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Abstract

While cycling has become a popular way of modern transportation, concerns about
cyclist safety remain significant. One typical and potentially risky scenario arises
when motor vehicles pass (including overtake) cyclists, which may lead to close
passing incidents and endanger the vulnerable road users.

Previous works intensively investigated a typical scenario where an ego vehicle is
overtaking a cyclist on a two-lane rural road with possible oncoming vehicles present
on the adjacent lane. Experiments have been conducted to study the characteristics
in vehicle-cyclist interaction during overtaking. Many studies segment the overtak-
ing period into phases to better model the maneuver. There are also traffic laws
that requires a minimum lateral distance when a motor vehicle passes cyclists.

In this thesis, we used real-world data from Volvo Cars Corporation to detect and
evaluate risky passing and overtaking behavior. We used and further developed a
tool that extracts scenarios when ego vehicles pass cyclist. Then output information
derived from signals in these scenarios. With that information, we built a rule-
based model and applied it to different phases of the overtaking process. The model
used four safety metrics: Variable-Adjusted Minimum Passing Distance, Perceived
Risk Score, Minimum Distance Returning, and the Lateral-Time Risk Index. We
conducted statistical analysis on the data and the model output. We also verified
some of the results by manually reviewing the scenario on a visualization system to
evaluate the correctness of our model.

Furthermore, we discussed some special or difficult cases, such as overtaking a cyclist
group, sensor unreliability at night, overtaking maneuvers happening on curved
roads. We also pointed out the possible limitations in the data source, sensor fusion
process and other factors. Lastly, we showed our perspective on the future works
that can be based on our thesis work.

The work presented in this thesis can help better understand how drivers overtake
cyclists, and it may be useful for providing post-event feedback to enhance driving
safety, or provide insights to user-based insurance systems.

Keywords: Overtaking, Risky Driving Detection, Scenario Extraction, Cyclist Safety,
Safety Metrics, Advanced Driver Assistance System (ADAS), User-Based Insurance,
Post-Event Feedback.
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1

Introduction

1.1 Background

Road traffic injury is a major global issue. According to the UN Global Road
Safety Week 2023 report[36], approximately 1.19 million people die each year as a
result of road traffic crashes, with many incidents caused by unsafe driver behaviors.
More than half of all road traffic deaths are among vulnerable road users, including
pedestrians, cyclists and motorcyclists. Some accidents happen because drivers are
distracted, while others result from taking unnecessary risks. Overtaking is a risky
maneuver and it plays a crucial role in many collision situations as it often results
in severe or even deadly consequences due to high impact speed[35][24]. Vulnerable
road users like cyclists face even higher risks in such situations.

Meanwhile, there is a growing global trend toward promoting cycling as a sustainable
and healthy way of transportation[8]. However, in many regions, the road infrastruc-
ture like dedicated cycling lanes are often limited or entirely absent, forcing cyclists
to share the same lanes with motor vehicles[25]. According to a WHO report[34]
published on 2018, 86% of the cyclists are traveling with the absence of dedicated
cycling infrastructures. This significantly increases the risk of crashes, especially
during overtaking maneuvers. In such scenarios where motor vehicles interact with
cyclists, ensuring safe interactions becomes critical.

Therefore, this thesis aims to investigate the characteristics of vehicle-cyclist in-
teractions during overtaking, with a focus on modeling and evaluating risky driver
behaviors in such scenarios, in order to promote safer driving.

1.2 Literature Review

There has been extensive research investigating scenarios where a motor vehicle is
driving by or overtaking a cyclist (approach from behind and pass, with possible
steering maneuver) , as these scenarios are common in the real world and can have
lethal impacts on the cyclist and sometimes severe damage on the motor vehicle
driver as well.

In this section, we begin by clarifying and unifying the terminology adopted in this
thesis. We then provide a structured review of relevant literature regarding passing
and overtaking scenarios, highlighting key findings and methods. Finally, we identify
limitations in the existing research and outline potential directions for improvement
and innovation, which motivate the contributions of this thesis.
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1.2.1 Terminology Unification

Before summarizing the previous works, we want to first clarify on the terminology
used in our thesis, as previous works used different terminology on the essentially
identical concept. To address issues of redundancy and inconsistency, we choose the
best set of terminology throughout this thesis. All related concepts will be referred to
using the terms as defined in this section, regardless of the original variations used in
previous works. This approach improves clarity and ensures consistent comparisons,
while also reducing potential confusion for readers.

1.2.1.1 Ego Vehicle

In this thesis, we use the term ego vehicle, which is widely adopted in both academia
and the vehicle industry, to refer to the vehicle under direct observation, modeling,
or control.

1.2.1.2 Lateral Distance

Many previous research or regulations involve the side-to-side space to the cyclist
when ego vehicle is passing it. While this concept is commonly referred to as lateral
distance in some research papers, other studies use the term lateral clearance. On
the contrary, some traffic laws or regulations refer to it as passing distance.

While all three terms are correct and scientific, in this thesis, we choose to adopt the
term lateral distance because it is straight-forward, applicable outside the passing
period, and aligns with the variable names used in an existing tool we used.

1.2.1.3 Ego Velocity

Similarly, previous works use different terms for the longitudinal velocity of the ego
vehicle, most notably ego speed and ego velocity.

While both terms are widely accepted and straight-forward, in this thesis, we adopt
the term ego velocity mostly because it aligns with the variable names used in the
existing tool we used.

1.2.2 Overtaking Cyclist on Two-lane Rural Roads

There are many researchers investigating the factors affecting safety when overtaking
cyclists, especially on two-lane rural roads with one possible oncoming vehicle in the
neighboring lane[28][27][39][40].

Rural roads accommodate significant bicycle traffic volumes, has higher vehicle speed
limit, and they usually are not equipped with cycling infrastructure, resulting in
higher injury rate than the urban roads[27].

This has become a typical setting to investigate the safety in overtaking maneuvers
for several reasons. First, the two-lane rural road setting means that the traffic
environment is relatively simple, which reduces confounding variables and better
enables controlled analysis of overtaking behavior. Second, rural roads are often
narrower than urban roads, leaving limited lateral distance for vehicles to safely
pass cyclists without steering. Third, such roads typically lack dedicated cycling
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infrastructure, making it common for cyclists to ride directly within the travel lane.
As a result, motor vehicles are frequently required to cross into the opposing lane
to overtake, which is a potentially dangerous maneuver, especially in the presence
of oncoming traffic.

1.2.3 Experiments

There have been many previous experiments designed to investigate how drivers
overtake cyclists.

Some test-track experiments[30][20] use an instructed vehicle (ego vehicle) equipped
with sensors that record vehicle signals like velocity and acceleration, information
about traffic objects such as distance and velocity, and possibly record footage from
cameras to further analyze the overtaking scenarios.

In addition to controlled experiments, some research record the real traffic on a fixed
road and conduct a comprehensive analysis on the data, to provide insights on the
passing distances and vehicle velocity in relation with road condition and the cyclist
demographic characteristics.

In field-track experiments[38][4], researchers ask cyclists to ride instructed bicycles
on road. The bicycles are equipped with camera that records footage to further
calculate vehicle velocity, and LiDAR to record distance to the overtaking vehicle.
Some works[42][44][12] use data from traffic sensors (e.g. cameras) and analyze the
footage from the naturalistic driving setting.

Some experiments[38][30][6] also survey the ego driver and/or the cyclist on their
perceived safety immediately after participating in the overtaking during controlled
experiments. Afterwards they model relationship between the recorded sensor data
and the perceived safety level.

While these experiments provide valuable insights by controlling parameters and
investigate into specific factors, they also come with notable limitations.

Firstly, in these controlled overtaking settings, either vehicle driver overtakes a
dummy cyclist that moves on a fixed trajectory, with the possible presence of a
balloon oncoming vehicle[38]; or the cyclist rides on an instrumented bicycle to
record data when they are overtaken by a vehicle. It is morally impossible to con-
duct experiments that reproduce real vehicle overtaking real cyclist as such high
speed interaction is way too dangerous. But this implies potential psychological
bias, as the vehicle drivers and the cyclist are aware of the experimental settings,
they may unintentionally perform differently than their real-life decisions, resulting
in biased results.

Secondly, the test-track experiments took place in a test field, which means highly
simplified environment and scenarios. For example, only one oncoming vehicle is
used in the experiment, while in real life there might be a few oncoming vehicles
that affect the driver’s decision. There is a huge gap between the test field and the
real driving conditions.
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1.2.4  Perceived Safety and Driver Behavior

While many studies have focused on physical indicators of safety such as lateral
distance or time-to-collision, a growing number of works also explore how overtaking
maneuvers are perceived by cyclists and drivers.

In several controlled experiments [38, 30, 6], participants are asked to rate how safe
or unsafe they felt during or after an overtaking event. These subjective ratings
are then compared to objective data collected from sensors, such as distance to the
cyclist, vehicle speed, and road layout.

This type of research is important because physical safety does not always align
with perceived safety. For example, a maneuver with sufficient distance might still
feel unsafe if it occurs at high speed or includes sudden steering. Similarly, some
close interactions might feel acceptable in low-speed contexts.

Other studies [41, 42] also show that people feel risk differently depending on their
experience, habits, or even where they live. Because of this, safety models that only
use physical numbers might miss how people actually feel during overtaking.

In this thesis, we aim to incorporate this perspective by designing a scoring system
that better reflects perceived discomfort from the cyclist’s point of view, using phys-
ical measurements but weighting them in a way that matches subjective experience.

1.2.5 Overtaking Phases

The overtaking scenarios are often segmented into different phases for better anal-
ysis. Dozza et al.[14], Rasch et al.[39][38] separated the overtaking scenario into
four phases: approaching phase, steering away phase, passing phase, and returning
phase. Although the naming for the different phases are the same, the specific def-
inition for the phases can be different across different papers, even from the same
authors. Generally speaking, approaching phase refers to the period when the ego
vehicle driver approaches the cyclist. Steering away phase is the period from when
ego driver started steering away to the start of the passing phase. Passing phase is
the time when the ego vehicle is passing the cyclist, in some paper, it is 2 meters
extended from where the ego vehicle has longitudinal overlap with the cyclist. Rasch
et al.[38] extracted different safety metrics in these four overtaking phases that are
critical to different types of crash. One major drawback for this four-phase defini-
tion is that the start of steering away phase usually requires manual identification,
rather than automatically extracting from the signals.

1.2.6 ADAS Support

Some research focus on the safety metrics to support ADAS to avoid potential
accidents in overtaking scenarios. Brijs et al.[7] investigated the relationship between
lateral distance and time-to-danger with the cyclist to develop a warning feature for
ADAS, where time-to-danger refers to the amount of time remaining before the
ego vehicle reaches the point where its path starts to overlap longitudinally with
the cyclist, potentially leading to a collision. The system identifies the scenario as
"avoidable accident” when lateral distance is lower than 1 meter while time-to-danger
is lower than 2 seconds.
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This research provides us a safety metric when ego vehicle is approaching the cyclist.

1.2.7 Passing Distance

There are some laws and regulations that restrict the minimum passing distance
(MPD) when a motor vehicle is passing (including overtaking) a cyclist. As summa-
rized by Rubie et al.[43]: Queensland in Australia has passed the MPD law in 2016
which requires the MPD to be larger than 1 meters if the ego speed is lower or equal
to 60 km/h, and MPD to be no less than 1.5 meters if the ego speed is higher than
60 km/h. Belgium has passed the law that requires MPD to be 1 meter in 1975,
and Ontario in Canada has passed the same MPD limit in 2017. France requires
the MPD to be 1 meter in urban area, and 1.5 meters else where after 2003. Spain
has a MPD limit of 1.5 meters after 2003. 26 states in the USA such as Florida,
California, Louisiana, Maryland, Michigan, Minnesota, and Wisconsin have a 3-feet
law that requires MPD to be larger than 3 feet (0.9144 meters), dating back to 1973
at earliest.

Although there are laws and regulations that requires the minimum lateral distance
while passing a cyclist, some even date back to 50 years ago, not all drivers obey
these rules. It is reported that only 64% of the drivers in Spain comply with the
1.5 meters MPD rule[27], 88% in Queensland that comply with the 1 meter MPD
law when they are driving slower than 60 km/h, and 79% compliance with the 1.5
meters MPD law at speed greater than 60 km/h[18].

While we can adapt these traffic rules as a "bottom-line" for defining the safe vehicle-
cyclist overtakes, we also wonder under what circumstances where the driver chooses
to break the law.

1.3 Purpose

Dealing with risky overtaking maneuvers by using real-time warnings or system
interventions like ADAS can be difficult. Sometimes drivers ignore the warnings,
and interventions may even cause more dangerous situations if the driver does not
cooperate. Moreover, drivers complain and increase disbelief when errors were made
by the ADAS functions[3][33]. Instead, giving feedback to the driver after a risky
overtaking can be a safer and more effective way to help improve driving behavior.
In this thesis project, in collaboration with Volvo Cars Corporation (VCC), we
aim to analyze VCC’s quantitative log data to model and evaluate the riskiness
of overtaking scenarios when a vehicle overtakes a cyclist. There are two major
applications with our model: post-event driver behavior evaluation system and user-
based insurance.

The first primary applications of the developed model is its integration into a post-
event driver behavior evaluation system. After an overtaking event occurs, this
system will analyze the recorded data and provide automated feedback to the driver.
The feedback may include suggestions for safer overtaking practices, warnings about
close proximity to vulnerable road users, or commendation for safe driving behavior.
This system aims to enhance drivers’ situational awareness and promote long-term
behavioral improvement through data-driven coaching.
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The second application is to support user-based insurance systems|2][21], which fine-
tunes insurance premiums based on individual driving behavior, enabled by data.
By quantifying the risk levels of overtaking maneuvers, especially near cyclists, the
model can provide insurers with objective, behavior-linked metrics to assess driver
safety profiles. This encourages safer driving by financially incentivizing responsible
behavior and discouraging risky maneuvers. The model’s output will contribute to a
more nuanced and fair assessment of driver performance. Also provide data support
to user-based insurance that adjusts the insurance premium according to driver’s
behavior.

1.4 Goals

The expected outcome for this thesis work is three-fold.

Firstly, we aim to analyze and process naturalistic driving data. For this, we use
data from one of VCC'’s field data collection sets which has been processed offline
by a sensor-fusion-based perception system. With the data, we extract our target
scenarios, where the ego vehicle overtakes or passes a cyclist. Passing events are also
included as they can be categorized as a special case of overtaking. After identifying
these events, we extract key features that describe the overtaking behavior, such
as lateral distance, ego vehicle speed, and time to collision with oncoming vehicles.
There values are stored on VCC server, they can be queried and fetched for later
modeling.

Secondly, we aim to build a safety model that uses the extracted data to predict
the overall risk level of an overtaking event to provide feedback to the drivers if
they should improve their overtaking maneuver in the future. The safety model
incorporates multiple safety metrics in different overtaking phases. Then we evaluate
the safety model with VCC’s field data to verify if the results align with manual
visual inspection.

Thirdly, we aim to identify hard cases that the models may give opposite results
than reality, and point out the limitations in the data, such as incomplete data,
sensor errors, unusual road users, and unclear driving conditions. Moreover, we
aim to provide suggestions for future improvements, such as suggestions for model
optimization or pointing out possible solutions to the current limitations.
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Theory

2.1 Defining Overtaking Maneuvers

In this study, the overtaking maneuver is defined according to the phase-based
framework proposed by Dozza et al.[14], As Figure 2.1 shows, cyclist overtaking
maneuvers can be split into four phases:

1. approaching phase: ego vehicle approaches the cyclist, driver decides which

overtaking maneuver to perform.
2. steering away phase: ego vehicle steers away to achieve a lateral distance
to the cyclist.

. passing phase: ego vehicle passes the cyclist while driving in parallel.
4. returning phase: ego vehicle has passed the cyclist and steers back to the

w

lane.
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Figure 2.1: Overtaking scenario definition for an exemplary flying maneuver, in-
cluding overtaking phases and independent variables. LC' is the lateral clearance
between the ego vehicle and the cyclist, and V4, is the speed of the ego vehicle
at the passing moment. T7TC, is the time-to-collision between ego and oncoming
vehicles at the passing moment. Source: Rasch et al. [41], *Drivers’ and cyclists’
safety perceptions in overtaking maneuvers*, 2022.

2.2 Classification of Overtaking Strategies

According to previous research[39], there are mainly two strategies of overtaking
cyclists:

« Flying: ego vehicle overtakes the cyclist without a clearly deceleration, prob-
ably because ego vehicle has a good visibility or complete the maneuver before
the oncoming vehicle has reached the cyclist.

o Accelerative: ego vehicle brakes and has a clearly deceleration before steering
away, probably because ego vehicle has a poor visibility or waiting for the
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oncoming vehicle passing first.
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Figure 2.2: Two strategies of overtaking. The blue line indicates a flying maneuver
that the ego vehicle (white) steers to overtake the cyclist before oncoming vehicle
(black) comes close. The red line indicates a accelerative maneuver that the ego
vehicle decelerates to let oncoming vehicle pass before overtaking the cyclist. Source:
Rasch and Dozza [39], *Modeling Drivers’ Strategy When Overtaking Cyclists in the
Presence of Oncoming Traffic*.

Note that for flying maneuvers, the steering action can be seen as the start of the
flying overtaking maneuver, and for accelerative maneuvers, the deceleration (brake)
action can be such indication of start.

2.3 Safety Metrics Introduction

To achieve refined modeling and risk assessment of overtaking behavior, we introduce
the following key models and metrics (we will introduce how these safety metrics
are applied in Section2.5):
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Table 2.1: Descriptions of safety-related models and metrics

Model / Metrics Definition / Note

Description
Variable-Adjusted Country-specific traffic Most simple, should
Minimum Passing rules. always follow.

Distance (VAMPD)

Perceived Risk Score  Estimate perceived Determining overtaking
(PRS) safety score of driver and strategy is a challenge in
cyclist during overtaking. our naturalistic dataset.

LD-TTD Risk Real-time warning model Using lateral distance
Index (LTRI) inspired by ADAS and time-to-danger as
warning system research  activation criteria.
Minimum Distance Evaluates safety of lane Specific used in
Returning (MDR) return after overtaking. returning stage

2.3.1 Variable-Adjusted Minimum Passing Distance (VAMPD)

The Variable-Adjusted Minimum Passing Distance (VAMPD) safety metric is based
on country-specific traffic rules, requiring the ego vehicle to maintain a minimum
lateral distance when overtaking a cyclist. In some places, the required distance also
depends on the vehicle’s speed and whether the road is urban or rural. VAMPD
takes lateral distance, ego vehicle speed and road type into account, which gives a
more realistic and rule-compliant measure of safe passing behavior. For this reason,
we refer to this safety metric as Variable-Adjusted MPD instead of simply MPD, as
it adjusts the minimum passing distance based on both speed and road type. For
the details of the rules in different countries, please seeB.1

2.3.1.1 Advantages and Limitations

2.3.1.1.1 Advantages

o Simple and Intuitive: Easy to understand and implement, based on clear
legal thresholds (e.g., 1.5 meters lateral distance).

« High Interpretability: The decision logic is transparent, making it suitable
for policy evaluation and public communication.

« Regulation-Aligned: Directly reflects compliance with traffic laws, useful
for legal or rule-based assessments.

e Low Data Requirements: Requires only basic inputs such as lateral dis-
tance and vehicle speed.

2.3.1.1.2 Limitations
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o Lacks Contextual Awareness: Does not account for dynamic traffic factors
like oncoming vehicles, road width, or cyclist behavior.

e Binary Judgment Only: Can only determine whether a maneuver is legal
or illegal, without indicating how risky it is.

o Limited Flexibility: Hard to adapt to different countries or regions with
varying traffic rules.

2.3.2 Perceived Risk Score

The Perceived Risk Score (PRS) has been calculated using a Bayesian cumulative
model developed by Rasch et al. [41], trained on cyclist and driver risk ratings. The
previous work set several overtaking cyclist experiments with participants and got
a number of function parameters. Therefore, we use the values of model parameters
directly in our implementation. The model uses the following logit formulation:

logit(Pr(score; < k)) =
ap — Brp - LD; — By + Vegoi — Bse - Sty — Bop - OF; — Brrc - TTCoyei - Sti - OF;
(2.1)

We used the extracted scenario features (lateral distance, ego speed, overtaking
strategy, presence of oncoming vehicle, and TTC) as input to this model for each
overtaking case. The model was applied separately for driver and cyclist perception,
yielding two safety scores per scenario.

This model allows us to estimate perceived safety scores from both the driver’s and
cyclist’s point of view, which we later use to evaluate and classify the safety level of
each overtaking maneuver.

2.3.2.1 Advantages and Limitations

2.3.2.1.1 Advantages

o« Human-centered: The model is designed to reflect the perceived safety of
both drivers and cyclists, making it more aligned with real-world subjective
experiences.

o Quantitative Risk Assessment: The model provides a continuous risk score
beyond binary safe/unsafe judgments.

e Dual perspective: The model provides separate safety scores for both the
driver and the cyclist, enabling a more comprehensive evaluation of overtaking
behavior.

2.3.2.1.2 Limitations
o Limited generalizability: The original model was trained on controlled
experimental data, which may not fully capture the variability in naturalistic
driving environments.
o Simplified interaction: The model assumes a single oncoming vehicle and
does not account for complex traffic interactions such as multiple oncoming
vehicles or curved roads.
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» Static parameters: Using fixed parameters may reduce sensitivity to con-
textual variations present in real-world data.

o Strict data compatibility: Requires structured and clean data inputs, which
may limit its use in diverse or real-time environments.

2.3.3 LD-TTD Risk Index(LTRI)

The LD-TTD Risk Index(LTRI) safety metric in this study is inspired by the work
of Brijs et al. [7], which investigated the effects of an advanced driver-assistance
system on the safety of cyclist overtaking maneuvers. Their research demonstrated
that timely warnings based on lateral distance and time-to-danger metrics can sig-
nificantly improve driver behavior and reduce risky overtaking events.

The Time-to-Danger (TTD) is a surrogate safety measure adapted from the clas-
sical Time-to-Collision (TTC), but extended to apply to non-collision overtaking
scenarios[7]. While TTC is defined as the time until impact if two road users remain
on a collision path[19], TTD is used to estimate how soon a vehicle will become
laterally aligned with a cyclist—an important moment in assessing the severity of
the maneuver.

Mathematically, TTD is defined as:

Distvh_c

TTD =
Speed,, — Speed.

(2.2)

Where:
e Disty_. is the longitudinal distance (in meters) between the vehicle’s front
bumper and the rear wheel of the cyclist.
o Speed,y, is the longitudinal speed (in m/s) of the vehicle.
» Speed, is the longitudinal speed (in m/s) of the cyclist.
TTD is only defined when Speed,;, > Speed,, i.e., when the vehicle is approaching
the cyclist from behind. [19]
The warning strategy operates under the following logic:

Table 2.3: Risk classification logic of the LD-TTD Risk Index (LTRI)[19]

Lateral Distance 45s>TTD > 3s>TTD > TTD < 2s

3s 2s
LD >15m Normal driving Normal driving Normal driving
1.5m > LD >10m Normal driving Danger Danger
LD <1.0m Normal driving Danger Avoidable

Accident

11
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2.3.3.1 Advantages and Limitations

2.3.3.1.1 Advantages

o Balanced complexity: Simple enough to compute in real time, but more
informative than one-dimensional safety metrics.

o Phase-specific suitability: It works especially well in the approaching phase,
where early risk detection is critical.

o ADAS-inspired: The design of LTRI is inspired by ADAS warning systems,
making it naturally compatible with future applications in real-time driver
assistance.

2.3.3.1.2 Limitations
o Lacks advanced complexity: While its simplicity is an advantage, LTRI
does not capture more complex risk patterns that may involve multi-agent
interactions.

2.3.4 Minimum Distance Returning (MDR)

The MDR safety metric is inspired by the work of Rasch et al. [38], which analyzed
how oncoming traffic and cyclist lane position influence driver behavior during over-
taking. One of their key findings was that the timing and trajectory of the vehicle’s
return to its original lane (i.e., the steering back phase) can significantly affect cyclist
safety.

2.3.4.1 Advantages and Limitations

2.3.4.1.1 Advantages
o Phase-specific suitability: Focuses on the steering back phase, which is
often overlooked but important for evaluating the full overtaking maneuver.

o Simplicity: The metric is easy to compute once the overtaking phases are
identified.

2.3.4.1.2 Limitations
o Lacks complexity: Does not capture more complex risk patterns that may
involve multi-agent interactions.

2.4 Scenarios Classification and Scope

We classify the passing scenarios on the road into three categories: Overtaking,
Drive-by and Meeting.

Since meeting scenarios are quite different from our topic of drive-by and overtaking
(i.e. the ego vehicle approaches cyclists from behind), as the oncoming cyclist is
much more aware of the situation and is often more proactive in decision-making
during meeting [5], we decided to exclude them from the analysis in the scope of
our thesis work.

12
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However, we have kept this type of scenario in the scenario extractor output to
provide potentially useful data for future research and to support other researchers
or engineers at VCC who may be interested in investigating these scenarios further.

2.5 Phase Definitions and Model Applications

To more accurately assess the risks during overtaking, we divide passing scenarios
into two types: Drive-by and Overtaking, and define their respective phases and
each applying different related safety metrics.

2.5.1 Drive-by Scenario Modeling

Drive-by refers to the ego vehicle passing the cyclist without obvious steering ma-
neuvers. This scenario often occurs when the cyclist is in an independent cycling
lane, and the ego vehicle stays in its lane, making oncoming vehicles usually irrele-
vant.

Ego vehicle Approaching Passing Departing

Vego

-
©
Y

Cyclist

Figure 2.3: Passing scenario and related safety metrics:(1)LD-TTD Risk Index
(LTRI) applied in approaching phase,(2)Variable-Adjusted Minimum Passing Dis-
tance (VAMPD) applied in passing phase

We define three phases for passing scenario:

2.5.1.1 Approaching Phase

o Time: 5 seconds before passing

o Focus: Ego speed and lateral distance with the cyclist

o Purpose: Avoid front-rear crash, considering driver’s reaction time
o Safety Metrics Application: LD-TTD Risk Index(LTRI)

2.5.1.2 Passing Phase

e Time: The period during which ego vehicle has longitudinal overlap with the
cyclist.

o Focus: Ego speed and lateral distance with the cyclist

o Purpose: Avoid side crash

o Safety Metrics Application: VAMPD

13
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2.5.1.3 Departing Phase

o Time: A few seconds after passing
e Since oncoming vehicles are irrelevant, no focus in this phase

2.5.2 Overtaking Scenario Modeling

Overtaking refers to the ego vehicle exhibiting steering maneuvers and overtaking
the cyclist while possible oncoming vehicles are present. This scenario has higher
dynamic interaction complexity and potential risk.

Approaching | Steering away | Passing | Steering back Oncoming vehicle
1 1 1
i TTCon i ! TTCon
T o = —
| o R B
Pt ot SN R A
: @ .‘_.,..- : @ I : R .
e . . f,
"j e R T L— -

I R A1

1 ]

Ego vehicle @ uRi Cyclist  (2) PRS and VAMPD (®MDR

Figure 2.4: Phases and metrics in overtaking scenario with multiple oncoming
vehicles present. Since multiple oncoming vehicles may appear throughout different
phases of the overtaking scenario (e.g., yellow, red, and blue vehicles), the Time
to Collision (TTC) with the respective oncoming vehicle should be evaluated con-
tinuously as each vehicle comes into view. Overtaking scenario and related safety
metrics: (1)LD-TTD Risk Index (LTRI) applied in approaching phase and steering
away phase,(2)Perceived Risk Score (PRS) and Variable-Adjusted Minimum Pass-
ing Distance (VAMPD) applied in passing phase,(3)Minimum Distance Returning
(MDR) applied in steering back phase

We define four phases for overtaking scenario similar to Marco and Alex’s perceived
safety paper[41]:

2.5.2.1 Approaching Phase

o Time: 5 seconds before passing

e Focus: Driver’s decision of when to initiate steering, i.e., Time to collision to
the oncoming vehicles, possibly waiting for some oncoming vehicles to pass
first

« Safety Metrics Application: LD-TTD Risk Index(LTRI)

2.5.2.2 Steering Away Phase

e Time: From the steering start to passing start
e Focus: Time to danger, ego speed, and lateral distance with the cyclist
« Safety Metrics Application: LD-TTD Risk Index(LTRI)
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2.5.2.3 Passing Phase

e Time: The period during which ego vehicle has longitudinal overlap with the
cyclist.
o Note: With possible oncoming vehicles are present, possibly also having longi-
tudinal overlap with a passing oncoming vehicle (squeeze through maneuver)
» Focus:
— Ego speed and lateral distance with the cyclist
— TTC with oncoming vehicles
— Ego speed and lateral distance with the passing oncoming vehicle
» Safety Metrics Application: Perceived Risk Score (PRS), Variable-Adjusted
Minimum Passing Distance (VAMPD)

2.5.2.4 Steering Back Phase

o Time: 5 seconds after passing
e Focus: TTC with oncoming vehicles, Euclidean distance to the cyclist
» Safety Metrics Application: Minimum Distance Returning (MDR)
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Methods

We first extract the scenarios where the ego vehicle overtakes cyclists, whatever the
overtaking way it takes, from VCC’s sensor-fused logged data using the Scenario
Extractor tool. These include both overtaking and drive-by scenarios.

After identifying relevant scenarios, we perform phase extraction to segment each
scenario into meaningful temporal phase. Such segmentation provides deeper insight
into when and how safety-critical situations occur, which allows a more comprehen-
sive assessment of overtaking safety.

Finally, we compute and output various contextual and dynamic signals during each
phase, which serve as the input for our safety models and metrics. Unlike previous
methods that focus only single phase, our phase-based safety analysis offers a broader
and more accurate view of overtaking safety.

3.1 Data Description

This study is based on VCC’s log data collected from instrumented test vehicles
driven under real-world conditions in different cities around the globe.

The test vehicles that are equipped with multiple sensors collect information while
driving in real-world traffic, then the logs are stored and uploaded to VCC server,
where data pipelines process these raw outputs from the different sensors, using
technologies like sensor fusion to produce a timestamp-aligned, preprocessed and
structured representation of the driving history. We refer to this single driving log
as a stream, and the preprocessed log data as sensor-fused data (SF data). We
can access various information (commonly referred to as signals in the field), on the
camera footage, traffic objects (including ego vehicle and other various types of road
users), lane markings, road information, traffic signs and road condition|[1].

VCC also performs simulation (resim) on the SF data and virtually visualizes the
scenarios in a bird-eye view and displays various signals in a user-friendly visualiza-
tion system. Users can easily visually inspect a certain scenario in this system. The
data we had access to has thousands of streams where each stream lasts between 30
minutes and 3 hours.

3.2 Scenario Extractor

We used and contributed to an internal tool called Scenarios Extractor at VCC. This
tool processes sensor-fused log data and identifies specific driving scenarios based
on predefined and carefully designed conditions. It also allows the extraction of

17



3. Methods

~ — 7 Manual
- Inspaction

Visualization System p (5

Rasim '

Sensor Scenario
Fusion Extractor

Cruery

]

Scenarios &
Information

Meeting ';;::_Le—b I

ey Safety
Results

Metrics

Figure 3.1: Data processing flow in the scope of this thesis work.

custom, derived values from the available signals, enabling further analysis in these
driving scenarios.

3.2.1 Finder

In search for the scenarios in which the ego vehicle passes a cyclist. We first tried to
find some useful results from the existing output of Scenario Extractor. However,
although we have tried many different combinations of the query conditions, these
findings are not accurate enough for us. So we implemented a new finder in the
Scenario Extractor tool to identify our specific ego passing cyclist scenario, namely
FEgoPassingCyclistState Finder.
We used the following criteria to identify an ego passing cyclist scenario:
e The overtaken object is a bicycle or unknown.
o The center-to-center lateral distance with the overtaken object is less than 5.25
meters (which means the side-to-side lateral distance is around 3.9 meters).
o Ego vehicle has longitudinal overlap with the object.
o Ego vehicle should be moving forward and move faster than the overtaken
object.
o The object should be heading relatively parallel to the ego vehicle (absolute
relative heading angle less than 60 degrees).
These criteria were designed to capture the overtaking scenarios, with a focus on
balancing between completeness and relevance to our research topic. Below we
explain each criterion in detail and provide reasoning for the selected thresholds.
In the first condition, we specify the object class to be bicycle or unknown. Including
the unknown class is a common practice when using this tool, in order to also include
the periods where the sensors are unable to accurately identify the type of the object,
thus including as many relevant scenarios as possible.
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In the second condition, we are filtering out the cyclists that are too far away from
us, as they are usually not in the scope of the overtaking. We deliberately set the
final center-to-center lateral distance threshold to 5.25 meters, which is 1.5 times
the average lane width. If we set this threshold too small, it will result in reduced
number of findings, while setting this threshold too large will result in more irrelevant
cases. It is meant to include a wide range of possible overtaking maneuvers, from
close passes to more cautious ones, as validated during manual inspection on the
passing scenarios in an earlier stage of implementing this tool. Given that the test
vehicle is 1.923 meters in width and bicycles are considered 0.75 meters in width,
this corresponds to a side-to-side distance of approximately 3.9 meters.

In the third condition, we require the vehicle-cyclist longitudinal overlap to ensure
that the ego vehicle is truly in an overtaking situation rather than driving ahead or
following the cyclist. We use this criteria to identify the start and the end timestamp
for our passing phase.

Similarly in the fourth condition, the constraint that the ego vehicle must be moving
forward and faster than the object ensures the proper directionality of the interac-
tion. This helps exclude irrelevant events such as stationary or reversing maneuvers,
or situations where the cyclist overtakes the vehicle that we often find in the pre-
liminary versions of our scenario extractor.

Finally, bounding the relative heading between the ego vehicle and the cyclist to
within 60 degrees ensures that both are generally moving in the same direction.
This is a relatively broad constraint that allows for slight road curvature or imperfect
sensor estimation; if stricter heading directions are desired, such as retaining only
near-parallel ones, additional filtering can be applied in the next steps.

Overall, these are carefully designed criteria that balance the number of findings
and the relevance of the findings in our custom EgoPassingCyclistStateFinder. This
finder finds the period of time in a stream where the ego vehicle passes a cyclist.

3.2.2 Phases Extraction

The finder in Scenario Extractor returns the time period from passing start and
passing end. We defined a pre-passing phase and a post-passing phase, which are
defined as 5 seconds before and after passing respectively.

Then we look into the steering maneuver in the pre-passing phase, and define the
distinction between approaching phase and steering away phase as 0.5 seconds before
the steering wheel angle reaches the maximum value. Thus, the entire scenario is
divided into four phases, namely approaching, steering away, passing and post-
passing phases (departing or steering back). These four phases defined in scenario
extractor align with the phase definitions in the drive-by and overtaking scenarios.

3.2.3 Output

We then define, calculate and output the various information relevant to our research
within the periods. For example, we calculate the average ego longitudinal velocity
and the minimum lateral distance during the passing, along with the country/state
information processed from GPS coordinates and the road type; together, these
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outputs enable the calculation of our VAMPD model originated from the country-
specific traffic rules.

The full information of the output signals, including names, types, units, usage and
notes can be found in the tables in Appendix C.

3.2.4 Small Batch Run

We began by running the scenario extractor on a small-scale dataset consisting of 200
individual streams. The streams were randomly selected from a manually extracted
list of streams where there are bicycles present on tertiary road, to increase the
probability of finding simpler and more suitable scenarios.

The key idea for this small batch run was to allow us to have the possibility for
detailed manual inspection, enabling us to validate the correctness of the scenario
extractor’s output, as well as to evaluate the models and the metrics.

3.2.5 Full-Scale Run

After the small batch run, we ran the scenario extractor on all available 8300 streams.

This output enabled us to conduct thorough data analysis and apply our models
and metrics on it.

3.3 Post Filtering and Scenario Classification

We perform post-filtering process to the output from scenario extractor. The aim for
this process is to filter out abnormal data, such as ego vehicle moving too slowly or
cyclist has abnormal heading, and further classify the ego passing cyclist scenarios
into the following types:

o Meeting: Ego vehicle meets the cyclist that comes from the opposite direc-
tion.

e Drive-by: Ego vehicle drives by the cyclist without steering away maneuver
intended to avoid the cyclist or to create a larger lateral distance. Refer to the
figure 3.2 below.

o Overtaking: Ego vehicle overtakes the cyclist with steering away maneuver
intended to avoid the cyclist or to create a larger lateral distance. Refer to the
figure 3.3 below.

For the meeting case, we filtered cases with negative object velocity, which indicates
that the cyclist is coming towards ego vehicle. For the overtaking case, we use
combined conditions, i.e. road should be straight (average road curvature less than
0.57 degrees), there should be lateral distance change between steering start and
passing start (greater than 0.5 meters). And we categorize the rest cases into drive-
by scenarios.
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Figure 3.2: The figure shows the definition of drive-by scenarios, including phases
and independent variables. LD is the lateral distance between the ego vehicle and
the cyclist, and Vi, is the speed of the ego vehicle. TTD.y. is the time-to-danger
between ego vehicle and cyclist before passing.

Approaching X Steering away X Passing : Steering back Oncoming vehicle
1 1 1
: : : WCOHO
: : : Vegu (u"“n“u-u“u
' Ja—— b e e
e 1 [ ———rr L- —~t,,
= [ | I | i .
p T Ly L LD 0 L
|. _ E y ' TTD,, Vo \A — : . G >
e b = - 7 T e ED
1 1 1
Ego vehicle Cyclist

Figure 3.3: The figure shows the definition of overtaking scenarios, including
phases and independent variables. LD is the lateral distance between the ego vehi-
cle and the cyclist, and V,, is the speed of the ego vehicle. TTC,, is the time-to-
collision between ego and oncoming vehicles at the passing moment. 77Dy is the
time-to-danger between ego vehicle and cyclist before passing. FD is the Euclidean
distance between ego vehicle and cyclist at the steering back phase.
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3.4 Application of Safety Metrics

After classifying the cases, we chose to investigate into the drive-by cases and the
overtaking cases, and leave meeting cases for future work. We applied different
safety metrics on the two cases.

3.4.1 Variable-Adjusted Minimum Passing Distance (VAMPD)
Implementation

To evaluate overtaking behavior using the VAMPD metric, we compare the lateral
distance between the ego vehicle and the cyclist against country-specific legal thresh-
olds. These thresholds depend on factors such as vehicle speed and road type, and
are summarized in Appendix B.1.

3.4.1.1 Computation

For each overtaking scenario, we extract the minimum lateral distance during the
passing maneuver. This distance is then evaluated against the legal passing distance,
determined as follows:

« If countries or regions have their own MPD rules, (e.g., Australia, Ireland,
Germany, UK), the rule is directly applied and we will dynamically adjust the
threshold based on the ego vehicle’s speed and available road metadata.

o For countries or regions without specific MPD rules, we assume a default
threshold of 1 meter for safety, consistent with international best practices for
protecting vulnerable road users.

3.4.1.2 Binary Safety Evaluation Criterion

We apply a binary classification:

» Safe: If the vehicle’s passing distance follows the rules of the country, or meets
our assumed safety distance when no law exists.

o Unsafe: If the vehicle does not meet the legal or assumed safety distance.

This approach matches the idea of VAMPD as a rule-based metric: any violation of
legal or safety limits means the maneuver is unsafe.

3.4.2 Perceived Risk Score Implementation

We implemented the Bayesian cumulative model using the extracted scenario-level
features: lateral distance, ego vehicle speed, overtaking strategy, presence of on-
coming vehicle, and time-to-collision (TTC). These inputs were derived from each
overtaking case (see Table 3.2).
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Variable Unit Values/Options Notes/Annotations
Lateral distance m - -
Ego vehicle speed km/h — Average ego

Overtaking
strategy

Presence of
oncoming vehicle

TTC to oncoming
vehicle(s)

Accelerative (OP
= 0) / Flying (St

Absent (OP = 0)
/ Present (OP =

1)

longitudinal
velocity

0: Ego vehicle
slowed before
overtaking. 1:
Overtake without
slowing.

For flying
maneuvers with
oncoming vehicle
present

Table 3.2: Variables and annotations for overtaking scenarios

3.4.2.1 Model Parameterization

We did not retrain the model but instead used the fixed population-level median
values of each parameter from the original study (see Table 3.3).

Table 3.3: Median values of model parameters for driver and cyclist perceived
safety models, adapted from [41]. These values were used directly in our implemen-

tation.

Parameter Unit

Driver Model (Median)

Cyclist Model (Median)

aq NA
(05} NA
as NA
ay NA
as NA
Qg NA
Brp 1/m
Bv s/m
Bsi NA
Bop NA
Brrc 1/s

-0.59
1.58
3.25
4.56
6.13
9.55
-0.26
-0.07
1.72
3.32
-0.31

-3.59
-0.19
1.24
1.61
NA
NA
-4.00
0.05
0.64
5.37
-0.13

In the original model, a group-level effect up is included to account for differences
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between participants:
up ~ N(0, o7p)

However, in our implementation, we do not include this participant ID term, as
our dataset does not contain individual driver or cyclist identifiers. Therefore, our
version of the model assumes fixed effects across all overtaking events.

3.4.2.2 Scoring Method Modification

We made improvements in the statistical analysis. In the original study, the final
perceived safety score was determined by selecting the score level with the high-
est predicted probability. However, this approach may overlook the distributional
nature of the model output and overemphasize a single outcome.

To improve robustness and better reflect the full risk profile, we modified the aggre-
gation method by computing a weighted average score, where each score level is
weighted by its predicted probability. This approach captures the expected value of
the perceived risk and provides a smoother, more representative measure of safety
perception.

Formally, the final score is computed as:

K
Weighted Average Score = Y k - P(score = k)

k=1

Then scale the scores back to the original range by applying a min-max scaler to all
weighted average scores:

(X — Xmin) (b —a)
Xmax - Xrnin

Where X denotes the original value of the feature before scaling. X,,;, denotes the
minimum value of the feature in the dataset. X,,.x denotes the maximum value of
the feature in the dataset. X’ denotes the normalized value after applying Min-Max
scaling, which will lie in the range [a, b]. For the driver’s model, a=1 and b=7. For
the cyclist’s model, a=1 and b=5.

This enhancement allows for more nuanced comparisons across scenarios and avoids
abrupt changes caused by small shifts in probability mass.

X =a+

3.4.2.3 Safety Evaluation Criterion

For each scenario, we calculate a predicted weighted average score from both the
driver’s and cyclist’s perspectives. The driver’s risk score ranges from 1 (very low
risk) to 7 (very high risk), while the cyclist’s risk score ranges from 1 (very low risk)
to 5 (very high risk). According to the results, these scores reflect the safety level
of each scenario.

3.4.3 LD-TTD Risk Index(LTRI) Implementation

The LD-TTD Risk Index (LTRI) is calculated based on the formula introduced
in the theory section 2.3.3. For each overtaking scenario, we extract the required
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variables to compute the Time-to-Danger (TTD), then combine it with the lateral
distance (LD).
3.4.3.1 Safety Evaluation Criterion

Risk levels were classified based on the thresholds in Table 2.3. Events were then
labeled as normal driving, danger, or avoidable accident accordingly.

3.4.4 Minimum Distance Returning (MDR)

Minimum Distance Returning is defined as the closest Euclidean distance with the
cyclist during the returning phase.

3.4.4.1 Safety Evaluation Criterion

We define a Minimum Distance Returning criterion that in any case, the Euclidean
distance to the cyclist should always be larger than 1 meter during the returning
phase. This is to avoid the rear-front crash with the cyclist, and avoid close inter-
actions that may raise the perceived risk level for the cyclist.
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Results

4.1 Results on a Small Batch

4.1.1 Data Description

In the small batch of 200 streams, the scenario extractor returned information (Refer
to Appendix C for detailed information on the output names and their usage) about
1184 scenarios where ego vehicle passed a cyclist.

We then applied post filtering process (refer to Section2.5), removing 53 abnormal
cases, resulting in 1131 valid scenarios.

Next, we identified the types for the passing. We categorized the results into three
categories as defined in the previous section 3.3:

As a result, among the remaining 1131 scenarios:
« 615 (54.4%) were classified as meeting,
o 472 (41.7%) were classified as drive-by,
o 44 (3.9%) were classified as overtaking.

4.1.2 Comparison on Perceived Risk Score Model Before
and After Scoring Method Modification

We first applied the Cyclist’s Perceived Risk Score model on the 44 overtake data
during the passing phase, and compared the results between using the original model
and the altered weighted model.

Using the original arg-max scoring method, the cyclist scores have an average score
of 1.54, with standard deviation of 0.89. As for the weighted scoring method, the
average is 1.92 and the standard deviation is 1.03.

As the histograms in Fig 4.1 shows, the original scoring method rarely gives pre-
diction of score 3 and score 4. On the contrary, our weighted scoring method has
less results on the low and high scores and has much more results on the mid-range
scores.

27



4. Results

Histogram of Cyclist Scores (Original) Histogram of Cyclist Scores (Weighted)
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Figure 4.1: Comparison of predicted cyclist perceived risk scores from the original
scoring method and the altered weighted scoring methods on a 44-sample batch.
The altered weighted model shows fewer low and high scores, with more mid-range
predictions.

As Fig 4.2 shows, the distribution for the scores are more smooth. For example, the
data point at 28 km/h in ego velocity and 0.78 meters in lateral distance. It has
a score of 5 in the original method while all its near data points have a predicted
score of 2, indicating a sudden change. On the contrary, this data point has a
predicted score of 5.0 in the weighted scoring method, with its surrounding data
points has score ranging from 2.09 to 3.38, resulting in smoother transition and
less sudden change. To summarize, the weighted model produces smoother score
transitions between neighboring data points, highlighting its improved consistency
over the original approach.

One thing worth mentioning is the data point that has the weighted score of 4.18
(Ego velocity 37 and lateral distance 1.2), whose adjacent points has much lower
scores. We manually inspected this data point. In this case, the ego vehicle showed a
flying maneuver, with oncoming vehicle present at a time-to-collision of 12.3 seconds.
Comparing to its neighboring points, it is the only point that has oncoming vehicle
present. It is reasonable that this point has a higher score using the weighted scoring
method, as the presence of the oncoming vehicle increases the risk.

Similarly for the data point at the bottom, that has almost 0 meters in lateral
distance. It is scored 5 by the original scoring method, while it a score of 4.49 in
the weighted method. It is because that the ego velocity is low, the weighted score
resulted in less significant risk level in the model. This would be a drawback for
using the weighted scoring method, that the risk level can be downplayed in some
cases due to the scaling.

We also investigated the difference between the weighted and original scoring meth-
ods. As Fig 4.3 shows, the weighted method tends to output much higher scores than
the original model, while having 29 cases (66%) that has nearly same predictions
with score difference lower than 0.5.
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Figure 4.2: Comparison of original and weighted cyclist scoring on small batch
data w.r.t ego longitudinal velocity and side-to-side lateral distance.
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Figure 4.3: Comparison of score differences between the weighted and original
models on a small batch dataset. The histogram (left) shows the distribution of score
differences, while the scatter plot (right) relates these differences to ego velocity and
lateral distance.

As for the Driver’s Perceived Risk model, we are only getting prediction scores 1
and 2 on this small-batch data, so we omit the comparison on the original and the
weighted method here.

4.1.3 Drive-by Scenarios

4.1.3.1 LTRI

Among 472 drive-by scenarios, 339 (71.8%) scenarios are identified as normal driving,
80 (17.0%) scenarios are identified as danger, and 53 (11.2%) scenarios are identified
as avoidable accident.
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4.1.3.2 VAMPD

Among 472 drive-by scenarios, 31 (6.6%) scenarios take place in the countries or
cities that has a MPD rule, in which 9 (29%) scenarios are breaking the MPD rule.
Considering the default minimum lateral distance to be 1 meters for the areas that
do not yet have a relevant traffic rule, among the 441 (93.4%) scenarios, 382 (86.8%)
are considered safe, while 59 (13.2%) of them are considered unsafe.

4.1.4 Overtaking Scenarios

We applied the four safety metrics on the overtaking scenarios and did manual
inspection on all of the 44 scenarios and rated the overall risk score (considering
both drive and the cyclist, ranging from 1 to 5) in the different phases.

4.1.4.1 LTRI

Among the 44 overtaking scenarios, 22 (50%) scenarios are identified as normal
driving, 11 (25%) scenarios are identified as danger and 11 (25%) scenarios are
identified as avoidable accident.

The results highly align with our manual inspection. During manual inspection,
higher risk scores were given when the ego vehicle steered late and has closer lateral
distance with the cyclist before passing. All the scenarios that are identified as
avoidable accident were manually rated a high risk score (4 or 5).

4.1.4.2 VAMPD

Among the 44 overtaking scenarios, only 1 scenario takes place in the countries
or cities that has a MPD rule, which is breaking the MPD rule. Considering the
default minimum lateral distance to be 1 meters for the areas that do not yet have
a relevant traffic rule, among the rest 43 scenarios, 36 (83.7%) are considered safe,
while 7 (16.3%) of them are considered unsafe.

4.1.4.3 PRS
We first summarize the relevant parameter distributions in the PRS model.
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Table 4.1: Summary of variables in the overtaking dataset (N = 44). All continuous
variables are shown as mean (SD); all categorical variables as number of samples
per level (percentage).

Variable (unit) Overtaking Data, N = 44
Lateral distance (m) 1.97 (0.96)
Ego velocity (km/h) 34.95 (10.54)
Overtaking strategy
Accelerative 2 (4.5%)
Flying 42 (95.5%)
Presence of oncoming vehicle
Absent 36 (81.8%)
Present 8 (18.2%)
TTC to oncoming vehicle (s) 9.85 (2.21)

Valid counts (flying maneuvers 8 (18.2%)
with oncoming vehicles present)

As we discussed in the previous subsection, the score from the driver model only has
score 1 and score 2, meaning that none of the overtaking scenarios are risky from
the driver’s perspective. So we use the original scoring system for driver model, and

use the weighted scoring for the cyclist model. The result is shown in the histogram
Fig 4.4.

Histogram of Driver Scores (Original) Histogram of Cyclist Scores (Weighted)
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Figure 4.4: Score Distribution for the perceived risk score metric on the small
batch dataset. Using original scoring method for the driver model and weighted
scoring method for the cyclist model.
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4.1.4.4 MDR

Among the 44 overtaking scenarios, the Euclidean distance with the cyclist has an
average of 2.52 meters with a standard deviation of 0.98.

We chose 1 meter as the safety threshold, which is about 1.5 standard deviations
below the average, meaning that around 7% of the cases would be considered unsafe
assuming the data follows the Gaussian distribution. This makes it a simple but
strict rule to catch cases where the vehicle gets too close to the cyclist during the
return phase.

Fig 4.5 shows the distribution of the MDR.

Histogram of Minimum Distance After Overtaking

Count

0.5 1.0 15 2.0 2.5 3.0 3.5 4.0
Minimum Distance After Overtaking

Figure 4.5: Distribution of Minimum Distance Returning (MDR) values calculated
across 44 overtaking maneuvers, indicating how closely the vehicle merges back after
passing the cyclist.

With the threshold of 1 meter, only one overtaking scenario is considered unsafe
with a MDR at 0.46 meters.

We did manual inspection on this unsafe overtaking scenario, but unfortunately there
is no cyclist found in the footage, it appeared to be a sensor error that misidentified a
small sight-seeing bus with large open windows to be the cyclist. But anyway, having
0.46 meters in minimum Euclidean distance with a small bus after overtaking is still
very unsafe.

4.2 Results on Full Dataset

4.2.1 Data Description

In this full-scale run on thousands of streams, the scenario extractor returned in-
formation of scenarios where ego vehicle passes cyclist. We filtered out around 5%
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abnormal scenarios, with around 95% valid scenarios remaining, among which:
e 51.9% were classified as meeting,
o 43.6% were classified as drive-by,
o 4.5% were classified as overtaking.

4.2.2 drive-by Scenarios

4.2.2.1 LTRI

Among the drive-by scenarios, 74.7% of the scenarios are identified as normal driv-
ing, 14.7% of the scenarios are identified as danger, and 10.7% of the scenarios are
identified as avoidable accident.

4.2.2.2 VAMPD

Among the drive-by scenarios, 5.8% of the scenarios took place in the countries or
cities that has a MPD rule, in which 31.5% of the scenarios were breaking the MPD
rule. Considering the default minimum lateral distance to be 1 meters for the areas
that do not yet have a relevant traffic rule, among these 94.2% of the scenarios,
11.4% of them were considered unsafe.

Table 4.3: Summary of VAMPD results on drive-by scenarios in full dataset. All
variables are shown as percentage.

VAMPD Result drive-by Data
In countries with MPD rule 5.8%

Obeyed 68.5%

Broke 31.5%
In countries without MPD rule 94.2%

Obeyed 88.6%

Broke 11.47,

In addition to the country specific rules, we also applied the Australian rule on all
the data. The Australian rule can requires minimum lateral distance when passing
to be 1 meter if speed is lower than 60 km/h, otherwise it should be 1.5 meters.

As a result, 12.2% of the cases in the drive-by scenarios were identified as unsafe,
while the rest 87.8% were identified as safe.
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4.2.3 Overtaking Scenarios

4.2.3.1 LTRI

Among the overtaking scenarios, 58.4% of the scenarios were identified as normal
driving, 23.8% of the scenarios were identified as danger, and 17.8% of the scenarios
were identified as Avoidable Accident.

4.2.3.2 VAMPD

Among the overtaking scenarios, 5.5% of the scenarios took place in the countries or
cities that has a MPD rule, in which 34% of the cases are breaking the MPD rule.
Considering the default minimum lateral distance to be 1 meters for the areas that
do not yet have a relevant traffic rule, among the rest 94.5% of the scenarios, 11.5%
of them were considered unsafe.

Table 4.5: Summary of VAMPD results on overtaking scenarios in the full dataset.
All variables are shown as percentage.

VAMPD Result Overtaking Data
In countries with MPD rule 5.5%
Obeyed 65.1%
Broke 34.9%
In countries without MPD rule 94.5%
Obeyed 88.5%
Broke 11.5%
4.2.3.3 PRS

We first summarize the relevant parameter distributions in the PRS model as Table
4.7 shows.
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Figure 4.6: Results of Perceived Risk Score distribution on full-scale overtaking
dataset.

Table 4.7: Summary of variables in the full-scale overtaking dataset. All continuous
variables are shown as mean (SD); all categorical variables as percentage.

Variable (unit) Overtaking Data
Lateral distance (m) 2.05 (0.88)
Ego velocity (km/h) 34.26 (12.14)
Overtaking strategy
Accelerative 8.3%
Flying 91.7%
Presence of oncoming vehicle
Absent 82.3%
Present 17.7%
TTC to oncoming vehicle (s) 9.15 (2.02)
Valid percentage (flying 15.7%
maneuvers with oncoming vehicles
present)

We use the weighted scoring method for the both models. The result of is shown in
the histogram in Fig 4.6.

Since the driver score is more sensitive to ego velocity and TTC with oncoming
vehicle, and the cyclist score is more sensitive to ego velocity and lateral distance,
we also plot a scatter plot showing the transition of scores, as Fig 4.7 shows.
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Figure 4.7: Results of Perceived Risk Score in the full-scale overtaking dataset
using the weighted method, with respect to ego velocity and TTC with oncoming
vehicle (0 if no oncoming vehicles) for the driver score, and with respect to ego
velocity and side-to-side lateral distance for the cyclist score.

4.2.3.4 MDR

Among the overtaking scenarios, the Euclidean distance with the cyclist has an
average of 2.64 meters with a standard deviation of 0.89.
Fig 4.8 shows the distribution of the MDR score.
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Figure 4.8: Distribution of Minimum Distance Returning values calculated across
1928 overtaking maneuvers.

Using 1 meter as the threshold, 1.3% of the cases are considered unsafe.
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Discussion

5.1 Results from this thesis

In this section we discuss about the results from the last chapter.

5.1.1 Occurrence of Passing Types in Real World

From the large-scale dataset of over thousands of hours of naturalistic driving data
that we have, meeting and drive-by cases are most common when the ego vehicle
passes cyclists. Only around 4.5% of the passing events are identified as overtaking
scenarios. About half (51.9%) of the cases are meeting cases, which is reasonable as
the distinction between meeting and passing or overtaking is the direction (same or
opposite) of the cyclist.

5.1.2 Validation from Manual Inspection

We performed manual inspection on all the 44 overtaking scenarios in the small batch
dataset to validate the correctness of our implementation of scenario extractor and
the four metrics.

Generally speaking, most of the scenarios contained a period when ego vehicle passed
a cyclist, although some of them are more likely to be categorized into the drive-
by scenario by human. Which means that the criteria for separating drive-by and
overtaking cases can be further improved.

For the simple rule-based metrics LTRI, MDR and PRS, their results align well with
the results from human annotators, as distance is a key input in these metrics and
humans can also easily perceive risk levels from the distance information.

However for the perceived risk model, while the model and human agree well on
the cases that are not risky, they may disagree on other risky cases. On the one
hand, in these cases the model may even provide more accurate risk scores as human
annotators are difficult to identify the exact speed and distance from video footage.
On the other hand, human annotation incorporates all the available information
from the scene, as real-world traffic is much more complicated than the controlled
experiments, there are times that human annotation can provide more accurate risk
scores.

Overall, the safety metrics demonstrate strong alignment with manual inspection,
confirming their correctness.
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5.1.3 Scoring Methods in Perceived Risk Score Model

We used the model weights from previous work by Rasch et al.[41] that used data
containing perceived risk scores from field-track experiment and test-track experi-
ment. During our research on this model, we identified abrupt score changes (for
example sudden change from score 2 to 5 with a slight change in velocity) in the
original scoring system that uses the score with maximum probability as the result.
We altered the scoring system and resulted in the weighted scoring method.

From the comparison on the score difference (Fig 4.3) in the results chapter, both
scoring methods give similar low scores on the safe cases when lateral distance is
larger than 2 meters. But for other riskier cases the weighted scoring method usually
return higher risk scores.

The weighted scoring method on the whole demonstrated improved consistency and
smoother transitions between neighboring data points compared to the original
method. For example, cases with similar driving conditions showed abrupt score
jumps in the original method, while the weighted method produced more gradual
and interpretable score changes. One potential drawback for the weighted method
is that the average risk score is increased and there are more medium scores in the
results, meaning that the modified method tends to return higher risk scores.

5.1.4 Results on Safety Metrics

LTRI was applied to both drive-by and overtaking scenarios in the phase/phases be-
fore passing phase. The results show that 10.7% of the drive-by cases were considered
avoidable accident and 17.8% of the overtaking cases were considered avoidable ac-
cident. It suggests that overtaking maneuver is riskier than drive-by maneuver in
terms of this metric.

VAMPD was also applied to both scenarios in the passing phase. The results showed
that minimum lateral distance violations occurred in both drive-by and overtaking
scenarios. In regions with MPD regulations, about one-third of the events failed to
meet the required distance. In unregulated regions using the 1-meter assumption,
around one-ninth of the events were considered unsafe.

PRS was applied in the passing phase in overtaking scenarios. We can confirm the
clear trend from Fig 4.7 that the driver score is highly relevant with TTC with
oncoming vehicle and ego velocity, the lower TTC and lower velocity, the higher
driver’s perceived risk score. We can also confirm that the cyclist score is highly
relevant with lateral distance and ego velocity, the lower distance and higher velocity,
the higher cyclist’s perceived risk score.

MDR was applied in the returning phase in overtaking scenarios. It showed that
most returning maneuvers maintained safe distances, though 1-2% fell below the
deliberate 1-meter threshold. But we can also choose higher thresholds (for example
1.5 meters, which consequently identified 41 unsafe cases) to promote higher level
of safety.

We can use these result to provide post-event feedback to the driver about each phase
in the drive-by or overtaking. As well as to provide insights to user-based insurance
if the results shows a trend, for example, if a driver tends to make sharp returns
after overtaking cyclists, we can increase the insurance premium as the likelihood
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for this driver having a rear-end crash with a cyclist is higher.

5.2 Special Cases

In this section we discuss some special cases were found that did not follow the usual
patterns or caused by unexpected errors.

5.2.1 Overtaking a Group of Cyclists

According to Lopez et al.[28], overtaking a group of cyclists is a more complex and
challenging scenario compared to overtaking a single cyclist. These situations often
occur on rural or secondary roads, where road width may be limited and designated
cycling infrastructure is typically absent. This situation requires experience and
driving skills for the human drivers to perform a safe overtaking, requiring careful
assessment of available space, timing, and the presence of oncoming traffic.

During visual inspection, we identified one such case that happened on a 2.5-meter
wide two-lane road in the rural area of France, where the ego vehicle driver have
been following a linearly aligned cycling group of 8 cyclists for over twenty seconds,
allowing a few oncoming vehicles to pass, before initiating the overtaking. The driver
kept at a speed of around 30 km/h when tailing the cycling group, and accelerated
to up to 80 km/h during the overtake, showing a typical accelerative maneuver. The
passing phase of overtaking the cyclist group lasted for 3.5 seconds, ego vehicle kept
a lateral distance at around 1.8 to 1.9 meters, with velocity increasing from 55 km/h
to 80 km/h, and has a time-to-collision with the oncoming vehicle of 5 seconds at
the end of the passing phase.

The hard case here is that the sensors (and likely the human driver too) could not
confidently identify the number and the length of the cyclist group. Since the cycling
group rode in a straight line, one behind another, the sensors can only well identify
the type and the position of the last cyclist, but not the other cyclists in front,
especially for some sub-groups riding closely. The sensors can not give a confident
result unless the ego vehicle is close enough to the specific cyclists.

In this case in France, the scenario extraction algorithm which we wrote only out-
puts the results regarding the last cyclist.. The remaining cyclists in the group
were completely missed by the finder, likely due to low detection or classification
confidence.

5.2.2 Misclassification of Objects

During our manual video review, we noticed two individual cases of misclassfication
in the sensor fusion, both happen at night.

One case takes place on nighttime urban roads, where parked cars on the opposite
lane were identified as vehicles, and thus interpreted by our scenario extractor as
oncoming vehicles. However, human driver should be able to understood that these
were just parked cars and still considered it safe to overtake.

Another case also takes place at night, where a green mini-bus with large open
windows was identified as the cyclist, causing it to wrongly identified by the scenario
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extractor, and wrong dimensional calculation in lateral distance as we consider all
cyclists has a fixed width.

This caused a mismatch between how humans and the model judged overtaking
safety. As a result, some overtakes that were actually safe were labeled as risky by
the model.

5.2.3 Overtaking on Curved Road

Some overtaking maneuvers happen on curved roads, both in the urban and the
rural areas. For example, we have manually identified an overtaking scenario that
happened on a curved mountain road with clear steering maneuver aiming to perform
the overtake. However, in our current model, the analysis on overtaking scenarios is
currently limited to scenarios that take place on straight roads. This is because the
current detection of steering maneuver relies on signals like lateral distance change,
lateral acceleration and steering wheel angle, which further tells apart passing and
overtaking. But this could lead to wrongly-identified steering maneuver for data
collected on curved roads, as there are no easy ways to identify the intention for the
steering maneuver under different circumstances. This means that there can be some
overtaking scenarios happen on curved road wrongly categorized into the drive-by
scenarios. Furthermore, this could also lead to errors during phase separation.

To address this, future work could explore more robust methods for incorporating
road curvature into scenario classification. For example, adding another sub-scenario
in the scenario extractor, where the overtaking happens on the curved road, and
adjust the metrics for detecting steering maneuver correspondingly. To do this,
future work needs to be done to build more sophisticated models on identifying the
driver’s intention when steering (i.e. the driver steered in order to make a turn,
to adjust the lane, to avoid obstacles, to overtake a leading object, etc). For such
model, using machine learning based models may be a better solution due to the
increased number of relevant variables like speed, road condition, road curvature,
status of other road users, etc. And it may require intensive manual data annotation
to build such classification model.

5.3 Limitations

In this section we discuss the limitations in our model, data source, sensor fusion
process and other factors.

5.3.1 Rule-Based Safety Model

The rule-based safety models used in this study,such as LTRI, VAMPD, and MDR
are easy to understand and explain. However, they also have some important limi-
tations.

First, these models depend on pre-defined thresholds and rules. For example, in
the VAMPD model, we use a default minimum lateral distance of 1 meter in areas
without official MPD laws. While this makes the model simple to apply, it may not
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match real-world driving habits or road conditions in different countries. This can
lead to incorrect judgments in some cases.

Second, in some situations, such as noisy sensor data or unusual driving actions—the
rules may not work well and could miss risky events or give wrong results.

Third, rule-based models are usually not flexible. They only work within the con-
ditions we define. If a new or rare situation happens that doesn’t fit the rules, the
model may not be able to handle it correctly.

In short, rule-based models are simple and clear, but they may not perform well in
complex or unexpected situations. In the future, combining rule-based and data-
driven models might help balance clarity and flexibility.

5.3.2 Data Source and Reproducibility

One of the major limitations of this study lies in its reliance on proprietary data
provided by Volvo Cars Corporation.

Due to the ethical and safety concerns associated with real-world overtaking scenar-
ios involving vulnerable road users, such as cyclists, there are currently no publicly
available datasets capturing these events in sufficient detail.[15] Conducting con-
trolled experiments that involve vehicles overtaking cyclists at real driving speeds
would pose significant risks and is generally considered ethically unacceptable. As
a result, the collection of high-fidelity data in such scenarios is largely limited to
large automotive manufacturers like VCC who have access to extensive test vehicles,
internal system support, and quantitative naturalistic driving data.

In this study, all data used for data analysis and model evaluation is exclusively
sourced from VCC’s internal field datasets. These time-series datasets include multi-
modal sensor information are collected from test vehicles in naturalistic driving
environments. However, due to proprietary restrictions, data privacy regulations,
and concerns over competitive advantage, these internal datasets are typically not
shared publicly.

This poses a limitation in terms of reproducibility and external validation. Re-
searchers outside of such industrial contexts may find it challenging to exactly re-
produce or benchmark against our work, as they lack access to comparable datasets.
Furthermore, even within industry, the diversity in sensor configurations and data
logging practices across companies makes cross-validation difficult. While we strive
to provide thorough documentation of our methods, the absence of a publicly acces-
sible dataset inherently limits transparency and generalization in broader research
contexts.

Some potential ways to address this issue are to either contribute anonymized, de-
identified segments of the dataset to a shared research repository, or to develop
simulation environments that can accurately replicate real-world overtaking events
in a safe and reproducible manner. Such advancements would support broader
academic collaboration and accelerate progress in this research area.
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5.3.3 Sensor Fusion

Sensor fusion (SF) is the process of combining data from multiple sensors to produce
an accurate and comprehensive understanding of the surrounding environment of the
vehicle. This sensor-fused data is essential for various perception tasks, including
object detection, tracking, and classification.

Logged data can be re-simulated using offline sensor fusion algorithms. This provides
a visual platform the capability to represent the map location, ego object, and
the traffic objects in certain scenarios allowing us to manually inspect the tracked
surrounding traffic objects.

In our thesis work, we rely on the output from a sensor fusion algorithm which is
available at VCC. We implemented the scenario extractor using the sensor-fused
log data provided by VCC, and manually inspect the scenario in the visualization
platform to manually analyze the scenario, identify hard cases and validate the
modeling results.

While sensor fusion is a critical component of the perception system, it operates at
a foundational level of the software stack and requires deep integration with vehicle
hardware, calibration settings, and low-level algorithm design. As master thesis
workers, we do not have access to modify or retrain the sensor fusion module itself,
as it is maintained by specialized teams within the company and subject to strict
quality assurance and validation procedures. Moreover, even if we have the access,
developing or altering the sensor fusion pipeline would require extensive domain
knowledge in areas such as real-time systems, sensor calibration, signal processing,
and multi-sensor data fusion algorithms. These are the skills and expertise that go
far beyond the scope and time constraints of a master’s thesis. Thus, our focus in
this thesis work, is rather to work on the outputs of the sensor fusion system and
developing higher-level tools or models based on the available sensor-fused data.

5.3.3.1 Cyclist Dimension

There are inherent sensory limitations when it comes to accurately identifying the
dimensions of a cyclist, primarily because cyclists do not have well-defined or rigid
boundaries like motor vehicles. Unlike cars, which have standardized shapes and
clear physical edges, cyclists vary in posture, clothing, and movement, and their
outlines can be irregular or partially obscured, especially from the perspective of
the cameras or the LiDARs. These factors make it challenging for sensors and
perception algorithms to consistently detect the exact width and position of the
cyclist, which can impact the accuracy of distance estimation and risk assessment
during overtaking maneuvers. Addressing these limitations will require improved
sensing techniques or advanced modeling approaches that can better account for
the variability and ambiguity in cyclist profiles.

In this thesis work, we assume all cyclists are rectangular objects with a fixed width
of 0.75 meters and uses the length information from the sensors.
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5.3.3.2 Uncommon Type of Road User

In the sensor fusion results that we had access to, the classification of objects was
limited to a finite set. Some types of objects such as e-scooters and snow cleaners
do not have their own class.

During visual inspection on the camera footage and the visualized data, we have
observed instances where a e-scooter was wrongly identified as pedestrian; a bicycle
with a storage cart was misclassified as both a bicycle and a car; a tram was identified
as a subsequent series of trucks. These errors in object type and classification lead
to further issues, such as incorrect object width and length estimation, which further
affects the accuracy for our model.

5.3.4 Other Factors

Some other factors also contribute to the risk severity of the overtaking event, how-
ever, they are not included in the sensor data, not processed, or cannot be quantified.

5.3.4.1 Lack on Environmental Information

During case studies about some ego-cyclist crash during overtaking maneuvers, sud-
den exposure to bright sunlight appears to have temporarily blinded the driver,
contributing to the accident. This indicates that environmental factors can signif-
icantly influence driver behavior and pose threats to driver awareness and vehicle
control, especially in situations where ego vehicle is intending to perform a cyclist
overtake. However, such environmental information is not included or processed in
the available data used for analysis.

The sensor fusion system focuses on detecting and tracking physical objects based
on data from various sensors. It does not account for dynamic environmental condi-
tions such as specific lighting condition and weather condition. As a result, factors
like strong or sudden sunlight glare, which can impair both human drivers and
camera-based perception systems, are not reflected in the sensor-fused data and are
difficult to identify or quantify reliably from the available sensor data. Furthermore,
inferring the presence and impact of strong sunlight from camera footage alone may
be technically complex. The visibility of glare depends on many variables, including
sun angle, time of day, road direction, and sensor characteristics. These variables
are not explicitly logged or modeled in the system we have.

Because of these limitations, critical environmental influences like sunlight glare
or slippery icy road currently could only be identified through manual annotation,
which restricts the scalability and objectivity of the results. Addressing this prob-
lem in the future would require enhanced sensor capabilities and better detection
algorithms on such scenarios.

5.3.4.2 Cyclist Unsafe Behavior

In one particularly notable case, we observed that the cyclist was riding with his
both hands off the handlebar while the ego vehicle was approaching at a close lateral
distance on a relatively narrow rural road. This situation was highly critical and
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dangerous for the cyclist as riding without hands on the handlebar significantly
reduces the cyclist’s ability to maintain balance and the ability to react quickly to
sudden changes in the environment, making them more vulnerable to instability or
swerving, especially when a vehicle is trying to perform overtaking. This scenario
also raises the driver’s perceived danger in real life, as the driver needs to stay
vigilant in case of any unexpected cyclist movement.

Ideally, in such real-life scenarios, the driver of the ego vehicle should maintain a
significantly larger lateral distance from the cyclist to account for the increased un-
predictability and risk. However, the current sensor fusion system and visualization
system do not process or interpret the cyclist’s specific posture, such as whether
their hands are on the handlebars. As a result, this important behavioral cue is not
represented in the sensor data, as the steering status of the cyclist is not processed,
which makes this case a normal overtaking. This case would be categorized as safe
in our model, despite it is critically unsafe in real life for human observers.

5.4 Future Work

Based on our thesis work, there are several directions that could be explored in the
future to improve and extend this study.

5.4.1 Scenario Extractor

5.4.1.1 Steering Maneuver

Detecting steering maneuver and its exact start time was a major difficulty during
our thesis progress and it remains to be further investigated. We have several metrics
for this detection: lateral acceleration, yaw rate, steering wheel angle and lateral
distance change. The first three metrics are highly correlated, and all of these
metrics are sensitive to road curvature. Currently we are using maximum steering
wheel angle to indicate whether and approximately when the steering maneuver
happens. We chose this value as this is a direct driver input that best indicates the
driver’s intention. However, as this paper suggests[39], in the future these values
can be further investigated to more accurately detect the presence and the starting
time of the steering maneuver.

5.4.1.2 Overtaking Other Road Users

Although our model was designed specifically for overtaking cyclists, the core idea
can be extended to other types of road users. In real traffic, drivers often overtake not
only cyclists but also pedestrians, e-scooter users, wheelchairs, agricultural vehicles,
or even delivery robots on the road edge.

The method of detecting risky overtaking behavior — by analyzing distance, speed,
and relative movement — can be adapted for these other scenarios. Each type of
road user may require different threshold values and safety indicators, but the overall
framework remains applicable.
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This opens up possibilities for future research to build a more generalized overtaking
risk evaluation system that supports a wider range of vulnerable or slow-moving road
users. Expanding the dataset and fine-tuning the model for new categories would
be the next logical step.

5.4.2 Models

5.4.2.1 Squeezing Strategy

According to the study by Rasch et al.[40], and our own manual inspection of the
data, apart from the flying and accelerative overtaking strategies, we identified a
third overtaking strategy, namely ’squeezing’. This strategy can be identified by
the driver’s maneuver to pass between the cyclist and the oncoming vehicle, which
means there can be longitudinal overlap for the ego vehicle, the cyclist and the
oncoming vehicle in the passing phase. This maneuver presents unique challenges
and safety concerns, as it requires a high level of precision and judgment from the
driver.

In addition to the factors already considered in overtaking scenarios, such as ego
velocity and lateral distance to the cyclist, the 'squeeze through’ strategy requires
a more comprehensive evaluation of factors like the lateral distance between the
ego vehicle and the oncoming vehicle, as well as the relative speed between the ego
vehicle and the oncoming vehicle. These factors are critical in determining whether
this overtaking strategy can be executed safely without risking a collision.

To better understand and mitigate the risks associated with this type of overtaking
strategy, it will be important to develop another safety model during the passing
phase that incorporates these additional variables.

As a future work, such model could provide valuable insights into the limits of
safe maneuvering in these complex situations and guide future vehicle automation
systems in making safer overtaking decisions.

5.4.2.2 Cyeclist Velocity

Cyclist velocity may also play a significant role in determining the safety of overtak-
ing maneuvers. When a cyclist is traveling at a lower speed, their bicycle may be less
stable according to this stability analysis[45], as lower speeds can reduce the rider’s
ability to react to sudden changes in the environment, particularly in the presence
of overtaking vehicles. On the other hand, higher cyclist speed presents an increased
danger, as higher cyclist speed reduce the available reaction time for the driver of
the ego vehicle to access and execute a safe overtaking maneuver, especially when
the cyclist were forced to make a sharp turn. Thus, the cyclist’s velocity acts as a
dual factor: lower speeds compromise stability and control, while higher speeds pose
extra threat for safe overtaking, both contributing to the overall risk of accidents in
these scenarios.

For future work, cyclist velocity could be used to train perception models, improving
the system’s ability to predict cyclist behavior during overtaking maneuvers. By
incorporating this factor, the model can better assess both driver’s and cyclist’s
perceived risks, and enhance decision-making for safer interactions with cyclists.
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5.4.2.3 Type of Oncoming Vehicle

Previous review[43] summarizes that buses keep the minimum passing lateral dis-
tance when overtaking cyclists, while trucks keep the largest lateral distance com-
paring to all types of common motor vehicles. This indicates that the ego vehicle
driver of different types of vehicles are willing to take different levels of risks when
overtaking cyclist. From this and together with our own experience, the type of the
oncoming vehicles may have an influence on driver’s decision-making and perceived
level of safety during cyclist overtaking maneuvers. For example, the ego vehicle
driver may perceive a higher risk in the presence of an oncoming truck and adjust
their overtaking strategy accordingly during the approaching phase, or the driver
may choose to finish the overtaking more quickly with an increased speed, a quick-
ened returning maneuver, and a reduced Euclidean distance with the cyclist during
returning phase in order to avoid head-on crash with the oncoming truck, which on
the other hand, resulting in a sharp drop in perceived safety for the cyclist.

To further investigate this potentially decision-influencing factor, we should extract
the type of the oncoming vehicle, and consider it in the modeling process.
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Conclusion

This thesis explored how to identify and analyze the way vehicles overtake cyclists
using real-world driving data collected from Volvo test vehicles. By developing a
scenario extraction tool and applying it to over thousands of naturalistic driving
streams, we were able to detect sufficient overtaking scenarios.

In this thesis work, we first conducted data analysis on the time-series log data, fol-
lowed by the implementation of a new scenario finder within VCC’s internal scenario
extractor tool to find new scenarios. This new scenario finder allows us to identify
scenarios in which the ego vehicle drives by or overtakes a cyclist, with the potential
presence of multiple oncoming vehicles. Furthermore, we segmented each scenario
into distinct phases: four for overtaking scenario (approaching, steering away,
passing, and steering back) , and three for drive-by scenario (approaching,
passing, and departing). At each phase, we derived relevant data from sig-
nals, such as time to danger, lateral distance, vehicle velocity, time-to-collision with
oncoming vehicles, minimum returning distance. These ways to segment scenarios
helped us understand not just when overtaking happens, but also how safety-critical
situations occur.

To address the complexity of overtaking scenario, we defined four safety metrics
(VAMPD, PRS, LTRI, MDR) to evaluate the risk. They are applied across different
phases within two categories (Drive-by and Overtaking), depending on their rele-
vance. Variable-Adjusted Minimum Passing Distance (VAMPD) is based on specific
traffic rules and we made a point that the minimum passing distance is not only
adjusted by ego speed but also the road type (urban or rural). This safety metric
was applied in the passing phases both drive-by and overtaking scenario. Perceived
Risk Score (PRS) is a safety metric with a continuous risk score for both the driver
and the cyclist perspective. This safety metric was applied in the passing phase
of overtaking scenario. LD-TTD Risk Index (LTRI) is a safety metric that com-
bines time to danger with lateral distance. This safety metric was applied in the
approaching phase of the drive-by scenario and the steering away phase of the over-
taking scenario. Minimum Distance Returning (MDR) is a safety metric specific
for the steering back phase of overtaking scenario by analyzing Euclidean distance
between ego vehicle and cyclist.

In addition to implementing and evaluating safety metrics across different overtaking
phases and scenarios, we also identified a third overtaking strategy — squeezing.
This maneuver, where the driver passes between a cyclist and an oncoming vehicle,
raises specific safety concerns due to the close proximity of all parties involved. Its
occurrence highlights the need for further research on high-risk overtaking behaviors
in real-world driving.
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During the project, we also faced several challenges, especially when working with
real-world driving data. Unlike experimental data, naturalistic data is more com-
plex: roads can be curved, sensors may not always be accurate, and cyclists behavior
can vary. It was particularly difficult to break the overtaking events into clear phases
when the signals were noisy or missing. In addition, our current analysis does not
take into account the type or speed of the cyclist, or the type of oncoming vehicles.
These factors may also affect overtaking safety and should be explored in future
work.

While our safety model works well and the evaluation results of the model show high
consistency with manual inspection, validating its usability and accuracy, it still
struggles to handle the unpredictability of the real world. We also looked at some
of the more complex cases like overtaking a group of cyclists, sensor unreliability at
night, overtaking maneuvers happening on curved roads and discussed how current
sensors and models struggle to handle these less straightforward situations.

To summarize, the work presented in this thesis helps improve the understanding of
how drivers overtake cyclists and may be valuable for providing post-event feedback,
supporting user-based insurance systems, and ultimately promoting road safety.

What our thesis work contributes

o A practical tool for extracting cyclist-related passing scenarios from massive
naturalistic driving data.

o A detailed way to break down overtaking into phases and study driver behavior
at each phase.

o A first step toward classifying overtaking strategies in natural driving condi-
tions.

o Improvement and comparison on an exiting perceived risk model.

o A data analysis on naturalistic driving data.

o A safety model consist of four metrics focusing on different phases.

o Identifying edge cases in real-world cyclist overtaking scenarios.
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Appendix 1

Table A.1: Key variables and their definitions used in the study

Variable Unit Description

LD m Lateral Distance between the ego vehicle
and the cyclist

ED m Euclidean Distance

Vego km /h Speed of the ego vehicle during overtaking

Von km/h Speed of the oncoming vehicle during
overtaking

TTC s Time To Collision between two vehicles

TTCon s Time To Collision with oncoming vehicle at
passing moment

TTD s Time To Danger with cyclist

ego m/s? Longitudinal acceleration of the ego vehicle

Aeyelist m Distance from ego vehicle to the cyclist

0 degrees Steering angle of the ego vehicle

At s Time difference between overtaking phases

S m Longitudinal displacement of the vehicle

Wyeh m Width of the ego vehicle

Weye m Width of the cyclist

Wiane m Width of the lane

Nevents count Number of overtaking events recorded

frps Hz Frame rate of the video data
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Table B.1: Minimum Passing Distance (MPD) laws for overtaking cyclists in dif-

ferent countries and regions

Country / Region

MPD (Minimum
Passing Distance)

Is MPD Affected by
Speed Limit?

Australia (NSW) [32]

Germany [9]

Spain [13]
Ireland [23]

USA (varies by
state) [31]

United Kingdom [17]

1 m (<60 km/h), 1.5 m
(>60 km/h)

1.5 m (urban), 2 m
(non-urban)

1.5m

I m (<50 km/h), 1.5 m
(>50 km/h)

Most states require <3
ft(~0.91 m) ; PA = 4 ft,
SD = 3-6 ft

1.5 m (<30 mph~48
km/h), More space
required (>30 mph)

Yes

No

Yes (Reduce speed by 20
km /h below limit)

Yes

Dependence (varies by
state)

Yes (more space at
higher speeds)

Note on USA Law: As of 2021, the majority of U.S. states—35 states and the
District of Columbia—had implemented laws requiring drivers to maintain a min-
imum lateral distance of at least 3 feet when overtaking cyclists [31]. Some states
have stricter requirements: for example, Pennsylvania and New Jersey mandate a
minimum of 4 feet, while South Dakota requires 3 feet on roads with speed limits of
35 mph or less, and 6 feet on faster roads. In North Carolina, a minimum of 2 feet is
required, and drivers may pass cyclists in no-passing zones if they maintain at least a
4-foot buffer. Additionally, states such as Delaware, Kentucky, Nevada, Oklahoma,
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and Washington mandate lane changes to pass cyclists on multi-lane roads. Eight
other states follow more general standards, requiring a “safe distance,” though the
term is not precisely defined in those jurisdictions. In any other countries without
specific traffic rules for overtaking cyclists, we assume that it is risky once the lateral
distance is less than 1 meter, as this does not provide adequate space for the safety
of vulnerable road users.
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Table C.1: Output variables from EgoPassingCyclistFinder in Scenario Extractor

— General Information

Output Name

Definition
Used)

(Signals

Usage / Note

object_class

obj_width

obj_length

From object signal [str /
{BICYCLE, UNKNOWN}

]

From object signal [float /
m]

From object signal tran-
sient length, take the me-
dian value of 2 seconds be-
fore passing [float / m]

To filter cyclists

Always 0.5 m, but should
use 0.75 m in later pro-
cesses

Calculate object length in
the period when sensors
have better accuracy
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Table C.3: Output Variables — Approaching & Steering Away Phase (Pre Passing

Phase)

Output Name

Definition (Signals Used)

Usage / Note

max_road_curvature
max_steering_angle

_steeraway_abs

infer_steeraway_start

max_warning_score

max_lat_acc_pre_abs

min_long_acc_pre

max_long_acc_pre

lat_dist_delta
_steeraway_abs

min_euclidean
_distance_pre

oncoming_present
_steeraway

min_ttc_steeraway

From ego signal [float / rad]
From ego signal [float / rad]

0.5 seconds before steering
wheel angle reaches maximum
in pre phase [float / seconds]

Warning score in paper [int]

From ego signal [float / m-s~2]

From ego signal [float / m-s~2]

From ego signal [float / m-s~2]

Max lateral distance change 2
seconds before max steering to
passing start [float / m]

Euclidean distance to the
cyclist box [float / m)]
Whether oncoming object
present [int / {0, 1}]

TTC with closest oncoming
object during pre phase [float /

J

Filter straight roads for
steering detection

Detect steering maneuver

Detect if steering
maneuver happened
during pre phase

Indicator to avoid
front-rear crash with the
cyclist

Detect if steering
maneuver happened
during pre phase

Identify overtaking
strategy
(accelerative/flying)

Identify overtaking
strategy
(accelerative/flying)

Detect if steering
maneuver happened
during pre phase

Not used?

During steer away phase

To-do: change to steer
away phase?
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