane boundaries, cross-
walks, and traffic signs, as well as observed vehicle trajectories, are approximated as
polylines and then decomposed into vectors. Each vector is treated as a node with
geometric and semantic attributes, which allows the traffic scene to be represented
as a graph [19]. This vectorised representation preserves structural information in
a more direct way than image-based rendering and provides an efficient foundation
for motion forecasting.

To model scene structure, VectorNet [19] employs a hierarchical graph architecture.
At the first level, vectors belonging to the same polyline are aggregated into polyline-
level features, capturing local spatial and semantic structure. At the second level,
all polyline features are connected through a global interaction graph to model
higher-order dependencies among map elements and traffic participants. In this
way, the model can capture both local geometric continuity and global interaction
effects, which are critical for predicting behaviour in complex traffic scenarios. After
encoding, the future trajectory of the target vehicle is decoded from the learned scene
representation.

From the perspective of surprise modelling, the key requirement is that the learned
predictor should provide a probabilistic belief over future states. Dinparastdjadid et
al. describe such a belief as the output of a machine-learned generative model that
predicts how a traffic situation may evolve based on static and dynamic context. In
their formulation, the model produces a set of weighted candidate trajectories to-
gether with likelihood information. At each future time step, the uncertainty around
the predicted state along each candidate trajectory can be represented by a Gaus-
sian distribution. By combining the Gaussian predictions from multiple candidate
trajectories, the resulting belief at a given future timestamp becomes a Gaussian
Mixture Model (GMM) over future position [10]. This provides a natural proba-
bilistic representation for comparing expected and observed motion.
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More formally, the learned belief at a future time ¢ 4+ z may be expressed as

K
p(Xt+z ‘ Ct) = Z Tk N(Xt+z§ Ptz Ek,t+z) ) (2-14)
k=1

where C; denotes the available context at time ¢, K is the number of candidate motion
modes, 7y, is the probability weight of the Ath mode, and N (X;12; thy sy . Dkarz) 18
the Gaussian density describing the predicted state uncertainty for that mode. In
practical applications, C; must contain enough data to distinguish between plausible
future manoeuvres, such as recent motion history, neighbouring vehicle states, and
relevant road-context information. The estimation of the mixture weights, means,
and covariances also depends on the data used to train or calibrate the prediction
model. This formulation explicitly captures two forms of uncertainty: uncertainty
over which manoeuvre the vehicle will take, and uncertainty over the exact state
along a selected manoeuvre [10].

An additional advantage of this formulation is that it separates the time when a
prediction is generated from the future time about which the prediction is made.
This distinction is essential for later surprise computation. The prior belief can be
generated at an earlier time instant, while the posterior belief is updated using more
recent observations, but both beliefs are defined over the same future state. There-
fore, learning-based generative models not only provide trajectory forecasts, but also
establish the probabilistic belief structure required for probabilistic mismatch and
belief mismatch surprise measures [10].

In summary, learning-based belief generation models provide a flexible and expres-
sive alternative to classical kinematic predictors. By learning directly from data,
they can integrate road geometry, multi-agent interaction, and multimodal future
evolution into a unified probabilistic prediction framework. For this reason, they
are well suited for surprise-based traffic safety analysis, where the key quantity of
interest is not only the most likely future motion, but the full belief distribution
against which observed behaviour is evaluated. In this thesis, however, learning-
based models are discussed as theoretical context rather than implemented as part
of the evaluation. The implemented surprise calculations use the kinematics-based
belief representation described in the previous subsection.
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Methodology

3.1 Overall Workflow

Figure 3.1 summarizes the overall methodology adopted in this thesis. The analysis
begins with the processing of the highD dataset to extract the trajectory, lane, and
interaction information required for risky cut-in assessment.
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Figure 3.1: Overall workflow for risky cut-in identification and comparison using
surprise-based metrics and a THW-based classical baseline.

After data preparation, the study proceeds along two parallel branches. In the
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surprise-based branch, a belief generation framework is constructed to represent
future vehicle motion in probabilistic form. The predicted belief and the observed
future motion are then combined to compute surprise-based safety metrics, and
risky cut-in events are identified from cut-in candidates that simultaneously exhibit
abnormal surprise responses.

In parallel, the THW-based classical branch identifies risky cut-in events directly
from the prepared dataset using the minimum post-cut-in THW threshold and sup-
porting geometric filters. Unlike the surprise-based branch, this pipeline does not
require explicit belief generation. Instead, it evaluates hazardous interactions based
on post-cut-in temporal spacing and predefined safety criteria.

Finally, the outputs of the two branches are compared systematically. The com-
parison considers the number of detected events, the overlap between the detected
event sets, and the types of risky cut-in behavior emphasized by each method. This
workflow therefore provides a structured basis for evaluating the differences and com-
plementarities between belief-based surprise metrics and the THW-based classical
baseline in cut-in safety assessment.

3.2 Dataset and Scenario Preparation

3.2.1 Dataset Description

This thesis used the highD dataset, which contains naturalistic highway trajectory
data recorded from drone-based observations. The dataset provides frame-level ve-
hicle trajectories and vehicle-level metadata for vehicles observed on German high-
ways. These data are suitable for this thesis because they describe real highway
interactions at a high temporal resolution and include manoeuvres such as lane
changes, car-following interactions, and cut-in situations. In this thesis, all 60 local
highD recordings were used. The recordings were sampled at 25 Hz, corresponding
to a time step of 0.04 s.

An overview of the dataset information relevant to this thesis is given in Table 3.1.
In addition to the number of recordings and the sampling rate, the table reports
exposure-based quantities, including the number of observed vehicles, vehicle hours,
and vehicle kilometres. These quantities describe the amount of vehicle-level tra-
jectory data available for the analysis, rather than only the duration of the video
recordings.
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Table 3.1: Overview of the highD trajectory data used in this thesis.

Dataset characteristic Value

Number of recordings 60

Recording locations 6 highway locations
Sampling rate 25 Hz

Total recording duration 16.66 h

Number of observed vehicles 110,516

Vehicle hours 441.40 h

Vehicle kilometres 44.475.61 km

Average vehicle speed 100.76 km/h

Lane changes recorded in track 13,949

metadata

Vehicle classes 89,139 cars; 21,377 trucks
Main scenario type analysed in this Risky cut-in events

thesis

Baseline reference data Normal-driving vehicle interactions

Here, vehicle hours refer to the accumulated visible duration of all individual vehicle
trajectories, while vehicle kilometres refer to the accumulated travelled distance
of all observed vehicles. The average vehicle speed was calculated as the ratio
between vehicle kilometres and vehicle hours. The lane-change value refers to the
lane changes recorded in the local track metadata and is therefore reported as a
dataset descriptor rather than as the final number of risky cut-in events used in the
analysis.

Overall, the dataset provided a large amount of vehicle-level trajectory information
under naturalistic highway conditions. This was important for two parts of the
analysis. First, the large number of observed vehicles and lane-change manoeuvres
provided the basis for extracting candidate cut-in events. Second, the continuous
frame-level trajectories allowed normal-driving interactions to be selected as baseline
references for estimating typical surprise-metric values.

3.2.2 Target Scenario Types

The main target scenario considered in this study is highway cut-in interaction. A
cut-in event generally refers to a situation in which a vehicle changes lane and enters
the lane space in front of or near another vehicle, thereby altering the local interac-
tion pattern and potentially increasing safety risk. Such scenarios are of particular
interest in highway traffic analysis because they involve both lateral maneuvering
and longitudinal interaction between multiple traffic participants.

Cut-in behavior is selected as the primary scenario type for two main reasons. First,
it is a common and representative form of vehicle interaction in multilane highway
traffic, especially in dense or moderately congested conditions where lane changes
frequently influence the motion of surrounding vehicles. Second, the safety relevance
of a cut-in event cannot be fully understood from the lane-changing vehicle alone,
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but must be interpreted together with the responses and relative states of nearby
vehicles. This makes cut-in scenarios well suited for a comparative study between
a THW-based classical baseline and surprise-based metrics, since both approaches
aim to capture different aspects of interaction-related risk.

At this stage, the study focuses on risky cut-in interactions as the target scenario in
highway traffic. The purpose of this subsection is to define the scenario domain and
motivate its relevance for traffic safety analysis, while the detailed identification of
risky cases is introduced in the subsequent methodology sections.

3.2.3 Coordinate System Representation and Relative-State
Construction

To analyze vehicle interactions, it is more useful to describe surrounding vehicles
from the perspective of the ego vehicle rather than only using the original global
coordinates in the highD dataset. This is because safety-related situations, such as
car-following and cut-in interactions, mainly depend on the relative position and rel-
ative motion between vehicles. Therefore, before further analysis, the raw trajectory
data are transformed into an ego-centered relative-state representation.

N Yleft

Surrounding| v, o/

Relative lateral
position

X forward

»
»

<+
m
«Q
[S)

-
Relative longitudinal position

Figure 3.2: Ego-centered coordinate system for representing surrounding vehicle
states.

As shown in Figure 3.2, the ego vehicle is used as the local reference vehicle. The
origin of the coordinate system is placed at the geometric center of the ego vehicle.
The longitudinal axis xf,wara points along the driving direction of the ego vehicle,
while the lateral axis e points to the left side of the ego vehicle.

For each surrounding vehicle, its state is expressed relative to the ego vehicle in
this local coordinate system. The relative longitudinal position describes how far
the surrounding vehicle is in front of or behind the ego vehicle, while the relative
lateral position describes its offset to the left or right. In addition, the relative
velocity components v 1 and vy e describe the motion of the surrounding vehicle
with respect to the ego vehicle in the longitudinal and lateral directions.
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The relative state of a surrounding vehicle at frame ¢ is represented as

Lforward <t>
Vg rel (t)
Yleft (t)
Vy,rel (1)

Xrel(t) = (31)

To ensure consistency across recordings and driving directions, coordinate signs are
normalised based on the ego vehicle’s direction of travel. After normalisation, posi-
tive Torwara @lways represents the forward direction of the ego vehicle, and positive
Yoty always represents the left side of the ego vehicle.

Both analysis pipelines use the constructed relative state X, (t). In the surprise-
based pipeline, relative position and relative velocity are used to generate proba-
bilistic predictions of surrounding vehicle motion, which are then compared to the
observed future relative position. In the THW-based classical pipeline, relative spac-
ing and follower speed are used to calculate post-cut-in THW for event screening.

3.3 Trajectory Prediction and Belief Generation
Model

This thesis treats trajectory prediction and belief generation as two sequential com-
ponents. The trajectory prediction model first estimates the expected future motion
of surrounding vehicles and generates a deterministic mean trajectory. The belief
generation model then adds uncertainty around this mean trajectory and represents
the prediction as a probabilistic belief [15, 10]. Therefore, trajectory prediction
describes where a vehicle is expected to be, while belief generation describes the un-
certainty of this expectation. This belief is later used as the reference for calculating
surprise-based metrics.

A kinematics-based constant-velocity model was selected for this purpose [18]. The
aim was not to develop a complex trajectory forecasting model, but to define a
simple and consistent expectation against which observed vehicle motion could be
compared. Under this assumption, a surrounding vehicle is expected to continue
with its current relative motion. When the observed future motion differs from this
expectation, the difference can be interpreted as a mismatch between expected and
observed behaviour.

This modelling choice is suitable for the purpose of this thesis because it provides
a transparent baseline for highway driving scenarios. In normal short-term car-
following, vehicle motion is often relatively smooth, so the constant-velocity as-
sumption gives a reasonable reference expectation. In contrast, manoeuvres such as
cut-ins, hard braking, or sudden acceleration can lead to clear deviations from this
reference. These deviations are directly relevant for surprise-based safety evaluation.
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3.3.1 Kinematic-Based Trajectory Prediction

In this thesis, a kinematics-based trajectory prediction model is used to calculate the
future mean trajectory of surrounding vehicles. The model relies on a deterministic
constant-velocity assumption. Its goal is not to capture complex driver intentions
or manoeuvre decisions, but rather to provide a straightforward and interpretable
prediction baseline for the subsequent belief generation process.

The prediction is made using the ego-centered coordinate system. For each ego vehi-
cle at each valid frame, nearby vehicles are first chosen from a predefined neighbour-
hood region. A vehicle is retained if it appears in the same frame as the ego vehicle, is
not the ego vehicle itself, meets the same-direction condition when driving-direction
information is available, and is within the selected interaction window. This study
limits the forward range to 0 to 200 m and the lateral range to —25 to 25 m.

For each selected surrounding vehicle, the current relative state follows the same
order as the CV state in Equation 2.10:

Ty
Vgt
Xy = , 3.2
=1 (3.2)
Uy,t

where z; denotes the relative longitudinal position in the ego-forward direction, 1
denotes the relative lateral position toward the left side of the ego vehicle, and v, ;
and v, ; are the corresponding relative velocity components.

The future mean trajectory is then generated by applying the unified CV transition
model from Equation 2.11. For prediction step k, this gives

Xpow = Fhoxy,  k=1,2,..., H, (3.3)

where H is the prediction horizon and the sampling period in Fop is set toT' = 0.04 s
for the 25 Hz highD data.

In the implementation, the prediction horizon is set to H = 125 frames, correspond-
ing to a 5-second look-ahead duration. Therefore, for each selected surrounding
vehicle, the model generates a sequence of predicted future relative positions from
the current frame to 5 seconds into the future.
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3.3.2 Belief Generation Based on Kinematic Trajectory Pre-
diction

Algorithm 1 Belief generation based on a kinematics-based trajectory model

Require: highD trajectories, metadata, prediction horizon H, sampling period T
Ensure: Gaussian belief predictions for surrounding vehicles

1: Load trajectory data and metadata

2: Define the ego-centered coordinate system and interaction region

3: for each selected recording r do

4: Build frame-level vehicle-state indices

5: for each ego vehicle e do

6: for each frame t do

7: Transform surrounding vehicles into the ego-centered frame
8: Select vehicles within the interaction region

9: for each selected surrounding vehicle j do
10: Extract relative state x; = [z, Ve, Ys, Vys] "

11: Initialize covariance Py

12: for k =1to H do

13: Propagate mean state using Equation 2.11

14: Extract p, ., from state components 1 and 3

15: Propagate covariance using Equation 2.12

16: Extract o,(t + k) and o,(t 4+ k) from the position variances
17: Construct Gaussian belief B,

18: Store prediction and available future observation

19: end for
20: end for
21: end for
22: end for
23: end for

24: Return belief prediction table for surprise-metric computation

Algorithm 1 summarizes how the kinematics-based prediction results are converted
into probabilistic beliefs. Since the ego-centered coordinate representation and the
constant-velocity prediction model have already been introduced, this subsection fo-
cuses on how the predicted trajectory is represented as a Gaussian belief distribution
for later surprise computation.

Using the current state x; and the predicted mean state x;,; defined in the trajectory-
prediction subsection, the Gaussian mean is extracted from the longitudinal and
lateral position components:

o il o0

where p, ;. is the predicted mean position vector at future step ¢ + k, x;1 is the
predicted mean state obtained from the CV model, and [X;,x]; and [X;,x]3 denote
its longitudinal and lateral position components, respectively.
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To convert this deterministic prediction into a probabilistic belief, the model propa-
gates the full position—velocity covariance using the same system matrix and process-
noise covariance given in Equation 2.12:

P11 = FopPiFop + Qap. (3.5)

Here, Py, is the propagated covariance of the state [z, v,,y,v,]T. The process-noise
parameters ¢, and g, determine how quickly the uncertainty grows over the predic-
tion horizon.

Only the position components of the propagated covariance matrix are used in the
final belief representation. Therefore, the marginal position standard deviations are
obtained as

o.(t +k) = [Pk]l,l’ oyt +k) = [Pk]3,3' (3.6)

Each future prediction step is then represented as a two-dimensional Gaussian belief:

Bt—i—k =N (#’tﬂc? [Ug(t(j— k) UZ(tOJF /{)‘|> : (3'7)

In this representation, the mean vector describes the most expected future relative
position of the surrounding vehicle, while the covariance matrix describes the un-
certainty around this prediction. The exported belief uses a diagonal covariance
matrix, retaining only the marginal uncertainty in the Zgorwara and yeg directions.

The belief generation stage therefore produces a sequence of Gaussian distributions
over future relative positions, rather than a risk label. For each prediction step, the
generated belief is stored together with the corresponding observed future position
when it is available. In the following surprise computation stage, the observed po-
sition is evaluated under the predicted belief distribution. If the observation lies
in a low-probability region of the belief, the motion is interpreted as more unex-
pected. In this way, the belief generation model provides the probabilistic reference
distribution required for computing surprise-based safety metrics.

3.3.3 Estimation of Process Noise and Initial Covariance

The covariance propagation described above requires the uncertainty parameters, in-
cluding the process-noise parameters g, and ¢, and the initial covariance Fy. These
parameters determine the spread of the Gaussian belief distribution. The process-
noise parameters control how fast the prediction uncertainty increases over the pre-
diction horizon, while the initial covariance describes the uncertainty of the current
position-velocity state at the start of prediction.

In this thesis, the initial covariance is represented separately for the longitudinal and
lateral axes as P, g and P, o, respectively. Here, P, describes the initial uncertainty
of the longitudinal position-velocity state [z,v,]", while P, describes the initial
uncertainty of the lateral position-velocity state [y, v,]". Together with ¢, and g,
these matrices define the covariance sequence P, and P, used in the Gaussian
belief generation.
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The uncertainty parameters are estimated from trajectory segments that are close to
constant-velocity motion. These near-constant-velocity segments are used because
their remaining deviations from ideal constant-velocity motion can be interpreted
as the natural uncertainty of the kinematic prediction model. A segment is selected
as near-CV when the relative longitudinal acceleration, relative lateral acceleration,
and lateral velocity remain small over a continuous sequence of frames. In the
current implementation, the default selection conditions are

la,| < 0.50 m/s?, la,| < 0.35 m/s?, lv,] < 0.50 m/s. (3.8)

with a minimum continuous run length of 15 frames.

These thresholds are used as calibration settings for extracting a near-constant-
velocity subset, rather than as universal limits of normal driving. Their selection
was guided by the highD sampling rate, typical vehicle motion ranges in previous
studies, and the amount of data retained after filtering. Since highD is recorded at
25 Hz, one frame corresponds to 0.04 s [12]. The longitudinal acceleration threshold
of 0.50 m/s? therefore corresponds to only 0.02 m/s velocity change per frame and
at most 0.30 m/s over the required 15-frame interval. This value is lower than
typical comfortable acceleration values used in car-following models, which are often
around 0.8-1.5 m/s? [22]. It is therefore suitable for selecting segments with stable
longitudinal motion.

The lateral thresholds were chosen to exclude clear lateral manoeuvres. The lat-
eral acceleration limit was set lower than the longitudinal limit because highway
lane-keeping motion is expected to have weaker lateral dynamics. Over 15 frames,
0.35 m/s? corresponds to a lateral velocity change of about 0.21 m/s, which still
allows small within-lane corrections. The lateral velocity threshold of 0.50 m/s was
used to exclude obvious lane-changing motion. Since reported lane-change durations
are commonly around 5-6 s, a standard lane width of about 3.5 m implies an average
lateral velocity of approximately 0.6 m/s during a lane change [20, 21]. Therefore,
the selected lateral limits allow small natural fluctuations while excluding most clear
lane-changing movements.

The process-noise parameters g, and g, are estimated from the velocity increments
within the accepted near-CV segments. For two consecutive frames, the velocity
increment is defined as

AUZ‘ = Vj41 — V;. (39)
Under an ideal constant-velocity assumption, this increment would be zero. In real
trajectory data, small non-zero increments remain due to natural driving variations,
measurement noise, and modelling errors. Therefore, the variance of these velocity
increments is used as an empirical measure of motion uncertainty. The longitudinal
and lateral process-noise parameters are computed separately as

Var(Av,) | Var(Av,) .
¢» = max <At, 10 8) , q, = max (Aty 1078 . (3.10)

The division by At converts the discrete velocity-increment variance into the process-
noise spectral density used in the covariance model.
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The lower bound 1072 is applied to avoid zero or degenerate process-noise values.
This value is used only as a numerical floor and is not intended to affect the cal-
ibrated uncertainty parameters. In the calibration results, the estimated process-
noise intensities were ¢, = 1.74 x 1072 and ¢, = 9.20 x 10™*, both of which are
several orders of magnitude larger than 10~8. Therefore, the floor only serves as a
safeguard against numerical degeneracy in exceptional cases.

The initial covariance F, is estimated from the fitting errors of short near-CV tra-
jectory segments. For each sufficiently long near-CV segment, a constant-velocity
trajectory is fitted to the observed motion. In one coordinate direction, this fitting
can be written as

Pi = po + Voli, (3.11)
where p; is the observed position at time t;, and py and vy are the fitted initial
position and velocity. The fitted initial state is then compared with the observed
initial state of the segment, producing initial-state residuals:

__ _obs A __ _.obs A
€p0 = Do — Pos €v,0 = Uy — Vo. (3.12)

By collecting these residuals over all accepted near-CV fitting segments, the initial
position and velocity variances are estimated. The initial covariance matrices are
then represented as diagonal covariance blocks:

Var(e, ) 0 | Var(ey) 0
0 Var(e%o)] ’ 0~ [ 0 Var(ey, )| (3.13)

Here, e, and e, are the initial position residuals in the longitudinal and lateral
directions, while e, o and e,, o are the corresponding initial velocity residuals. A
minimum segment length of 8 frames is used before a segment is included in the
initial covariance estimation.

Po= P

Y,

Since the highD dataset is recorded at 25 Hz, 8 frames correspond to approximately
0.32 s. This minimum length was used as a practical calibration setting to ensure
that the initial residuals are estimated from a short but continuous motion segment,
rather than from isolated frames. Very short segments may produce unstable resid-
ual estimates because they are more sensitive to frame-level noise and small local
fluctuations. At the same time, the window should not be too long, because Py is
intended to describe the initial uncertainty at the beginning of a prediction segment,
not the accumulated uncertainty over a longer trajectory. Therefore, the 8-frame
requirement provides a balance between numerical stability and retaining enough
near-CV samples for covariance estimation.

The estimated q,, q,, Py, and P, o are then used as the inputs to the covariance
propagation described above. As a result, the deterministic constant-velocity mean
prediction is extended into a Gaussian belief distribution whose uncertainty is cali-
brated from near-constant-velocity driving data.

3.3.4 Main Parameter Settings

The main parameter settings of the kinematics-based belief generation model are
summarized in Tables 3.2 and 3.3. Table 3.2 presents the deterministic trajectory
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prediction settings, while Table 3.3 summarizes the Gaussian belief representation
and the main uncertainty-calibration settings.

Table 3.2: Main parameter settings for the kinematics-based trajectory prediction
model.

Parameter Value Description

Frame rate 25 Hz Dataset sampling rate

Time step At 0.04 s Frame interval

Prediction horizon H 125 frames Number of prediction steps
Prediction duration 5.0 s Look-ahead time

Forward range 0 to 200 m Longitudinal selection window
Lateral range —25t0 25 m Lateral selection window

Motion assumption Constant velocity  Fixed relative velocity

Mean output po(t + k), puy(t + k) Predicted future relative position

It should be noted that the prediction horizon H used in the trajectory prediction
model is conceptually different from the history window h used later in the surprise
calculation. The horizon H defines the maximum future duration over which the
deterministic trajectory and Gaussian belief are propagated. In this thesis, H = 125
frames, corresponding to 5.0 s at 25 Hz. By contrast, the history window h defines
how far back in time the prior belief is generated for the comparison between prior
and posterior beliefs, while the lookahead time z defines the future time point at
which the predicted belief and the observed motion are compared. Therefore, H is
a trajectory-prediction setting, whereas h and z are temporal settings used in the
surprise-based evaluation.

Table 3.3: Main parameter settings for Gaussian belief generation and NCV un-
certainty calibration.

Parameter Value Description

Belief representation Diagonal Gaussian Future position belief
Belief mean CV prediction Predicted mean position
Exported uncertainty o.(t+k),o,(t + k) Position uncertainty
Exported covariance Diagonal Marginal covariance only
Internal covariance state Position—velocity Internal propagation state
Process-noise parameters Qx> Qy Uncertainty growth
Initial covariance Pro,Pyo Initial state uncertainty
Longitudinal acceleration threshold |a,| < 0.50 Near-CV selection

Lateral acceleration threshold la,| <0.35 Near-CV selection

Lateral velocity threshold |v,| < 0.50 Near-CV selection
Minimum near-CV run length 15 frames Process-noise samples
Minimum fitting length 8 frames Initial covariance fit
Numerical floor for ¢ 1078 Non-zero process noise
Numerical floor for F, 108 Non-zero covariance
Estimation scope Per recording Recording-wise calibration
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The prediction horizon and forward selection range were chosen to correspond with
the temporal and spatial scales of highway cut-in interactions. The prediction hori-
zon is defined as H = 125 frames. The highD dataset is recorded at 25 Hz, resulting
in a 5.0 s look-ahead window. This duration is appropriate for cut-in analysis be-
cause lane-changing behaviour is not an instantaneous occurrence. Previous research
has shown that lane-change durations are typically around 5-6 s [20]. As a result, a
5-second prediction horizon is long enough to cover the majority of a typical lane-
change or cut-in manoeuvre while remaining within a short-term prediction range.

The forward selection range is set to 0 to 200 m, covering the safety-relevant region
ahead of the ego vehicle within this prediction horizon. The highD dataset includes
naturalistic vehicle trajectories captured on German highways [12], where vehicles
can travel at high speeds. According to German motorway design guidelines [23],
the recommended speed for long-distance motorways is 130 km/h. This speed is
approximately 36.1 m/s, implying that a vehicle can travel around 180 m in 5 s.
A forward range of 200 m is sufficient to cover vehicles that may become relevant
within the 5-second prediction window, while also leaving a small spatial buffer.

The belief generation settings extend the deterministic prediction into a probabilistic
representation. The predicted future position is used as the Gaussian mean, while
the marginal standard deviations o,(t + k) and o, (¢t + k) describe the uncertainty
in the longitudinal and lateral directions. The detailed estimation of g,, g,, and F,
has been described in Section 3.3.3. Therefore, this subsection only summarizes the
final parameter settings used to generate the Gaussian belief sequence.

3.3.5 Prediction Output

This stage produces a predicted future path for each selected surrounding vehicle.
This path represents the expected motion based on the constant-velocity assump-
tion.

To visualise the prediction result, compare the predicted path to the observed future
trajectory from the highD dataset. If the vehicle moves steadily, the two trajecto-
ries are similar. If the vehicle accelerates, brakes, or changes lanes, the observed
trajectory deviates from the predicted path.

This deviation indicates how different the actual motion is from the expected mo-
tion. In the subsequent belief generation step, the predicted path serves as the
probabilistic belief’s mean trajectory.

Figure 3.3 illustrates an example of the belief generation result in the ego-centered
coordinate system. The constant-velocity model provides the predicted mean trajec-
tory of the surrounding vehicle, while the Gaussian ellipses represent the associated
uncertainty of the future position at successive prediction steps. The observed future
trajectory is plotted together with the predicted belief sequence for comparison. In
this way, the figure shows not only the expected future motion of the surrounding
vehicle, but also how the uncertainty evolves along the prediction horizon. When
the actual motion deviates from the constant-velocity assumption, the difference
between the observed trajectory and the predicted belief becomes more apparent.
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Surrounding .
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Trajectory

Figure 3.3: Example output of the kinematics-based trajectory prediction and
belief generation model

3.4 Scenario Identification Based on the THW-
Based Classical Baseline

3.4.1 THW-Based Classical Metric Used in This Study

In this study, THW is retained as the classical surrogate safety metric in the cut-
in detection pipeline. Its general definition and interpretation have already been
introduced in Equation 2.1, so this subsection only describes how the metric is
implemented for event screening.

For each detected lane-change event, THW is computed between the cut-in vehicle
and its post-change follower over the valid post-change interval, where both vehicles
are simultaneously observed in the trajectory data. Following the THW definition
in Equation 2.1, the distance term d is implemented as the net bumper-to-bumper
longitudinal gap between the two vehicles, and the speed term is the longitudinal
speed of the following vehicle.

THW is evaluated frame by frame in the post-change segment and then summarized
at the event level using the minimum finite post-change value, denoted as THWPS!,
This value represents the smallest temporal spacing observed after the cut-in and is
used as the classical event-level severity indicator. To avoid unstable or physically
unclear values, THW is only evaluated when the follower speed is above the pre-
defined minimum speed threshold. Frames with non-positive gaps or invalid speed
values are excluded from the event-level summary.

A cut-in event is accepted by the THW-based classical branch when THWPS' <
3.0 s. This threshold is used as an operational criterion for identifying short temporal
gaps after lane changes. Therefore, in the present methodology, THW is not used
as a general traffic-flow descriptor, but as a frame-level metric that is aggregated

into an event-level indicator for THW-based classical cut-in detection.
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3.4.2 Scenario Screening and Triggering Strategy
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Figure 3.4: THW-based classical cut-in scenario screening workflow.

Figure 3.4 depicts the workflow of the THW-based classical cut-in scenario screening
process. The procedure begins by loading each highD recording and preprocessing
the trajectory data, which includes sorting vehicle trajectories and defining an anal-
ysis window centred on potential lane-change moments. Lane-change candidates are
then identified using changes in lane ID for each vehicle trajectory.

For each valid lane-change candidate, the algorithm identifies the new following
vehicle and uses common frame indices to align the lane-changing vehicle and the
follower’s trajectories. Candidates with insufficient valid post-change frames are re-
jected. The remaining candidates’ bumper-to-bumper gap and THW are calculated
during the post-change window. THW is calculated using the longitudinal gap and
speed of the following vehicle.

The final triggering decision is made using the THW-related filter in conjunction
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with additional geometric and kinematic constraints. A candidate is accepted only
if the minimum post-change THW is less than the predefined threshold and the
gap and relative-speed conditions indicate a significant close-following interaction.
Accepted candidates are stored as THW-based classical cut-in events and appended
to the THW-based event set Ep. This event set is then used to compare with the
surprise-based event set.

3.4.3 Filter Settings

The filter settings used in the THW-based classical cut-in screening workflow are
summarized in Table 3.4. In this implementation, THW is used as the classical
surrogate safety metric for triggering cut-in events. This is a methodological choice
made to obtain an inclusive set of close-following cut-in interactions, rather than
only crash-imminent events. TTC and DRAC are relevant classical surrogate safety
metrics introduced in the theory chapter, but they are not used as event-triggering
criteria or in the final precision—recall comparison. The THW-based trigger provides
a practical basis for identifying relevant cut-in interactions for comparison with the
surprise-based metrics. Other conditions, such as follower existence, common-frame
availability, gap constraints, and relative-speed constraints, are used as quality filters
to ensure that each detected lane-change candidate represents a meaningful close-
following interaction.

Table 3.4: Main filter settings for THW-based classical cut-in screening.

Filter Setting

Lane-change candidate laneId change

New follower Required

Analysis window —2 s to +4 s around lane change
Valid post-change frames > 3 frames

Minimum follower speed 1.0 m/s

THW trigger min(THW ) < 3.0 s

Minimum post-change gap 0.5 m
Maximum change-frame gap 150.0 m
Relative-speed condition Av <0

The filters in Table 3.4 serve two purposes: candidate construction and event trig-
gering. The lane-change filter identifies possible cut-in candidates based on changes
in laneId. This aligns with the highD dataset’s structure, which includes lane-level
vehicle trajectory data and a large number of recorded lane changes for highway
scenario analysis [12]. After identifying a lane-change candidate, the new-follower
condition is used to ensure that the lane change results in a new car-following inter-
action. Without this condition, ordinary lane changes that do not affect the next
vehicle could be included.

The analysis window between 2 s before and 4 s after the lane change captures
both the pre-change context and the immediate post-change interaction. The post-
change section of the window is particularly important because the following vehicle
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is only affected after the cut-in vehicle has entered its lane. The requirement for
at least three valid post-change frames ensures that THW and gap values are not
calculated using a single frame. Because the highD data is sampled at 25 Hz, three
frames correspond to a short but non-zero time interval, which primarily serves as
a data-validity check rather than a safety threshold.

The primary triggering metric in this THW-based classical screening workflow is
THW. THW is commonly used as a surrogate safety indicator for car-following
risk because it directly correlates the distance between two vehicles with the speed
of the following vehicle. Previous traffic safety studies have discussed headway-
based indicators alongside other surrogate measures such as TTC. Recommended
following-time rules are often expressed in seconds, such as the commonly used two-
or three-second range [6, 24]. Hence, the threshold min(THW ) < 3.0 s is used as
a relatively inclusive criterion to identify potentially relevant close-following cut-in
events, rather than a strict crash-imminent threshold. It should be noted that some
countries, such as Sweden, recommend at least 3s THW, while in other countries
the recommendations are shorter (e.g., Germany recommending at least X s THW).
These recommendations clearly shows the inclusiveness of the THW threshold used.

The final filters are quality and consistency constraints. The minimum follower
speed prevents unstable THW values when the denominator approaches zero. The
minimum post-change gap eliminates physically invalid or overlapping cases, whereas
the maximum change-frame gap eliminates interactions that are too far apart to be
meaningful. Finally, the relative-speed condition Av < 0 requires the cut-in vehicle
to be slower than the following vehicle during the lane-change. This ensures that the
follower approaches from behind, which corresponds to the intended close-following
cut-in scenario.

3.5 Scenario Identification Based on Surprise-Based
Metrics

3.5.1 Surprise Metrics Used in This Study

This study employs four surprise metrics to describe unexpected behaviour in the
predicted belief of nearby vehicle motion: Shannon Surprisal, Residual Informa-
tion, Bayesian Surprise, and Antithesis. Their theoretical definitions have already
been introduced in Equations 2.4, 2.7, 2.8, and 2.9. Therefore, this subsection only
describes how these metrics are used in the surprise-based screening pipeline.

In the pipeline, one value of each surprise metric is calculated for every sampled
frame of a vehicle interaction and linked to the corresponding recording, ego vehicle,
and frame index.

Since the highD data are sampled at 25 Hz, this means that each metric produces
one value every 0.04 s. For example, for one ego—surrounding-vehicle interaction,
the sequence of Residual Information, Bayesian Surprise, or Antithesis values over
consecutive frames shows how the surprise response changes before, during, and after

30



3. Methodology

a cut-in. These frame-level sequences form the foundation for subsequent event-
level summaries in the surprise-based scenario identification process. The detailed
screening strategy and triggering conditions based on these metrics are described in
the subsections below.

3.5.2 Scenario Screening and Triggering Strategy
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Figure 3.5: Surprise-based cut-in scenario screening and triggering workflow.

Figure 3.5 depicts the workflow of the surprise-based cut-in scenario screening and
triggering process. The procedure begins by loading each highD recording together
with the corresponding frame-level surprise data and baseline percentile thresholds.
After preprocessing the trajectory data, lane-change candidates are identified from
changes in lane ID for each vehicle trajectory.

For each valid lane-change candidate, the algorithm identifies the new following ve-
hicle and aligns the trajectories of the lane-changing vehicle and the follower using
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common frame indices. Candidates with insufficient valid post-change frames are
rejected. Basic geometric checks are then applied to ensure that the candidate rep-
resents a meaningful interaction before the surprise-based evaluation is performed.

For the remaining candidates, the corresponding surprise window is extracted from
the frame-level surprise time series. The four surprise metrics, including Shannon
Surprisal, Residual Information, Bayesian Surprise, and Antithesis, are summarized
within the analysis window using event-level values such as peak and mean re-
sponses. These summaries describe the intensity of the expectation violation during
the candidate cut-in event.

The final triggering decision is based on the surprise metrics and their baseline
percentile thresholds. In the current implementation, Residual Information is used
as the main surprise trigger, while Bayesian Surprise and Antithesis are used as
auxiliary conditions. Shannon Surprisal is retained as a summarized metric but is
not used as the primary trigger. Candidates satisfying the surprise-based triggering
rule are stored as surprise-based cut-in events and appended to the surprise event
set Fg. This event set is later compared with the THW-based classical event set
ET‘

The temporal settings used in the main surprise-based detection pipeline were h =
1.0 s and z = 0.2 s. Here, the history window h defines how far back the prior belief
is generated, while the lookahead time z defines the future time point at which the
predicted belief and observed motion are compared. These settings were used for the
main surprise-based event detection and for the comparison with the THW-based
classical method. To examine the sensitivity of the results, additional analyses were
conducted with h = 0.5s, 1.0 s, and 2.0 s under a fixed z = 0.2 s, and with z = 0.2 s,
1.0 s, and 2.0 s under a fixed h = 1.0 s.

3.5.3 Filter Settings

The main filter settings used in the surprise-based cut-in screening pipeline are sum-
marized in Table 3.5. The pipeline uses a combination of geometric candidate filters
and data-derived surprise thresholds. The geometric filters are used to ensure that
the selected candidates represent meaningful cut-in interactions, while the surprise
thresholds determine whether the candidate shows an abnormal expectation viola-
tion compared with normal driving. In the trigger notation, A denotes the Antithe-
sis value and p95 denotes the 95th percentile of the corresponding normal-driving
baseline.
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Table 3.5: Main filter settings for surprise-based cut-in screening.

Filter Setting

Lane-change candidate laneld change

New follower Required

Analysis window —2 s to +4 s around lane change
Valid post-change frames > 3 common frames

Minimum gap 0.5 m

Maximum insertion gap  100.0 m
Minimum follower speed 1.0 m/s for THW calculation
Surprise data alignment  recording_id, ego_id, and frame

Baseline thresholds Percentiles from normal-driving baseline
Active trigger RI > Rl,5 and (BS > BSpg; or A > Apgs)
Post-trigger check Gap < 150.0 m, Av <0

The filter settings in Table 3.5 are chosen to balance valid cut-in candidate construc-
tion with data-driven abnormality detection. The lane-change and new-follower fil-
ters are used because the highD dataset provides lane-level trajectory information
and naturalistic highway lane-change scenarios, making lane-ID transitions and new
following relationships suitable indicators for cut-in candidate extraction [12]. The
gap, follower-speed, and relative-speed constraints serve as quality filters, removing
invalid or weakly interacting cases. These settings align with the car-following in-
terpretation of headway-based safety indicators, which emphasises the longitudinal
gap and speed of the following vehicle in assessing interaction risk [6].

The surprise thresholds are derived from the normal-driving baseline, rather than
being manually selected constants. Stable car-following baseline frames are matched
with frame-level surprise outputs using recording_id, ego_id, and frame. The re-
sulting normal-driving surprise distribution is used to compute percentile thresholds.
This follows the idea of defining abnormality in relation to a reference distribution

[25]. This study uses p95 as an inclusive threshold for unusually high surprise values.
A candidate is accepted into Eg if RI > Rl,; and (BS > BSpg; or A > Apgs).

3.5.4 Normal-Driving Baseline and Data-Driven Threshold
Calibration

After calculating the frame-level surprise metrics, a normal-driving baseline is con-
structed to determine the thresholds for RI, BS, and Antithesis. The same baseline
construction procedure is used for all three metrics, so that their thresholds are
derived from a common normal-driving reference set.

Stable car-following frames are first selected from normal driving records. A frame
is retained only when the ego vehicle remains in the same lane, follows the same
preceding vehicle within the selected time window, and has a valid preceding vehicle
located in front of it. In addition, the gap and THW values are required to stay
within normal car-following ranges. Frames with sudden changes in gap or THW are
removed, and repeated frame samples caused by overlapping windows are excluded
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to avoid double counting. The numerical filtering settings used in this step are
summarized in Table 3.6.

Table 3.6: Numerical filtering settings for constructing the normal-driving baseline.

Filtering aspect Value used in this study

Stability window 100 frames, corresponding to 4.0 s at 25
Hz.

Sliding step size 50 frames, corresponding to 2.0 s at 25
Hz.

Lane and leader stability Constant lane; constant non-zero pre-
ceding vehicle.

Valid car-following relation Preceding vehicle in front of the ego ve-
hicle; positive net gap.

Ego speed > 3.0m/s.

Ego longitudinal acceleration la,| < 1.5m/s%.

Ego lateral velocity lv,| <0.3m/s.

Leader speed > 3.0m/s.

THW range 2.5s < THW < 6.0s.

Frame-to-frame gap continuity Gap jump < 2.0m.

Frame-to-frame THW continuity THW jump < 0.3s.

Duplicate removal One sample is kept for each ego vehicle
and frame.

The selected baseline frames are then matched with the corresponding frame-level
surprise results. This step links each normal-driving frame with its residual infor-
mation, Bayesian surprise, and antithesis values. If a metric value is missing or
invalid for a certain frame, that frame is not used for the threshold calculation of
that metric.

The threshold is calculated separately for each surprise metric. For residual infor-
mation, all valid residual information values from the normal-driving baseline are
collected, and the 95th percentile of this distribution is used as the residual informa-
tion threshold. The same procedure is applied to Bayesian surprise and antithesis.
Therefore, although the three metrics share the same normal-driving baseline frames,
each metric has its own threshold because their numerical ranges and distributions
are different.

In this study, a metric value above its corresponding 95th percentile threshold means
that the response is unusually high compared with normal driving. This exceedance
is used only as a screening condition. It does not directly mean that the frame or
event is risky. The final risky cut-in detection is still determined by the event-level
screening rules introduced in the following section.
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Results

This chapter presents the results of the proposed evaluation framework. It first
reports the surprise-metric thresholds obtained from the normal-driving baseline.
It then compares the risky cut-in events detected by the THW-based baseline and
the surprise-based method, including their overlap and event-level differences. The
chapter further evaluates detection performance using precision-recall analysis and
examines the sensitivity of the surprise-based metrics to the history window h and
lookahead time z. These results provide the basis for assessing whether surprise-
based metrics offer complementary information to the THW-based baseline in high-
way cut-in scenarios.

4.1 Threshold Values of Surprise-Based Metrics
from the Normal-Driving Baseline

The threshold values for the surprise-based metrics were calculated using the normal-
driving baseline. Rather than using manually selected fixed thresholds, this study
defines abnormal surprise responses relative to the distribution observed during nor-
mal driving. This is important because the numerical values of surprise-based met-
rics depend on the prediction model, uncertainty settings, and selected temporal
parameters.

Figures 4.1-4.3 show the distributions of Residual Information, Bayesian Surprise,
and Antithesis calculated from the normal-driving baseline frames. In this context, a
frame-level baseline sample refers to one valid normal-driving frame after matching
the normal-driving baseline with the corresponding surprise-metric output. The
dashed vertical line marks the corresponding p95 threshold for each metric.

The p95 threshold is adopted as the operational screening threshold for each surprise-
based metric. Compared with lower percentiles such as p75 and p90, p95 focuses on
clearly higher surprise responses. Compared with a more extreme threshold such as
P99, it is less restrictive and does not limit the screening only to rare outliers. Thus,
the p95 threshold provides a practical balance between sensitivity and strictness.
In the subsequent risky cut-in detection stage, these thresholds are used to iden-
tify candidate events whose Residual Information, Bayesian Surprise, or Antithesis
responses are unusually high compared with the normal-driving baseline.

Samples to the right of this line are located in the upper tail of the normal-driving
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baseline distribution. They are therefore treated as unusually high surprise responses
compared with typical highway interactions.
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Figure 4.1: Normal-driving Residual Information distribution with the p95 thresh-
old.

Figure 4.1 shows the distribution of Residual Information values in the normal-
driving baseline. The baseline contains 6,671,521 valid Residual Information samples
from 60 recordings. Most Residual Information values are small: 50% of the samples
are below 0.634, 75% are below 1.126, and 90% are below 1.905. This indicates that,
in most normal-driving frames, the observed vehicle position is close to the position
predicted by the belief model. However, the distribution also has a long upper
tail. The maximum Residual Information value reaches 185.828, although such
large values are rare. The p95 threshold is 2.64, meaning that 95% of normal-driving
samples have Residual Information values below this value. In total, 333,576 samples
(per definition 5.00% of the total number of samples) of the Residual Information
baseline, lie above the p95 threshold.
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Figure 4.2: Normal-driving Bayesian Surprise distribution with the p95 threshold.
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Figure 4.2 presents the normal-driving baseline distribution of Bayesian Surprise
across 60 recordings, including 5,478,035 valid samples. This number differs from the
Residual Information baseline because Bayesian Surprise requires a valid matched
pair of prior and posterior Gaussian beliefs. Samples with missing aligned beliefs,
invalid covariance values, or non-finite results are excluded.

The Bayesian Surprise values are mainly concentrated in the lower range, with a
mean of 2.45 and a median of 1.738, while the maximum value reaches 187.304. The
distribution is right-skewed: 75% of samples are below 2.646, 90% are below 4.352,
and 95% are below the p95 threshold of 6.019. The dashed line marks this threshold,
above which 273,902 samples are located (by definition, 5.00% of the valid Bayesian
Surprise baseline samples).

Although the theoretical lower bound of Bayesian Surprise is zero, the empirical
normal-driving distribution in this study does not start from zero. This is because
Bayesian Surprise is computed as the KL divergence between a posterior belief
generated at the current time and a prior belief generated at an earlier time but
evaluated at the same future target time. Therefore, the prior corresponds to a
longer prediction horizon than the posterior. Even under normal driving, the two
Gaussian beliefs generally differ in both mean and covariance, especially because the
prediction uncertainty increases with horizon length. As a result, the KL divergence
is positive in most valid samples, and values close to zero are rarely observed in the
empirical baseline distribution.
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Figure 4.3: Normal-driving Antithesis distribution with the p95 threshold.

Figure 4.3 presents the normal-driving baseline distribution of Antithesis across 60
recordings, including 5,478,035 valid samples. The Antithesis values are mainly
concentrated in the lower range, with a mean of 1.787 and a median of 1.150, while
the maximum value reaches 29.966. The distribution is also right-skewed: 75% of
samples are below 2.262, 90% are below 4.005, and 95% are below the p95 threshold
of 5.530. The dashed line marks this threshold, above which 273,902 samples, or
5.00% of the Antithesis baseline, are located.
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Overall, the three baseline distributions show a similar pattern: most normal-driving
samples remain in a low-value region, while a small proportion forms an upper
tail. This pattern is expected because normal highway interactions, especially stable
car-following situations, are usually smooth and relatively predictable under the
constant-velocity-based belief model. At the same time, high surprise values can
still occur within the normal-driving baseline. These exceedances may be caused
by mild acceleration, small lane-position adjustments, sensor noise, local interaction
changes, or short-term deviations from the constant-velocity assumption. Therefore,
values above the p95 threshold should be interpreted as unusually high relative to
normal driving, rather than as inherently safety-critical events.

4.2 Overlap and Complementarity Between Clas-
sical and Surprise-Based Risky Cut-in Detec-
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Figure 4.4: Overlap of risky cut-in events detected by the THW-based baseline
and surprise-based method, together with the bootstrap distribution of the Jaccard
overlap.

Figure 4.4 shows the overlap between the risky cut-in events detected by the THW-
based baseline and the surprise-based method, together with the bootstrap distri-
bution of the Jaccard overlap. In total, 1,225 unique detected events are obtained
from the union of the two methods. Among them, 941 events are detected by both
methods, accounting for 76.82% of the total. In addition, 275 events are detected
only by the THW-based screening method, corresponding to 22.45%, while 9 events
are detected only by the surprise-based method, corresponding to 0.73%.

The large intersection indicates that most detected risky cut-in events are identified
by both methods. This suggests that many cut-in events contain both classical surro-
gate safety characteristics, such as short THW or critical relative motion, and abnor-
mal surprise responses under the belief-model-based evaluation. However, the two
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non-overlapping regions show that the methods are not identical. The classical-only
events represent cases that satisfy the selected surrogate safety thresholds, whereas
the surprise-only events represent cases where the observed vehicle behaviour is un-
expected relative to the prediction model but does not satisfy the selected classical
screening rule.

To quantify the degree of agreement between the two detected event sets, the Jac-
card index is used, defined as the size of the intersection divided by the size of the
union. Based on the Venn result, the observed Jaccard overlap is 0.768, meaning
that approximately 76.8% of all unique detected events are shared by the two meth-
ods. The bootstrap distribution in Figure 4.4 shows the Jaccard overlap. The red
vertical line marks the observed value, while the blue vertical lines indicate the 95%
bootstrap confidence interval. Using 5,000 bootstrap samples, the bootstrap mean is
0.768, the median is 0.768, and the standard deviation is 0.012. The resulting 95%
confidence interval is [0.744,0.793], indicating that the overlap estimate is stable
under resampling.

Overall, the Jaccard overlap of about 0.77 indicates a high degree of agreement
between the THW-based baseline and the surprise-based method. At the same
time, the overlap is not complete. This is important because it shows that the
two methods do not simply duplicate each other. Instead, they emphasize different
aspects of risky cut-in behaviour. The THW-based baseline mainly reflects post-cut-
in temporal proximity, while the surprise-based method captures deviations from the
motion pattern expected by the belief model.

4.3 Precision-Recall Comparison Between Classi-
cal and Surprise-Based Detection

Before presenting the precision—recall results, a manually labelled validation set
is used as the reference for evaluation. This set is an event-level subset sampled
from highD trajectory candidates, including events detected by the classical method,
events detected by the surprise-based method, and negative samples. Each selected
event was inspected using trajectory visualizations and labeled as either safety-
critical or non-critical. The labels were not used to generate either detection result,
but only to evaluate how well each risk score separates risky cut-ins from non-critical
cases. Therefore, this subset should be interpreted as a validation benchmark rather
than as an estimate of the natural prevalence of safety-critical events.

Precision—recall analysis is then used to evaluate the metric-level detection per-
formance against these manual labels [28]. Precision describes the proportion of
detected events that are truly risky, while recall describes the proportion of man-
ually labelled risky events that are successfully detected. By varying the decision
threshold, the precision—recall curve shows how performance changes from strict se-
lection to more inclusive detection. The average precision (AP) summarizes this
curve into a single value, where a higher AP indicates stronger overall performance
across different recall levels.
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In this section, the THW-based risk score is used as the baseline and is compared
separately with Residual Information, Bayesian surprise, and Antithesis. The pur-
pose is not only to compare their AP values, but also to examine what type of
information each metric captures. The THW-based score mainly reflects whether a
cut-in creates a short longitudinal time gap in front of the ego vehicle. In contrast,
the surprise-based metrics describe whether the observed motion of the surrounding
vehicle deviates from the prediction-based belief.

4.3.1 Comparison with Residual Information
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Figure 4.5: Precision-recall comparison between the THW-based risk score and
Residual Information for risky cut-in detection.

Figure 4.5 compares the precision—recall performance of the THW-based risk score
and Residual Information. The THW-based score achieves an AP of 0.982, while
Residual Information achieves an AP of 0.781. The large difference between the two
curves indicates that the manually labelled risky cut-in events are more strongly
aligned with THW-based risk characteristics, especially reduced longitudinal spacing
and short time headway after the cut-in.

The THW-based curve remains close to perfect precision over most of the recall
range. This result is reasonable because many risky cut-ins become safety-critical
when the surrounding vehicle enters the ego lane and reduces the available temporal
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gap to the following vehicle. In such cases, THW directly captures the resulting
temporal urgency by measuring how short the post-change headway becomes.

Residual Information shows weaker performance in comparison. Although it starts
with perfect precision at very low recall, the curve quickly drops to around 0.91
precision and remains below the THW-based curve across almost the entire recall
range. This means that some events with high Residual Information are not labelled
as risky cut-ins. In practical terms, a large prediction—observation mismatch can
indicate unexpected vehicle behaviour, but this unexpectedness does not necessarily
imply that the interaction is safety-critical, not the least since the situations may
not be urgent enough to warrent a critical event classification.

The decline of the Residual Information curve becomes more pronounced in the high-
recall region. When the threshold is relaxed to recover more labelled risky events,
more false positives are included, and precision drops substantially. This suggests
that Residual Information is sensitive to deviations from the prediction model, but
some of these deviations may correspond to smooth lane changes, non-threatening
manoeuvres, or interactions with sufficient longitudinal distance.

4.3.2 Comparison with Bayesian Surprise
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Figure 4.6: Precision-recall comparison between the THW-based risk score and
Bayesian surprise for risky cut-in detection.
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Figure 4.6 compares the precision—recall performance of the THW-based risk score
and Bayesian surprise. The THW-based score achieves an AP of 0.982, while
Bayesian surprise achieves an AP of 0.912. Bayesian surprise performs better than
Residual Information, but it still remains below the THW-based score.

The Bayesian surprise curve shows good performance at low and moderate recall.
It remains at perfect precision until about 0.39 recall, meaning that the events with
the highest Bayesian surprise values are all consistent with the manual risky-event
labels in this range. After this point, precision decreases to around 0.90 and remains
relatively stable over a wide recall interval. This suggests that strong belief changes
are often related to risky cut-in behaviour, but they are not as consistently aligned
with the manual labels as the THW-based score.

The curve drops more clearly when recall becomes high. When the threshold is
relaxed to recover more labelled risky events, additional events with large belief
changes are included, but some of them are not labelled as risky. This indicates
that a large update from prior belief to posterior belief does not always imply safety-
criticality. A surrounding vehicle may cause a noticeable belief change because its
motion differs from the expected prediction, while the actual interaction may still
occur with sufficient distance or limited direct influence on the ego vehicle - that is,
the urgency is low.

Therefore, Bayesian surprise does not outperform the THW-based score in this com-
parison. Its value lies in describing changes in the belief about surrounding vehicle
behaviour, rather than directly measuring physical closeness or time gap. This makes
Bayesian surprise a useful complementary indicator, but the result also shows that
belief change alone is not sufficient for reliable risky cut-in detection, especially with
respect to situational urgency.
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4.3.3 Comparison with Antithesis
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Figure 4.7: Precision-recall comparison between the THW-based risk score and
Antithesis for risky cut-in detection.

Figure 4.7 compares the precision—recall performance of the THW-based risk score
and Antithesis. The THW-based score achieves an AP of 0.982, while Antithesis
achieves an AP of 0.949. Both values are high, indicating that both short-headway
information and surprise-based information are useful for identifying risky cut-in
events in the labelled subset. However, the higher AP of the THW-based score
shows that the manually labelled risky cut-ins are still more strongly associated
with conventional risk characteristics.

Antithesis shows strong performance at low and moderate recall. The curve remains
at perfect precision until about 0.42 recall and stays close to 0.98 precision until
around 0.74 recall. This means that the events with the highest Antithesis values
are mostly consistent with the manual risky-event labels. In practical terms, a high
Antithesis value often corresponds to surrounding-vehicle behaviour that strongly
conflicts with the expected belief, which can be associated with unexpected cut-in
manoeuvres.

However, the Antithesis curve drops more clearly in the high-recall region. When the
threshold is relaxed to recover more labelled risky events, additional events with high
Antithesis values are included, but not all of them are labelled as risky. This again
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indicates that unexpected behaviour does not necessarily imply safety-criticality. A
vehicle may behave differently from the prediction model, but the manoeuvre may
still occur with sufficient distance, smooth lateral motion, or limited direct influence
on the ego vehicle.

Therefore, Antithesis does not outperform the THW-based score in this comparison,
but it provides the strongest performance among the three surprise-based metrics.
Compared with Residual Information and Bayesian surprise, Antithesis appears to
select unexpected changes that are more closely related to risky cut-in interactions.
This suggests that Antithesis can help describe unexpected motion patterns beyond
proximity-based risk alone.

Across the three precision—recall comparisons, the AP values are 0.982 for the THW-
based score, 0.949 for Antithesis, 0.912 for Bayesian surprise, and 0.781 for Residual
Information. Thus, Antithesis achieves the closest performance to the THW-based
baseline among the tested surprise-based metrics.

4.4 Sensitivity of Surprise-Based Detection to h
and 2

The surprise-based detection results depend on the temporal settings used for belief
comparison. The history window h controls how far back the prior belief is generated,
while the lookahead time z defines the future point used for comparing prediction
and observation. This section evaluates whether changing these parameters affects
the precision—recall performance and average precision of the surprise-based metrics.
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4.4.1 Effect of History Window h on Detection Performance
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Figure 4.8: Effect of the history window A on the average precision of the surprise-
based metrics with z = 0.2 s.

Figure 4.8 shows the sensitivity of the surprise-based detection performance to the
history window h. The average precision values are compared under three history-
window settings, h = 0.5 s, h = 1.0 s, and h = 2.0 s, while the lookahead time is
fixed at z = 0.2 s. These values were chosen to cover short, medium, and longer
prior-belief intervals within the surprise-based comparison framework. The use of a
short lookahead time follows the idea in previous surprise-based traffic-safety studies,
where surprise is evaluated over a near-future response interval rather than over a
long-term trajectory forecast [10, 11].

Residual Information and Shannon Surprisal show the most visible sensitivity to
h. Their average precision values are lower when h = 0.5 s, but increase when the
history window is extended to 1.0 s. After A = 1.0 s, the improvement becomes very
small, and the performance remains almost unchanged at h = 2.0 s. This indicates
that a very short history window may provide insufficient temporal context for these
two metrics, while a history window of 1.0 s is already sufficient to capture most of
the useful information.

Bayesian Surprise is less sensitive to the history window. Its average precision
remains high across all tested values of h, with only a slight increase as h becomes
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longer. Antithesis also shows limited sensitivity, although it reaches its highest
average precision at h = 2.0 s. This suggests that Antithesis may benefit slightly
from a longer temporal context, but the improvement is still moderate.

These results show that increasing h from 0.5 s to 1.0 s can improve the performance
of some surprise metrics, especially Residual Information and Shannon Surprisal.
However, further increasing h to 2.0 s does not lead to a large additional improvement
for most metrics. Therefore, the choice of h affects the results, but its influence is
moderate.

4.4.2 Effect of Lookahead Time 2z on Detection Performance
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Figure 4.9: Effect of the lookahead time z on the average precision of the surprise-
based metrics with h = 1.0 s.

Figure 4.9 shows the sensitivity of the surprise-based detection performance to the
lookahead time z. The average precision values are compared under three lookahead
settings, 2 = 0.2 s, z = 1.0 s, and z = 2.0 s, while the history window is fixed at h =
1.0 s. The tested values were chosen to cover short, medium, and longer prediction-
observation comparison intervals. The shortest setting, z = 0.2 s, follows the near-
term comparison used in previous surprise-based traffic-safety studies, whereas z =
1.0 s and z = 2.0 s are included to test whether the detection performance changes
when the lookahead time is extended [10].
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Residual Information and Shannon Surprisal remain almost unchanged across the
three tested values of z. This behaviour is related to the definitions of these two
metrics. Both metrics mainly evaluate how unlikely the observed vehicle state is
under the predicted belief. Shannon Surprisal is based on the negative log-likelihood
of the observation, while Residual Information measures the difference between the
likelihood at the most likely state and the likelihood at the observed state. Therefore,
they mainly describe the local prediction—observation mismatch. Under the current
implementation, changing the lookahead time does not substantially change this
mismatch-based ranking of events, so their average precision values remain nearly
constant.
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Discussion

This chapter interprets the results in relation to the two research questions. The
main finding is that the THW-based classical score and the surprise-based metrics
are related but not interchangeable. THW mainly reflects physical proximity and
temporal urgency, while surprise-based metrics describe behavioural unexpectedness
relative to the generated belief.

The chapter first discusses the main result patterns, including overlap, precision—
recall performance, and temporal-parameter sensitivity. It then answers the research
questions, summarizes the main limitations, and outlines future directions for im-
proving belief generation through reachability constraints, comfort- and dread-zone
concepts, and learning-based trajectory prediction.

5.1 Discussion of Results

5.1.1 Overlap and Complementarity Between Detection Meth-
ods

The overlap between the THW-based classical method and the surprise-based method
suggests that the two approaches are related, but not equivalent, which is consistent
with the broader view that surrogate safety and criticality indicators capture differ-
ent dimensions of traffic risk [1, 6]. This is an important finding because it indicates
that risky cut-in events cannot be fully described by a single type of safety metric.
The THW-based score and the surprise-based metrics describe different aspects of
the same traffic interaction. The former focuses on the longitudinal time gap, while
the latter focus on prediction inconsistency.

The large overlapping region indicates that many detected cut-in events involve both
aspects. In these cases, the interaction has a short longitudinal time gap according
to the THW-based classical rule, and it also produces an abnormal response relative
to the expected belief. This suggests that short-gap cut-ins and unexpected motion
are often connected in risky cut-in scenarios. A vehicle that cuts in with a short
THW may also deviate strongly from the motion predicted from its earlier state.
Therefore, the agreement between the two methods is reasonable and supports the
validity of both approaches for identifying many relevant cut-in interactions.

However, the non-overlapping cases are particularly important for understanding
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complementarity. These cases show that the two methods do not simply detect the
same phenomenon using different mathematical formulations. THW-only events
represent situations where the minimum THW falls below the selected criticality
threshold, but the vehicle motion may still be relatively consistent with the ear-
lier belief [6, 10]. In such cases, the event can have a short longitudinal time gap
without being highly unexpected from the prediction model’s perspective. Con-
versely, surprise-only events represent situations where the observed motion differs

strongly from the expected belief, even though the minimum THW remains above
the selected THW threshold.

This distinction is central to the interpretation of the surprise-only events. These
events should not be interpreted simply as critical events missed by the THW-based
classical method. Their larger THW values indicate that they are not immediately
urgent conflicts under the selected THW threshold. Instead, their importance lies
in showing that a cut-in can be behaviourally unusual even when it is not physi-
cally critical in the conventional sense. In other words, the surprise-based method
identifies prediction-abnormal behaviour, not necessarily immediate collision risk.

The nine events detected only by the surprise-based method are summarized in
Table 5.1. All of them satisfied the dual-path surprise rule, but none passed the
THW-based classical screening rule because their post-change minimum THW val-
ues remained above 3.0 s.

Table 5.1: Summary of the nine cut-in events detected only by the surprise-based
method.

Event Dominant surprise re- Peak value of se- Peak-to-p95 Minimum

sponse lected metric ratio THW (s)
1 Bayesian Surprise 23.195 3.85 3.331
2 Antithesis 7.691 1.39 3.773
3 Bayesian Surprise 58.567 9.73 3.227
4 Bayesian Surprise 25.909 4.30 3.175
) Bayesian Surprise 39.662 6.59 3.157
6 Bayesian Surprise 19.937 3.31 3.563
7 Bayesian Surprise 27.707 4.60 3.007
8 Antithesis 10.338 1.87 3.177
9 Bayesian Surprise 41.988 6.98 3.698

Table 5.1 shows that seven events are dominated by Bayesian Surprise and two by
Antithesis. The peak-to-p95 ratios indicate that several events clearly exceed their
normal-driving baseline, with the largest case reaching 9.73 times the threshold.
At the same time, all minimum THW values remain above 3.0 s. Event 7 is only
slightly above this boundary with a minimum THW of 3.007 s, while the other cases
have larger THW values. This supports the interpretation that these events are
prediction-abnormal, but not classified as critical by the selected THW threshold.

This also clarifies the role of Bayesian Surprise and Antithesis in the analysis. High
values of these metrics indicate that the prior belief and the updated or observed

50



5. Discussion

behaviour differ substantially. This means that the vehicle motion caused a strong
belief mismatch. However, such a mismatch does not automatically imply that the
situation is dangerous. At this stage, the overlap analysis alone cannot determine
whether the events selected only by the surprise-based method are truly the risky
cut-in events targeted in this study. It only shows that these events are difficult
to anticipate under the adopted belief model. Their detection accuracy therefore
needs to be evaluated in the following precision-recall analysis, where the metric
outputs are compared with the manually labelled risky cut-ins. Therefore, surprise-
based metrics should be interpreted here as indicators of behavioural unexpectedness
rather than direct measures of physical criticality.

The complementarity between the two methods should therefore be understood as a
difference in perspective. The THW-based classical method is well suited for iden-
tifying interactions with short longitudinal time gaps. Surprise-based metrics add
another layer of information by identifying situations in which surrounding vehicles
behave differently from what the ego-centered prediction model expected. Combin-
ing the two types of metrics can therefore provide a more complete description of
cut-in interactions than using either approach alone.

This interpretation is in line with previous research on classical surrogate safety
measures. Different surrogate indicators do not necessarily classify the same traffic
situations as critical, because they measure different aspects of risk. Headway-based
indicators mainly describe the available following gap, while TTC-based indicators
focus on collision imminence under assumptions about future motion [6, 7]. In ad-
dition, deceleration-based indicators such as DRAC describe the braking demand
required to avoid a crash, which represents another dimension of conflict severity [8].
More generally, reviews of criticality metrics for automated driving also show that
different surrogate safety measures capture different aspects of traffic criticality and
are therefore better understood as complementary rather than fully interchangeable
indicators [1]. Although these studies focus on classical surrogate measures rather
than surprise-based metrics, they support the idea that partial overlap between
detection methods is expected. In this thesis, the THW-based baseline captures
post-cut-in close-following risk, whereas the surprise-based metrics capture devia-
tions from the belief model. The non-overlapping events therefore indicate that the
two approaches emphasize different dimensions of risky cut-in behaviour.

At the same time, the overlap analysis has a clear limitation. It only shows whether
the THW-based classical method and the surprise-based method select the same
events. It does not show whether these selected events are truly risky cut-ins ac-
cording to the manual labels. Therefore, the non-overlapping events should not be
directly interpreted as false positives or false negatives. They only show that the
two methods focus on different aspects of the interaction. To evaluate whether these
detections are accurate, the detected events need to be compared with the manu-
ally labelled risky cut-ins. This is why the overlap analysis should be interpreted
together with the following precision—recall analysis.

Overall, the results suggest that the THW-based classical method and the surprise-
based method are complementary rather than interchangeable. THW describes the
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longitudinal time gap, while surprise-based metrics describe prediction inconsistency
and behavioural unexpectedness. The main value of the surprise-based approach is
therefore not that it replaces the THW-based classical score, but that it provides
additional information about unexpected vehicle behaviour that is not directly cap-
tured by THW alone.

5.1.2 Precision—Recall Performance

The precision-recall analysis is used to evaluate the discriminative ability of the
different scores [28]. It is therefore different from the previous overlap analysis,
which mainly counted whether the two detection methods selected the same events.
Because the highD dataset contains a large number of trajectory events, it was
not feasible to manually label every candidate case. A smaller validation set was
therefore constructed through trajectory visualization. This validation set is not
intended to represent the full distribution of safety-critical cut-ins in the dataset.
Instead, it provides a practical basis for examining whether each score can separate
visually critical cut-ins from visually non-critical ones.

When interpreting the PR results, it is important to note that the THW-based
score should not be treated as the only correct definition of a risky cut-in, since
headway-based indicators mainly describe temporal spacing and do not cover all
aspects of traffic criticality [6, 1]. The THW-based score mainly describes physical
conflict, especially the temporal urgency created after a vehicle enters the ego lane.
Its strong performance shows that many visually critical cut-ins are associated with
a clear reduction in available time gap. However, this does not mean that all safety-
relevant events can be explained by short headway alone. Rather, the result shows
that physical urgency is one important dimension of cut-in criticality.

The surprise-based metrics describe another dimension of the same interaction: be-
havioural unexpectedness relative to the prediction-based belief [10, 11]. The PR
results also show that the three surprise-based metrics do not behave in the same
way. Residual Information has the weakest discriminative performance among them,
with an AP of 0.781. This suggests that Residual Information is sensitive to general
prediction—observation mismatch, but is less selective for risky cut-in detection. In
practical terms, it can identify abnormal motion patterns, but not every abnormal
motion pattern is safety-critical. For example, deviations may also occur during
smooth lane changes, distant manoeuvres, or interactions with sufficient spacing.
Such cases may be surprising to the belief model but may not be visually judged as
critical.

Bayesian surprise performs better than Residual Information, with an AP of 0.912.
This indicates that the change from the prior belief to the posterior belief is more
closely related to visually critical cut-in interactions than general prediction mis-
match alone. Bayesian surprise is therefore more suitable for identifying cases in
which a surrounding vehicle produces a sustained change in expected future motion.
Even so, a large belief update does not necessarily mean that the situation is im-
mediately risky. A manoeuvre can strongly change the predicted belief while still
occurring at a sufficient longitudinal distance or with limited influence on the ego
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vehicle. For this reason, Bayesian surprise should be interpreted as an indicator of
behavioural change rather than a direct measure of physical conflict.

Antithesis achieves the strongest performance among the surprise-based metrics,
with an AP of 0.949. This value is closer to the THW-based score than the values of
the other surprise-based metrics. The result suggests that Antithesis is more closely
associated with unexpected behaviour that is also safety-relevant. Compared with
Residual Information and Bayesian surprise, Antithesis appears to be more selective
for manoeuvres that strongly conflict with the expected belief. These conflicts are
more likely to correspond to cut-in interactions that are visually perceived as criti-
cal. Nevertheless, Antithesis should still be regarded as a complementary indicator,
because unexpectedness alone is not equivalent to safety-criticality.

These results also help explain why surprise-based metrics can highlight events that
are not emphasized by the THW-based classical baseline. A cut-in may be be-
haviourally unexpected without producing a very short headway. Conversely, an-
other cut-in may be physically urgent without producing an unusually large belief
mismatch. Therefore, the differences in PR performance should be understood as
differences in metric sensitivity. They should not be interpreted as evidence that
one metric family is universally correct and the other is incorrect.

Together with the overlap analysis, the PR results provide a broader evaluation of the
proposed surprise-based method. The overlap analysis shows whether the method
detects a meaningful and complementary set of events at the dataset level. The
PR analysis further shows whether the corresponding scores can distinguish visually
critical and non-critical interactions in the manually labelled validation set. From
these two perspectives, the surprise-based method is feasible not as a replacement
for the THW-based classical baseline, but as a complementary approach. Its main
contribution is that it adds information about behavioural unexpectedness to the
evaluation of safety-critical traffic interactions.

Therefore, the contribution of the surprise-based method lies not in replacing the
THW-based classical baseline, but in providing an additional behavioural-unexpectedness
perspective. Residual Information is more suitable for broad abnormal-behaviour
screening, Bayesian surprise is useful for identifying structured belief changes, and
Antithesis appears most relevant for detecting unexpected behaviours with potential
safety significance.

5.1.3 Sensitivity to Temporal Parameters

The sensitivity analysis of A and z provides an independent examination of how
the temporal settings affect the behaviour of the surprise-based metrics, which is
relevant because surprise values depend on the temporal relationship between prior
belief, prediction horizon, and observation [10, 11]. Unlike the previous comparison
between THW-based and surprise-based detection, the purpose here is not to deter-
mine whether one method is generally better than another. Instead, this analysis
examines whether the surprise values are stable when the temporal definition of the
belief comparison is changed.
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The effect of the history window h can be understood from how the prior belief is
constructed. In the CV-based belief model, the vehicle state is propagated accord-
ing to the state transition equation in Equation (2.11), with uncertainty introduced
through the process-noise covariance in Equation (2.12). Therefore, changing h
changes the time point from which the prior expectation is formed. A very short
history window, such as h = 0.5 s, leaves only limited temporal separation between
the prior state and the observed cut-in behaviour. As a result, the belief may remain
close to the current motion state, and the behavioural change may not yet be suffi-
ciently visible. When h is increased to 1.0 s, the prior belief contains more historical
context, making the contrast between expected and observed motion clearer.

This explains why Residual Information and Shannon Surprisal improve when h
increases from 0.5 s to 1.0 s. Shannon Surprisal is defined in Equation (2.4) as the
negative log probability of the observed outcome under the prior belief. Residual In-
formation, defined in Equation (2.7), further compares the likelihood of the observed
outcome with the likelihood of the most expected outcome. Both metrics therefore
depend directly on the probability assigned by the prior belief to the realised vehicle
state. If the history window is too short, the prior belief may not differ enough from
the observed state, which weakens the prediction—observation contrast. A moderate
history window makes this contrast more informative and improves the ranking of
risky cut-in events.

However, increasing h beyond 1.0 s does not necessarily add useful information.
When the history window becomes too long, the prior belief may be generated from
a traffic state that is less directly related to the current cut-in interaction. The
limited improvement from h = 1.0 s to h = 2.0 s therefore suggests that most of
the useful temporal context is already captured within approximately one second.
From this perspective, h = 1.0 s provides a reasonable balance between short-term
responsiveness and sufficient historical contrast.

The weaker sensitivity of Bayesian Surprise and Antithesis to h is also consistent
with their definitions. Bayesian Surprise, shown in Equation (2.8), measures the KL
divergence between the posterior belief and the prior belief. It therefore responds
to the overall belief update rather than only to the likelihood of one observed state.
Antithesis, defined in Equation (2.9), is even more selective because it only accu-
mulates belief increase in regions that were outside the prior expectation. For these
two metrics, the exact length of A is less important than whether the observation
produces a clear change in the belief distribution. This helps explain why their
performance is more stable across the tested history windows.

The lookahead time z affects the future point at which the prediction and observation
are compared. In the CV model, a longer prediction horizon means that the state
transition in Equation (2.11) is applied over a longer time interval. At the same
time, uncertainty accumulates through the process-noise term in Equation (2.11)
and the covariance in Equation (2.12). In theory, this wider belief distribution can
reduce the contrast between the expected state and the observed state, especially for
metrics such as Shannon Surprisal and Residual Information that depend directly
on prior likelihood values. However, the results show that the tested metrics remain
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relatively stable when z changes from 0.2 s to 1.0 s and 2.0 s. This indicates that
the event ranking is not strongly dependent on one specific future comparison point.

Overall, the results suggest that A has a more visible influence than z on the be-
haviour of the surprise-based metrics. The history window changes the temporal
context used to form the prior belief, while the lookahead time mainly changes the
prediction horizon and the amount of propagated uncertainty. Residual Information
and Shannon Surprisal benefit from a sufficient history window because they are di-
rectly linked to the prior likelihood terms in Equations (2.4) and (2.7). Bayesian
Surprise and Antithesis are more robust because they focus on belief updates, as
shown in Equations (2.8) and (2.9). Therefore, the sensitivity analysis supports the
robustness of the surprise-based framework and suggests that h = 1.0sand 2 = 0.2 s
are reasonable temporal settings for capturing near-term behavioural unexpected-
ness.

5.2 Answers to Research Questions

Based on the results, the two research questions can be answered as follows.

5.2.1 How do surprise-based traffic safety metrics compare
with the THW-based classical surrogate safety metric
in identifying risky driving scenarios under the same
highway conditions?

The results show that the surprise-based metrics and the THW-based classical surro-
gate safety metric are related, but not interchangeable. The overlap analysis shows
that 941 events are detected by both methods. This corresponds to 76.82% of all
1,225 unique detected events, with a Jaccard overlap of 0.768. This high overlap
indicates that many risky cut-ins contain both physical conflict and expectation vio-
lation. In other words, cut-ins that reduce the post-change THW often also deviate
from the motion predicted by the belief model.

The non-overlapping events clarify the difference between the two perspectives.
The THW-based screening method detects 275 events that are not detected by
the surprise-based method. These cases satisfy the selected THW condition and
therefore mainly represent short-gap interactions. By contrast, the surprise-based
method detects 9 events that are not detected by the THW-based screening method.
Their surprise values are high, but their minimum THW values remain above the
THW threshold of 3.0 s. These events are therefore unexpected according to the
belief model, but they are not classified as physically critical by the selected THW
rule.

The precision—recall results further support this conclusion. The THW-based score
achieves the highest AP value of 0.982, showing that short headway is the strongest
single indicator under the selected highway cut-in conditions and manual labels.
Among the surprise-based metrics, Antithesis performs best with an AP of 0.949,
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followed by Bayesian Surprise with an AP of 0.912 and Residual Information with
an AP of 0.781. Therefore, the surprise-based metrics should not be interpreted
as direct substitutes for THW. Their main value is that they add a behavioural-
unexpectedness perspective to the evaluation of risky cut-ins.

5.2.2 How do the history window h and lookahead time z af-
fect the detection performance of surprise-based met-
rics for risky cut-in identification?

The sensitivity analysis shows that the history window h has a clearer influence on
detection performance than the lookahead time z. The history window changes the
temporal context used to form the prior belief. In the CV-based belief model, this
prior is generated through the state propagation in Equation (2.11), with uncertainty
controlled by the process-noise covariance in Equation (2.12). When & increases from
0.5 sto 1.0 s, the AP values of Residual Information and Shannon Surprisal improve,
suggesting that a very short history window does not provide enough temporal
contrast between expected and observed motion.

This behaviour is consistent with the metric definitions. Shannon Surprisal in Equa-
tion (2.4) and Residual Information in Equation (2.7) both depend directly on the
prior likelihood assigned to the observed state. They are therefore sensitive to
whether h provides enough context for a meaningful prediction—observation mis-
match to appear. However, increasing h further to 2.0 s gives only limited addi-
tional improvement, indicating that most useful temporal context is already cap-
tured around A = 1.0 s.

Bayesian Surprise and Antithesis are more robust to changes in h, because they
focus on belief updates rather than only on the likelihood of one observed state.
Bayesian Surprise measures the KL divergence between posterior and prior beliefs,
as shown in Equation 2.8. Antithesis further restricts the response to regions that
were outside the prior expectation and became more likely after the update, as
defined in Equation 2.9. This explains why their performance changes less strongly
across the tested history windows.

The lookahead time z has a smaller effect within the tested range. Although a
longer z increases the prediction horizon and allows more uncertainty to accumulate
through the process noise, the AP values remain relatively stable when z changes
from 0.2 s to 1.0 s and 2.0 s. Overall, the results suggest that a moderate history
window, especially A = 1.0 s, is useful for constructing a sufficiently informative prior
belief, while the tested lookahead-time range is less critical for the final risky cut-in
detection performance. The setting z = 0.2 s is therefore reasonable for capturing
near-term behavioural unexpectedness.
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5.3 Limitations

5.3.1 Limitations Related to the Risky Cut-in Definition

The results depend on how a risky cut-in event is defined. In the THW-based
classical screening workflow, the threshold min(THW ) < 3.0 s was used to include
a broad set of close-following cut-in events. This choice is useful for exploratory
comparison, but it should not be interpreted as a crash-imminent boundary.

THW was selected as the classical baseline because it directly captures the following
gap after a cut-in and therefore matches the focus of this thesis on post-cut-in close-
following situations. It is also simple, interpretable, and stable as a baseline for
comparison with surprise-based metrics. TTC and DRAC could be included in
future work to provide a stricter or more dynamic conflict definition, especially
when the aim is to focus on closing-speed effects or required braking demand rather
than temporal spacing alone.

A stricter definition, such as a shorter THW threshold or additional TTC- or DRAC-
based conditions, would likely select fewer but more severe events. This could change
both the overlap between the THW-based and surprise-based methods and the
precision—recall results. The conclusions about complementarity should therefore
be understood as conditional on the selected event definition: THW mainly cap-
tures physical urgency, whereas surprise-based metrics capture deviations from the
expected belief. Future work could repeat the analysis under stricter criticality def-
initions to test whether the same relationship holds for more severe safety-critical
scenarios.

5.3.2 Limitations of Manual Ground-Truth Classification

The ground truth used for risky cut-in evaluation was established through manual
review of event visualizations. It was therefore not based on crash records or an
externally validated event database. This introduces a degree of subjectivity, since
the classification depends on the reviewer’s interpretation of whether a cut-in should
be considered critical or risky.

The adopted definition of criticality was also relatively inclusive. It was intended to
capture potentially risky close-following cut-in situations, rather than only crash-
imminent or severe conflict events. This choice is suitable for exploratory compari-
son, but it can influence the precision—recall results. A stricter or more conservative
ground-truth definition could change which events are treated as true positives and
false positives for both the THW-based baseline and the surprise-based metrics.

Compared with more systematic naturalistic driving studies, such as SHRP2 [35, 36,
the manual classification in this thesis is limited in scale and procedure [35, 36]. Such
studies typically use more structured review protocols, clearer event taxonomies, and
often multiple reviewers or quality-control steps. This thesis does not reach the same
level of large-scale validation, inter-rater agreement, or multi-reviewer consistency
checking. Future work could improve the reliability of the ground truth by using
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multiple independent reviewers, clearer annotation criteria, inter-rater agreement
analysis, and possibly a more fine-grained severity scale for cut-in events.

5.3.3 Limitations of the Constant-Velocity Belief Model

Another limitation concerns the belief generation model [15, 18]. The surprise-based
metrics were computed from a constant-velocity Gaussian prediction, which provides
a transparent baseline for comparing metrics but simplifies the motion behaviour of
surrounding vehicles.

This simplification is especially relevant for cut-in scenarios. The future motion
of a vehicle may depend on lane-changing intention, lane geometry, available gaps,
neighbouring vehicles, and the driver’s decision to continue or abort a manoeuvre.
These factors are not explicitly represented by the constant-velocity model, which
mainly propagates the current state with calibrated uncertainty.

Because Residual Information, Bayesian Surprise, and Antithesis are all computed
from the mismatch between predicted belief and observed behaviour, their values
depend on the quality of that belief. Some high surprise responses may therefore
reflect model limitations rather than genuinely abnormal behaviour, while some rel-
evant manoeuvres may remain unsurprising if they are consistent with the constant-
velocity assumption. The results should therefore be interpreted as conclusions
under this specific belief model, not as general conclusions for all possible belief-
generation approaches.

5.3.4 Limitations Related to Dataset Scope

The analysis was conducted on the highD dataset, which provides naturalistic vehicle
trajectories from German highways [12]. This dataset is well suited for studying
highway lane changes and cut-in manoeuvres, but it also limits the scope of the
conclusions to structured highway traffic.

Other traffic environments, such as urban intersections, roundabouts, merging areas,
pedestrian crossings, or mixed traffic scenarios, may involve more diverse interac-
tion patterns and uncertainty sources. In addition, highD provides trajectory-level
information but not direct evidence of driver intention, perception, attention, or
subjective comfort. The study can therefore infer behavioural unexpectedness from
motion and belief mismatch, but it cannot explain why a driver performed a ma-
noeuvre or how surrounding drivers perceived it.

The observed complementarity between THW-based and surprise-based metrics may
therefore partly depend on the characteristics of highway traffic in highD. Applying
the same framework to other datasets, road types, and interaction scenarios would
help test whether the conclusions remain stable beyond highway cut-in events.
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5.4 Future Research Directions

5.4.1 Improving the Belief Generation Model with
Reachability-Based Constraints

A direct extension of this work is to improve belief generation with reachability-
based constraints. The Field of Safe Motion extends the earlier Field of Safe Travel
by using reachability analysis to describe whether a driver still has a collision-free
escape route, or an “out”, in the near future [29, 30]. This idea is relevant here
because the surprise metrics depend directly on the predicted belief distribution.

Reachability analysis can define the set of future states that a vehicle can physically
reach under kinematic constraints [31, 30]. Such constraints could reduce probabil-
ity mass in infeasible regions and align the belief distribution more closely with road
geometry and lane structure. For example, states outside physically reachable ar-
eas or inconsistent with lane boundaries could be down-weighted before computing
surprise.

This extension would make the belief model less dependent on unconstrained constant-
velocity extrapolation. As a result, surprise responses would more clearly reflect
unexpected driving behaviour rather than artefacts of an overly broad or physically
unrealistic prediction.

5.4.2 Incorporating Comfort- and Dread-Zone Boundaries
into Belief Generation

Future work could also incorporate comfort-zone and dread-zone boundaries into
belief generation. These concepts are rooted in earlier work on safety margins and
the Field of Safe Travel [29, 32, 33]. Bargman et al. quantified such boundaries for
left-turn-across-path /opposite-direction scenarios, where the comfort zone describes
situations drivers accept as safe and the dread-zone boundary marks situations they
are unwilling to enter voluntarily [34].

These concepts are useful because physically possible manoeuvres are not necessarily
behaviourally likely. In a highway cut-in setting, a lane change with sufficient gap,
moderate lateral motion, and reasonable relative speed could be assigned higher prior
probability. By contrast, a cut-in with a very small gap, high lateral acceleration,
or limited safety margin could be represented as less likely or more aggressive.

Using such behavioural boundaries would make the belief distribution reflect not
only what a vehicle can do, but also what a human driver is likely to consider
acceptable. This could improve the interpretability of surprise values, because un-
expectedness would be measured against a belief model that includes both kinematic
feasibility and behavioural plausibility.

However, existing numerical boundaries should not be transferred directly to this
thesis. The study by Bargman et al. focused on left-turn interactions at inter-
sections, whereas this thesis focuses on highway cut-ins [34]. Future work would
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therefore need to estimate comfort-zone-like and dread-zone-like boundaries specif-
ically for highway lane changes.

5.4.3 Extending Belief Generation with Learning-Based Tra-
jectory Prediction

A third direction is to replace or extend the constant-velocity model with learning-
based trajectory prediction. Models such as VectorNet encode agent trajectories and
map elements as vectors and use a hierarchical graph neural network to capture both
local polyline features and global interactions among traffic participants and road
components [19]. This is relevant for cut-in analysis because lane structure, neigh-
bouring vehicles, and multi-agent interactions all influence whether a lane change is
likely.

A learning-based model could generate a more context-aware belief distribution
[19]. Instead of extrapolating only from the current velocity, it could learn whether
a vehicle is likely to continue lane keeping, initiate a lane change, complete a cut-in,
or adjust to nearby traffic. Map and lane information could also help the predicted
belief follow the road geometry more closely.

For surprise-based analysis, the key requirement is that the model outputs a prob-
abilistic belief rather than only a single future trajectory. One possible approach is
to combine a VectorNet-style encoder with a probabilistic or multi-modal trajectory
decoder, so that multiple plausible futures and their uncertainties are represented.
This would provide a stronger basis for applying Residual Information, Bayesian
Surprise, and Antithesis to complex highway interactions.
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Conclusion

This thesis investigated whether surprise-based traffic safety metrics can support the
identification of risky cut-in events in highway driving scenarios. Using naturalistic
trajectory data from the highD dataset, the study compared surprise-based metrics
with a THW-based classical surrogate safety score and examined how temporal
parameter settings affect detection performance.

A constant-velocity belief generation model was developed to represent the expected
future motion of surrounding vehicles. The model propagated vehicle motion under
a CV assumption and represented uncertainty with a Gaussian belief distribution.
Based on this belief, Residual Information, Bayesian Surprise, and Antithesis were
calculated. A normal-driving baseline was then used to define data-driven surprise
thresholds from the 95th percentile of each metric.

The results show that the THW-based classical score and the surprise-based metrics
are related, but not interchangeable. The overlap analysis found that 941 events were
detected by both methods out of 1,225 unique detected events, corresponding to a
Jaccard overlap of 0.768. This indicates that many risky cut-ins combine physical
closeness with unexpected motion. However, the non-overlapping cases show that
the two approaches emphasize different aspects of the interaction. THW mainly
captures longitudinal time-gap reduction and physical urgency, whereas surprise-
based metrics capture deviations from the prediction-based belief.

The precision—recall results support the same interpretation. The THW-based score
achieved the highest AP value of 0.982, showing that short post-change headway is
a strong indicator for the manually labelled risky cut-ins in this study. Among the
surprise-based metrics, Antithesis performed best with an AP of 0.949, followed by
Bayesian Surprise with 0.912 and Residual Information with 0.781. These results
suggest that surprise-based metrics can identify meaningful behavioural unexpect-
edness, but they should be interpreted as complementary indicators rather than
direct replacements for the THW-based classical baseline.

The sensitivity analysis showed that the history window h had a clearer effect than
the lookahead time z. Increasing h from 0.5 s to 1.0 s improved the performance
of some surprise-based metrics, while increasing it further to 2.0 s gave only limited
additional benefit. In contrast, changes in z within the tested range had a smaller
influence on detection performance. This suggests that a moderate history window
is useful for forming an informative prior belief, while the tested lookahead settings
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are less critical.

Overall, the thesis demonstrates that surprise-based metrics add a useful behavioural
perspective to risky cut-in analysis. They help identify situations in which observed
vehicle motion is unexpected relative to a probabilistic belief model. At the same
time, unexpectedness is not equivalent to physical risk. A surprising manoeuvre may
still occur with sufficient spacing, while a physically risky cut-in may be predictable
under the belief model. For this reason, the strongest interpretation is that surprise-
based metrics and the THW-based classical baseline should be used together to
describe both behavioural unexpectedness and post-cut-in temporal criticality.

The conclusions should be understood in light of the study’s limitations. The risky
cut-in definition depends on the selected THW threshold and manual labels, the
belief model is based on a simplified constant-velocity assumption, and the analy-
sis is limited to structured highway scenarios in the highD dataset. Future work
should therefore test stricter criticality definitions, apply the framework to more
diverse traffic environments, and improve belief generation. Promising directions
include reachability-based constraints, comfort- and dread-zone boundaries, and
learning-based trajectory prediction models that can represent multiple plausible
future behaviours probabilistically.
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Appendix

A.1 Sensitivity of Final Cut-in Event Selection to
THW Threshold

Figure A.1 illustrates the sensitivity of the final cut-in event set to the selected
post-change THW threshold. The number of retained events increases from 258 at
0.8 s to 1216 at 3.0 s. Compared with the 3.0 s baseline, the 2.0 s threshold retains
about 78.3% of the events, while the 1.5 s and 1.2 s thresholds retain about 61.1%
and 44.8%, respectively.

This confirms that the THW threshold has a clear effect on the size and strictness of
the selected event set. Lower thresholds identify more severe close-following cut-ins,
whereas the 3.0 s threshold provides a broader and more inclusive screening criterion
for potentially relevant cut-in events.
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Figure A.1: Sensitivity of final cut-in event selection to different post-change THW
thresholds. The bars show the number of retained final cut-in events, and the red
line shows the retention rate relative to the 3.0 s baseline.
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A.2 Bootstrap Confidence Intervals for AP Scores

To provide an additional indication of the uncertainty in the AP estimates, bootstrap
confidence intervals were computed for the surprise-based metrics under two selected
temporal settings. The first setting, h = 0.5 s and z = 0.2 s, was used to examine the
uncertainty under the shortest history window considered in the sensitivity analysis.
The second setting, h = 1.0 sand z = 0.2 s, corresponds to the main temporal setting
used in the surprise-based detection pipeline.

The bootstrap analysis was performed at the event level using the labelled validation
data. In each bootstrap iteration, labelled events were resampled with replacement,
and the AP score was recomputed for each metric. The 95% confidence interval
was obtained from the 2.5th and 97.5th percentiles of the resulting bootstrap AP
distribution.
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Figure A.2: Bootstrap confidence intervals of AP scores for the surprise-based
metrics under h = 0.5 s and z = 0.2 s. The markers show the original AP values,
while the vertical error bars indicate the 95% bootstrap confidence intervals obtained
from event-level resampling of the labelled validation data.
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Figure A.3: Bootstrap confidence intervals of AP scores for the surprise-based
metrics under h = 1.0 s and z = 0.2 s. The markers show the original AP values,
while the vertical error bars indicate the 95% bootstrap confidence intervals obtained
from event-level resampling of the labelled validation data.
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A.3 Event Counts in the Classical Cut-in Screen-
ing Workflow

To provide additional transparency on the event selection process, Table A.1 sum-
marizes the cumulative number of candidate events retained during the classical
THW-based cut-in screening workflow. Several technical consistency checks are
grouped together to keep the table concise. The table is included as supplementary
information, since the main methodology section focuses on the rationale for the
filter design.

Table A.1: Cumulative event counts in the classical THW-based cut-in screening
workflow.

Step Screening stage Main condition Remaining Dropped Retention
(%)

1 Initial lane-change candidates laneId changes between consecutive ego 13,949 0 100.00
frames

2 Valid post-change follower Post-change followinglId is non-zero 10,827 3,122 77.62

3 New follower condition Post-change follower differs from the pre- 10,822 5 77.58
change follower

4 Trajectory and common-frame Ego and follower trajectories available, 10,723 99 76.87

availability with at least 3 common post-change

frames

5 Valid post-change gap Minimum post-change gap > 0.5 m 5,011 5,712 35.92

6 THW-based trigger Valid follower speed and minimum post- 4,264 747 30.57
change THW < 3.0s

7 Change-frame gap consistency Change-frame rows available, finite gaps, 4,247 17 30.45
and change-frame gap < 150 m

8 Relative-speed condition Positive closing speed, Av > 0, meaning 1,216 3,031 8.72

the follower is faster

A.4 Event Counts in the Surprise-Based Cut-in
Screening Workflow

To provide additional transparency on the event selection process, Table A.2 summa-
rizes the cumulative number of candidate events retained during the surprise-based
cut-in screening workflow. The counts are cumulative, meaning that each row shows
the number of events remaining after the corresponding screening stage has been ap-
plied. Several technical checks are grouped together to keep the table concise. The
table is included as supplementary information to show how the initial lane-change
candidates were reduced to the final surprise-based detections.
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Table A.2: Cumulative event counts in the surprise-based cut-in screening work-

flow.
Step Screening stage Main condition Remaining Dropped Retention
(%)
1 Initial lane-change candi- laneId changes between consecutive ego 13,949 0 100.00
dates frames
2 Valid post-change follower Post-change followingId is non-zero 10,827 3,122 77.62
3 New follower condition Post-change follower differs from pre-change 10,822 5 77.58
follower
4 Trajectory and common- Ego and follower trajectories available, with at 10,723 99 76.87
frame availability least 3 common post-change frames
5 Post-change geometric san- Change-frame gap < 100 m, post-change gap 4,285 6,438 30.72
ity > 0.5 m, and valid follower speed
6 Surprise metrics available Finite event-level peak RI, BS, and A values 4,026 259 28.86
and finite are available in the event window
7 Surprise-threshold trigger Peak RI exceeds p99 with BS or A above p95; 3,396 630 24.35
or RI, BS, and A all exceed p95
8 Post-trigger physical consis- Change-frame rows available, gaps < 150 m, 950 2,446 6.81
tency and positive closing speed, Av > 0

A.5 Representative Example of Manual Labelling

To make the manual labelling process more transparent, one representative border-
line cut-in case is shown in Figure A.4. This example is not intended to define a
strict quantitative classification rule. Instead, it illustrates how manual judgment
was applied in practice. In this thesis, the manual labeling used a relatively inclusive
definition of criticality: an event could be labeled as critical when it created a close-
following or interaction-demanding situation, even if it was not crash-imminent.
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Representative borderline case labelled as critical

Before lane change

C = cut-in vehicle

F = following vehicle

Lane-change frame

After lane change

post-change THW = 2.718 s < 3.0 s boundary
e ——

Figure A.4: Representative borderline cut-in event labelled as critical. The event
was not crash-imminent, but the post-change time headway was approximately
2.718 s, which is below and close to the 3.0 s criticality boundary used in this
thesis. This example illustrates the relatively inclusive manual labelling criterion
adopted for the validation set.

VI
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