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Lay Abstract

In our evolving urban landscapes, innovative technologies such as autonomous vehicles
(AVs) offer the promise of safe and efficient transportation for road users. In light of the
rapid advances in AV technology, ensuring safety and understanding the nature and
intricacies of human-machine interactions remain a critical concern. This dissertation
bridges theory and real-world practice by utilizing actual AV sensor and collision data to
evaluate the safety impacts of AV deployment and understand the behavior of road users
around AVs. Critical findings are uncovered through the advanced modeling of traffic
conflicts encountered by AVs and thorough investigation of AV collisions in terms of time-
and location-based characteristics. In addition, applications that utilize the built-in AV
sensors are explored to enhance the AV’s algorithms based on the projected risks to other
road users. This research offers a glimpse into the future of AVs and contributes to the critical

assessment under existing conditions.
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Abstract

The road to safer cities in the presence of autonomous vehicles (AVs) requires a deep
understanding of the safety implications and intricate behavior patterns of diverse road
users. Despite the ongoing research to improve the algorithms used by AVs to perceive and
interact with the world, numerous questions still linger. Such issues limit the smooth
integration of AVs into the urban traffic scene and remain mostly unresolved due to the lack
of ground-truth evidence under the current early adoption rates. This dissertation focuses
on the AV transition from theory into practice by utilizing real-world AV sensor and collision
data to develop a crisp understanding of the potential benefits and pitfalls of human-
machine interactions. The research questions are addressed through the lens of advanced
modeling and assessment techniques. Specifically, road user trajectories are collected from
AV sensor data to extract traffic conflicts. Then, an extreme value theory model is developed
to predict AV collisions and investigate safety concerns and potential causes of risky
interactions. To quantitatively represent the behavior and preferences of road users around
AVs, the inverse reinforcement learning technique is employed. This approach maps the
evasive actions of road users under different interaction scenarios and paves the way for
advanced modeling in the future. Furthermore, innovative machine learning strategies are
also introduced using this knowledge to enhance the risk-based AV hyperawareness,
enabling them to predict conflicts in real time. Finally, spatial-temporal analyses of AV
collisions are conducted to provide the necessary outlook into the future of AVs. Overall,
the findings and recommendations of this research envision and contribute to a safer and
more efficient transportation system enabled by the development and refinement of AV
technology. In the face of challenges and setbacks, this proactive approach drives research
in this field forward.
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Chapter1

Introduction

1.1 Background & Motivation

The contemporary transportation landscape grapples with a heap of pressing challenges,
including safety concerns, traffic congestion, and escalating emissions. As urbanization
continues to surge, these problems strain logistical and environmental resources while also
threatening to take a toll on the quality of life within our cities. In response to these
problems, the concept of autonomous vehicles (AVs) emerged as a transformative
technological solution. AVs are equipped with advanced technologies and sensors that allow
them to operate without direct human input or intervention. In an ideal world, AVs will be
able to perceive their environment, predict and react to other road user actions, and make
safe driving decisions. Researchers and scientists developing AV algorithms have been keen
on leveraging cutting-edge advancements in artificial intelligence, robotics, and sensor

technologies to revolutionize the way we transport people and goods.

The potential benefits of AV deployment address the existing challenges on multiple fronts.
First and foremost, AVs hold the potential to significantly alleviate most traffic-related risks
by utilizing near-instantaneous reaction times and improved spatial awareness. In addition,
by redefining the fundamental principles of mobility, AVs could enhance traffic flow with
platooning, optimizing navigation at junctions, and reducing the carbon footprint of the
transportation sector in the process. However, as regulations and technological barriers hold
the widespread deployment of AVs to this day, the literature recognizes a significant
transition period where mixed traffic of AVs and human-driven vehicles will coexist on the
road (Federal Highway Administration, 2021). Besides, different levels of automation exist
among AVs to categorize varying degrees of human involvement in the driving task. These
categories are defined by the Society of Automotive Engineers from level o (no automation)
to level 5 (full automation). Levels 2-3 fall under the umbrella of advanced driver assistance
systems (ADAS), while levels 3-4 are considered automated driving systems (ADS). This
dissertation focuses primarily on AVs of levels 3-4 automation to undertake the studies

within.

Over the past few decades, researchers have sought to investigate the viability and
effectiveness of AVs in solving existing traffic problems. Since enhancing road safety has

always been the main driver for AV progression, the road safety research community shifted
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its focus in recent years to explore the safety implications of AVs and evaluate how their
implementation would translate into the real world. While the market share of vehicles
equipped with any level of autonomy has been rising steadily, the prevalence of highly
automated vehicles is still way down the road, leading to the inevitable heterogenous
conditions of AVs and other road users. During this transition period, the complex nature of
the mixed traffic stream calls for robust approaches to facilitate a smooth flow and reduce
the added risks. Moreover, active road users are especially exposed to greater risks since they

can be difficult to detect and predict despite their inherent vulnerability.

As it stands, the state of research today demands a focus on moving AVs from theory into
practice, which is the main motivation behind this dissertation. This can be achieved
through data-driven studies and frameworks that incorporate the characteristics of AV-
human interactions and identify potential risks at the early stages of AV adoption (Lian et
al., 2020). Despite the great potential of AV deployment for traffic safety, some crashes would
persist, especially in the absence of connectivity (Shetty et al., 2021). Moreover, traffic
conflicts (i.e., serious interactions between road users) involving AVs can lead to unfavorable
cascading effects on other road users as a consequence of sudden evasive actions. As such,
addressing the potential issues of AV-road user interactions head-on would be the optimal

way to move forward and ensure a safer future.

Most of the existing research in the field of AV safety focuses on freeway traffic (Chen et al.,
2022; H. Liu et al., 2018; Zhou et al., 2017; J. Zhu et al., 2022). This emphasis is partly caused
by the low-automation systems, which are currently more common and better equipped for
stop-and-go traffic. This leaves the more difficult navigation of urban streets to fully
equipped AVs, which can handle the increased geometric complexity, traffic control devices,
and higher frequency of conflicts. Research into the applications of AVs in urban traffic is
slowly gaining traction as AV technologies advance. These studies address various scopes,
including regulatory planning (Aoyama & Alvarez Leon, 2021), infrastructure preparation

(Lee et al., 2022), and road user interactions (Vlakveld et al., 2020; H. Zhu et al., 2022).

In busy urban areas, where interactions are common, the behavior of AVs relies on built-in
collision avoidance systems and conflict resolution logic. To optimize the functionality of
these systems, we need to thoroughly understand the behavior of road users around AVs and
establish extensive frameworks to assess the AVs’ surroundings in real time. In addition,
during low-speed interactions, communication between the AV and other road users
becomes imperative for the smooth flow of traffic. This includes both implicit

communication in the form of yielding or changing directions, as well as explicit external
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interface messaging. Novel solutions to these unprecedented situations are being rolled out
to the public to establish a collective cushion for mixed traffic problems. Overall, as we
witness this paradigm shift in the transportation field worldwide, this dissertation aims to

contribute to the safe and efficient integration of AVs in our cities.
1.2 Issues & Challenges

The primary challenge for studying AVs on a wider scale has been historically concentrated
around the lack of data. This problem forced researchers to rely on alternate methods to stay
on top of the issues surrounding the integration of AVs. Approaches ranging from computer
simulation and virtual-reality testing to controlled closed-road experiments have been
advancing the field by considering numerous scenarios of interactions between AVs and
various road user types. Virtual approaches struggle to reflect real-world conditions without
proper calibration using field data, while experiments on closed roads suffer from biased
behavior and unrealistic perceptions of safety. These limitations are coupled with the lack of
knowledge regarding the characteristics of AV-road user interactions. While data scarcity
persists to this day, magnified by the relatively low market share of AVs, steady efforts have
been made to collect, process, and publish AV data in different parts of the globe.

Another major issue that poses a threat to the public acceptance of AVs is the interaction
behavior between road users (e.g., motorists, cyclists, and pedestrians) and AVs in a mixed
traffic environment. Given the dynamic complexity of human interactions in everyday traffic
and the subtle communication between road users, AVs have a long journey ahead to be fully
incorporated into the traffic stream. More notably, the behavior of road users in the presence
of AVs is still mostly unchartered territory. Due to the myriad of influential factors and
unknowns, road user behavior around AVs can range from exploitative to ultra cautious.
What we can intuitively expect is that multiple reasons hint at significant differences
between road users’ behavior during interactions with AVs compared to interactions with
human motorists or active road users (Q. Liu et al., 2021). Moreover, the unique behavior
traits of active road users (e.g., pedestrians and cyclists), including the variability in
movement patterns and acceleration profiles, increase the difficulty of predicting their
trajectories by AVs. This is combined with the added vulnerability to raise the level of risk

and subsequently necessitates further investigations.

In recent years, as AVs evolved and regulations slowly caught up, strict expectations were set
for the operation of various levels of AV on open roads, which travel in some cases without a
human driver. These expectations are not always met, as evidenced by serious collisions that
were potentially avoidable with an attentive human driver (S. Zhu & Meng, 2022). To this
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day, researchers were not able to definitively rule out potential hazards due to the
misinterpretation of road user behavior or unfamiliarity at the early adoption stages. This
gap poses questions about the efficacy of AVs traversing side-by-side with human drivers. In
fact, the behavior of AVs could potentially negatively impact traffic flow at intersections,
where the number of variables considered by the AV peaks. As such, and if AVs are ever to
constitute useful means of transport, there is pressure to adopt less cautious behavior, which
opens the door for risky interactions. Among the biggest obstacles holding back researchers
from addressing these pressing questions has been the lack of collision data. This leads to
substantial limitations in our understanding of the actual risks and severity of collisions

involving AVs.
1.3 Research Questions

In order to systematically address some of the challenges discussed above, this dissertation
outlines the following research questions, which highlight specific gaps in knowledge that

require immediate attention:

e Given the limited amount of AV collision data that is currently available, how can we
evaluate the safety of AVs and the interacting road users, especially during the early
adoption stages?

e How are different groups of road users affected by the presence of AVs? What are the
risky interaction scenarios and what are the contributing factors to such scenarios?

e How do road users act when interacting with AVs under various interaction types?
Can these interactions be analyzed and predicted?

e Can we develop advanced models that can accurately predict the occurrence of
serious interactions (by risk and severity) between AVs and other road users in real
time?

¢ Given the abundant data that are collected using AV sensors, can they be used to
conduct real-time prediction of risky interactions involving road users around the
AVs? And what are the potential benefits of such approaches to real-time safety
diagnosis and management?

e Within the short period of AV collision records to date, what can we learn from AV
collision frequencies in terms of time and space? And how would collision trends

change in the future?



PhD Dissertation - A. Alozi McMaster University - Civil Engineering

1.4 Research Objectives

The primary aim of this dissertation is to investigate the intricate characteristics of road user
behavior around AVs and assess road user safety in an AV environment. This was carried out
with the sole purpose of advancing the current state of transportation systems and applying
rigorous investigative steps to ensure the safety of all road users in the future. To that end,
multiple methods were applied to sets of real-world AV data to extract, investigate, and
model interaction behavior with a special focus on active road users. The specific objectives

of the dissertation can be summarized as follows:

1. Develop a framework for predicting AV collisions using AV-road user conflicts that
are extracted from AV sensors. This is useful in providing a realistic idea regarding
AV safety in urban areas, particularly in the early years of adoption.

2. Apply the developed framework to evaluate the safety of different road user groups
around autonomous vehicles, identify the interactions leading to hazardous
scenarios for each group, and investigate the factors contributing to the identified
hazards.

3. Investigate the underlying behavior of active road users around AVs using real-world
data to understand the associated preferences and priorities during various
interaction types.

4. Investigate the application of advanced machine learning models to predict the
conflict risk in the path of AVs in real time and increase the level of AV
hyperawareness.

5. Investigate the AVs’ capabilities in predicting conflicts of surrounding road users,
which would allow the use of AVs in network-wide real-time safety studies.

6. Analyze the spatiotemporal patterns in AV collisions reported to date and forecast

collision trends.

The abovementioned research objectives will be achieved through five distinct studies that
are presented in Chapters 2 through 6 in this dissertation. The five chapters represent a

cohesive research body that serves the primary aim of the dissertation.
1.5 Contributions

This dissertation presents a novel approach to assess the safety of AV-road user interactions
and contributes several original findings to the existing literature. The specific contributions

of the dissertation can be summarized in the following key points:



PhD Dissertation - A. Alozi McMaster University - Civil Engineering

e Inthefield of AV safety assessments, the studies encompassed in this dissertation are
among the pioneering research to utilize real-world AV data collected from open road
testing. This fact indicates that the data captures unbiased road user behavior when
encountering an AV.

e By investigating the conflicts involving AVs and predicting potential AV-active road
user collisions, this research identifies significant hazardous scenarios that require
intervention and constitute areas of potential improvement for the AV algorithms.

e The dissertation demonstrates the applicability of risk-based safety assessments as a
viable candidate to proactively analyze the safety impacts of AVs using the existing
sensor data.

e Themethods utilized in this dissertation include novel techniques that have not been
applied in the field of traffic safety before, such as the deep maximum entropy
concept in Chapter 4 and the novel integration of three machine learning models in
Chapter 5. Overall, the utilized methods in this dissertation are both reliable and
versatile. These features are critical for the adaptability to new scenarios as they arise
and new data as the AV market share increases.

e The studies in this dissertation present a robust processing and filtering technique
for the raw sensor data into manageable traffic conflicts. In addition, the studies
develop an automated classification of traffic conflicts using trajectory features and
relevant criteria.

o The spatial and temporal AV collision analysis represents the first widescale
investigation of past and future collision trends outside the state of California,

including both low- and high-automation vehicles.
1.6 Data

Multiple AV datasets were utilized to achieve the research objectives of this dissertation,
including data collected from onboard AV sensors (Chapters 2-5) and AV collision records
(Chapter 6). These datasets are briefly introduced in this section to provide an overview of
the essential elements in common. The datasets will be discussed further in the coming
chapters to address the unique features of the data utilized in the different studies. Since
some of these datasets were published during the time when the individual studies were
carried out, the data were utilized as they became available. In addition, the suitability of

each dataset was examined to fit the intended application of each study.

The premise of collecting AV sensor data has existed for a while, mainly to take advantage of
the equipped self-driving sensors and to document and utilize past trips to enhance the AV
6
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algorithms. Early datasets of this type used probe vehicles instead of AVs (Geiger et al., 2013;
Huang et al., 2020; Mao et al., 2021), while others recorded AV trips operated by a test driver
in manual mode (Agarwal et al., 2020; Geyeretal., 2020). For the purpose of this dissertation,
only datasets collected by AV fleets operated in ‘autonomous’ mode for the majority of their
travel were utilized. That includes the datasets listed in Table 1-1, which were retrieved and

processed for each application.

Table 1-1. AV datasets

Dataset Video Road user Number Scene Total travel Chapters Reference
footage trajectories of scenes length (s) time (h) covered

Lyft Prediction 4 150,842 25 1,040.8 3,45 (Houston et al., 2020)
Perception v/ v 200 25 1.4 2,3

Argoverse 2.0 Motion v 250,000 5 3514 3,4 (Wilson et al., 2021)
Tracking v v 1,000 15 4.2 3,5

Waymo Motion v 103,354 20 574.2 (Ettinger et al., 2021;
Perception v v 1,150 20 6.4 3 Sun et al., 2020)

nuScenes v v 850 20 4.5 2,3 (Caesar et al., 2020)

CADC v v 75 5-10 0.6 3 (Pitropov et al., 2021)

The general format of the datasets followed a systematic use of AV sensors to record the
trajectories of the subject AV as well as the observed trajectories of nearby road users along
the path of the AV. In terms of the subject AV, Global Positioning System - Inertial
Measurement Units “GPS-IMU” captured the exact location, speed, and heading of the AV
at all times. As for the other road users, a combination of LiDAR “Light Detection and
Ranging” and camera systems were utilized. The onboard cameras were mounted to the roof
of the subject AV in all directions, while the LiDAR sensors were mounted to the roof and
front bumpers. Using the point-clouds generated by LiDAR and the camera footage, all
moving and static road users were detected by automated algorithms and classified into road

user types. These tracked annotations were then validated to ensure a high level of accuracy.

The primary use of the AV sensor data was to extract road user trajectories and identify traffic
conflicts in terms of different indicators, such as the time-to-collision (TTC) and post-
encroachment time (PET). Several data cleaning and processing steps were carried out to
ensure proper characterization of conflicts and facilitate subsequent analysis. Small subsets
of all datasets included video recordings, which were manually scanned to validate the
correct classification of road users and check the tracking accuracy. The remaining files
included trajectory logs, which were systematically checked to filter out any trajectories with
significant oscillation or missing timeframes. Furthermore, since the classification of road

user types was given a confidence percentage, only road users with 100% confidence were
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included in the various analyses and trained algorithms. Supplemental semantic map data
facilitated the identification of trajectory location relative to the road geometry. Active road
users that were traveling exclusively on sidewalks were excluded. In terms of traffic
interactions, speed and proximity limits were combined with a minimum shared tracking

durations to eliminate unrelated road users and reduce computational requirements.

In addition to the sensor data, AV collision records from the United States were retrieved
following their recent release by the National Highway Traffic Safety Administration
“NHTSA” in 2023 and the California Department of Motor Vehicles “CA-DMV” in 2018. The
collision records span two years between 2021 and 2023, while the additional collisions in
California cover ten years from 2014 to 2023. In total, 1,751 collisions were reported and
categorized by level of automation into low- (level 2) and high-automation (levels 3 & 4)
collisions. In addition to the location and date of each collision, information about the
injuries, road user type, as well as the road and weather conditions were included. The data
collection locations of all sensor and collision datasets utilized in this dissertation are
showcased in Figure 1-1.

. Sensor data
I collision data
. Sensor & Collision data

Figure 1-1. Data collection locations
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1.7 Dissertation Structure

This section briefly explains the flow between the individual components of the dissertation

and the connections that tie these studies into an interconnected body. The individual

chapters cover the following topics:

Chapter 1: provides the background and motivations for this dissertation, as well as
the research objectives and contributions.

Chapter 2: proposes a modeling framework to assess the safety of active road user
interactions with AVs. The approach relies on the extreme value theory (EVT) to
estimate the number of predicted collisions from the distribution of observed
conflicts. The chapter also applies the presented framework on AV-pedestrian
conflicts to demonstrate the method and estimate the potential collisions (objective
1).

Chapter 3: builds on the framework introduced in Chapter 2 by applying the EVT
method on a wider range of data to estimate the AV-pedestrian and AV-cyclist
collisions. The study in this chapter also investigates the effect of weather conditions
on the estimated collisions and conducts an in-depth investigation of the factors
leading to risky conflicts (objective 2).

Chapter 4: utilizes an inverse reinforcement learning approach to develop an
understanding of the active road users’ behavior during interactions with AVs. The
method relies on the observed behavior in multiple interaction types (parallel,
opposing, crossing, and turning) to estimate the underlying preferences and
priorities of active road users in these scenarios (objective 3).

Chapter 5: implements state-of-the-art machine learning methods to detect and
predict potential conflicts during AV trips. The approach expands the list of road user
types to include motorists, cyclists, and pedestrians. Conflicts involving the subject
AV and conflicts involving other road users are included in these estimates to provide
a sense of risk hyperawareness for the AVs (objectives 4 & 5).

Chapter 6: investigates the spatial and temporal patterns of all types of AV collisions.
The study incorporates low- and high-automation vehicles in the United States and
forecasts the future number of collisions based on the historic records (objective 6).
Chapter 7: summarizes the key findings of the dissertation and overarching
conclusions. It also discusses recommendations for future research and potential

applications.
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2.1 Abstract

With the increasing advancements in autonomous vehicle (AV) technologies, the forecasts
of AV market shares seem to follow an ever-growing trend. This leads to the inherent need
for proactive safety evaluations of AV impacts on other road users. To that end, this study
proposes a modeling framework for the proactive assessment of pedestrian safety in AV
environments. The proposed framework relies on the extreme value theory (EVT), with the
peak over threshold modeling technique, to develop an estimate of AV-pedestrian collisions
using AV-pedestrian conflicts. The proposed framework was applied to two AV datasets,
collected from three locations in the United States and Singapore, using the operating AV
fleets of two developers, Motional and Lyft. Both datasets included trajectory data for the
subject AV, as well as LiDAR point clouds and annotated video data from AV cameras to
capture the trajectories of surrounding road users. The datasets were processed to extract
the AV-pedestrian conflicts along with the corresponding conflict indicators, mainly the
post-encroachment time (PET) and time-to-collision (TTC). Relevant covariates were
introduced to the proposed models to enhance their performance and prediction accuracy,
including turning movements and conflict speeds. The results indicate an alarming risk to
pedestrians when interacting with AVs, especially at the early stages of AV adoption. The
expected number of collisions ranged from 4 to 5.5 per million autonomous vehicle
kilometers travelled (AVKT). With the addition of the covariates, the expected number of
collisions went down to a range of 2.3 to 3.7 per million AVKT, but with a narrower confidence
interval of the resulting estimate and a better fit. The introduced approach shows promising
prospects for the application of EVT methods to address AV safety impacts. It also invites
future applications to address issues of concern for pedestrian safety in different conditions

of urban traffic.
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2.2 Introduction

Pedestrian safety has always been a critical subject of interest to many transportation
researchers and practitioners. This attention to pedestrian safety originates from the fact
that pedestrians are usually considered among the most vulnerable road user groups who
are, in many cases, overrepresented in traffic injuries and fatalities (World Health
Organization, 2018). On the other hand, autonomous vehicles (AVs) were initially
introduced with the target of enhancing safety for all road users, among various benefits.
Since the initial development stages of AVs and well into the early years of adoption (at low
automation levels), developers have sought to solve several issues facing vehicle automation,
including the AV’s ability to monitor its surroundings, identify road users, and predict their
respective future trajectories. Still, the impact of AVs on pedestrian safety needs to be
investigated and quantified, considering the different characteristics of AV-pedestrian

interactions and the surrounding circumstances.

Despite the accelerating pace of research into the challenges of AV deployment, the
availability of data is still considered one of the major factors limiting the assessment of the
safety impacts of AVs in actual field conditions. This scarcity of data, coupled with the
pressing need to keep the development of new AV technologies under check, led to most AV
safety studies relying on computer simulation (e.g., Razmi Rad et al., 2020; Woodman et al.,
2019) or closed-road experiments (e.g., Rodriguez Palmeiro et al., 2018). In recent years,
however, several AV manufacturers have been collecting valuable video and trajectory data
from their operating fleets. This information is collected through a combination of visual
means (i.e., mounted cameras) and 3D scanning (i.e., light detection and ranging, LiDAR).
The collected data captures the surroundings of the AV, including the trajectories of the road
users interacting with the AV. Examples of these datasets include efforts by manufacturers
such as Waymo (Ettinger et al., 2021; Sun et al., 2020), Lyft (Houston et al., 2020), Audi (Geyer
et al., 2020), Ford (Agarwal et al., 2020), in addition to independent projects that operated
AV fleets (e.g., Caesar et al., 2019; Mao et al., 2021). These datasets have the advantage of
capturing AV-pedestrian conflicts in real-world conditions, where pedestrians are not
influenced by experiment biases and are free to interact with AVs as an integral part of
passing traffic. Thus, the datasets provide an ideal opportunity to study pedestrian-AV

conflicts and investigate the safety impacts of AVs using real-world data.

Moreover, the severity of the resulting pedestrian-AV conflicts can be quantified using a wide
range of traffic conflict indicators. Indicators such as time-to-collision (TTC) and post-

encroachment time (PET) have been widely used to assess the severity of traffic conflicts in
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many safety applications in the literature, among other conflict indicators (Hussein et al.,
2015; Ismail et al., 2009; Stipancic et al., 2021; Zaki et al., 2013; Zhang et al., 2019). Yet, linking
the traffic conflicts to the objective measure of safety (i.e., frequency of collisions) is not
always straightforward. In order to predict how the extracted conflicts would reflect in terms
of actual collisions, the extreme value theory (EVT) approach provides a useful tool. The
EVT methods have been showing promising results for safety applications reflected by the
adaptability to each considered application, given there is sufficient data to support the
developed models (e.g., Fu et al., 2021; Guo et al., 2020; C. Wang et al., 2019). The logic
behind using EVT for traffic safety analysis stems from the prediction of rare events, i.e.,
collisions, using more frequent events, i.e., traffic conflicts. This concept is used to quantify
road safety levels, especially when the observation period is relatively short (Songchitruksa
& Tarko, 2006). The EVT concept is fundamentally built on the assumption of a valid safety
continuum. This continuum is based on proximity safety indicators that provide a scale of
severity to establish a progressive relationship from the safest to the riskiest events.
Numerous studies tested the validity of the continuity assumption in EVT applications as
mentioned above. In this study, we further demonstrate the potential of predicting traffic

collisions based on trajectory data, as will be discussed in Section 2.4.

This study proposes a modeling framework to assess the safety of pedestrians interacting
with AVs. The proposed framework utilizes the peak over threshold (POT) method of the
EVT to develop an estimate of AV-pedestrian collisions using observed AV-pedestrian
conflicts. The proposed framework was applied to analyze two AV datasets, collected from
three locations in the US and Singapore, using the operating AV fleets of two developers,
namely Motional and Lyft. Both datasets included trajectory data for the subject AV, as well
as LiDAR point clouds and annotated video data from multiple AV cameras to capture the
trajectories of surrounding road users. The datasets were processed to extract AV-pedestrian
conflicts along with the corresponding conflict indicators. The extracted conflicts were then
utilized to develop an estimate for the AV-pedestrian collisions. The proposed approach was
also applied to analyze another dataset that includes both conflict and collision data
between pedestrians and manually driven vehicles (MDV) at six signalized intersections in
Bellevue, Washington. The MDV dataset was included to test the accuracy of the EVT
approach against actual pedestrian-vehicle collision data, which has not been widely
conducted in the literature. The TTC and PET conflict indicators were collected to form a
severity range for the prediction of extreme events, collisions in this case. The results of the
study shall provide an idea regarding the expected safety hazards of pedestrians in AV

environments, especially in the early stages of adoption where the AV market share is too
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small for pedestrians to become fully aware of the behavior of AVs. The study will also assess
the applicability of the EVT approach as a solid tool to evaluate the safety of AV-pedestrian
conflicts. This approach can then be revisited with future AV datasets to reexamine safety as

the levels of automation keep progressing and the market share of AVs rises.

The study provides several contributions to the literature. First and foremost, the study
presents a framework for the quantification of the safety impacts of AVs on pedestrians,
which is both reliable and versatile. These features can be demonstrated by the different
configurations that could be utilized to adapt to specific future applications, including
conflict indicators, considered covariates, and conflict types, among others. The study also
employs the EVT approach to address the safety of pedestrians around AVs, allowing for a
proactive assessment. Moreover, among the critical contributions of the study, the use of
real AV data takes advantage of natural conflict behavior captured for passing pedestrians.
As a result, only relevant traffic factors affect the conflicts, which are not limited to
experimental setups, enclosed areas, or skewed demographics. The rest of the chapter is
organized as follows: the next section presents a summary of previous studies on pedestrian
safety in AV environments and the use of the EVT approach in safety studies. Section 2.4
presents the details of the research methods, focusing on the EVT approach. Section 2.5
describes the data collection and processing. The results are presented and discussed in

Section 2.6, while Section 2.7 summarizes the conclusions of the study.
2.3 Literature Review

2.3.1 Assessment of Pedestrian Safety in AV Environments

Since the early days of driver-assist and self-driving technologies, improving safety levels has
been one of the major benefits in most prediction studies. As the years went by and low-
automation vehicles started roaming our streets, these claims retained their validity, with
the most recent statistics on AV crashes revealing a significant improvement, especially in
terms of crash severity (Kutela et al., 2021; Liu et al., 2021; Petrovic et al., 2020). Still, the new
data sources invite a more critical assessment of the safety of different road users in AV
environments, particularly pedestrians. Pedestrians pose a largely overlooked portion of the
traffic stream, while at the same time being expected to have a complex interaction behavior
with AVs. The random, or in some cases, unexpected behavior of pedestrians when they
navigate a mixed traffic stream of MDVs and AVs can result in conflict patterns worth

investigating.
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Most studies focusing on AV-pedestrian interactions tend to consider the AV’s perspective
since it is expected to be the AV’s responsibility to detect pedestrians on the road and
prioritize their safety (e.g., Detwiller and Gabler, 2017; Sha and Boukerche, 2021; Zhu et al.,
2022). These studies attempted mathematical models as well as deep-learning algorithms to
assist the AV in detecting pedestrians and predicting their intentions at different key
locations, including crosswalks and traffic signals. Still, when it comes to studying the
different parameters that constitute the safety of AV-pedestrian conflicts, research has been,
for the most part, contingent on simulation-based approaches to account for the limited
data sources. Among the few studies that managed to collect data of AV-pedestrian conflicts,
both Dey et al. (2019) and Rodriguez Palmeiro et al. (2018) were limited to closed road
segments and found no statistical significance of the AV impact on pedestrian safety
compared to MDV-pedestrian conflicts. More recent studies managed to overcome some of
the limitations of deploying AVs to open roads by utilizing AV shuttle pods. This opened the
possibility to investigate true pedestrian behavior in real-life conditions, despite the odd
shape of the pods and the dedicated lanes for these pods. Notably, Madigan et al. (2019)
utilized 22 hours of video data collected in Greece and France for an AV pod traversing a 2-
kilometer-route. The study combined manual and automated video analysis to identify
interaction patterns between AVs and road users in general. Among the findings of the study,
pedestrians were found to leave additional lateral space from the AV pod compared to other
vehicles. In Québec, Canada, a similar effort was attempted by Beauchamp et al. (2022) using
70 hours of video footage. The study focused on traffic conflict indicators, namely, TTC, PET,
speed difference, and headway, to investigate the interactions between the AV pod and
different road users. Although the findings indicated that AVs behave safely during
interactions with pedestrians, a critical concern was raised over AV interactions with MDVs,

where the reported headways were shorter than usual.
2.3.2 Applications of Extreme Value Theory in Safety Research

The framework proposed in this research relies mainly on the EVT, which encompasses
multiple methods that utilize different distribution functions and parameters. Overall, EVT
methods can be advantageous for a multitude of engineering applications (e.g., Fang et al.,
2021; Gu et al.,, 2020; Wang et al., 2021). They also offer an alternative approach to conduct
safety analysis that is proactive in nature, which solves the age-old issue of traffic crashes
being rare events. Tarko (2021) discussed the validity of utilizing traffic conflicts as a measure
of safety and their relation to actual collisions. The study asserts the usefulness of traffic

conflicts in safety studies if the critical issues related to selected parameters were addressed,
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as will be explained further in the coming sections in the context of this study. This proactive
approach of utilizing conflicts as surrogates for collisions can be linked to actual collisions
in one of two ways, either through causal models, or EVT models, as outlined by Zheng et
al. (2021). The safety applications of EVT were demonstrated in several recent studies that
focused on rear-end collisions (Gecchele et al., 2019; Zheng et al., 2014), lane changing
collisions (Ali et al., 2022), and passing maneuvers (Cavadas et al., 2020), with some studies
even tackling the issue of transferability of safety indicators (Borsos et al., 2020). The
number of recent studies showcases the usefulness of the EVT approach and encourages
further investigation of safety applications, hence the focus on pedestrian safety around AVs
in this study. To solidify the understanding of similar studies and applications of EVT, the
focus will be given to the relevant works that developed crash-conflict relationships to

predict expected collisions.

In safety applications, the two predominant methods of EVT are the peak over threshold
(POT) and block maxima (BM) approaches. Each of these two concepts utilizes an
underlying distribution to represent traffic conflicts, with the generalized Pareto
distribution (GPD) used for the POT method, and the generalized extreme value (GEV)
distribution used for the BM method. Modeling the relationship between traffic conflicts
and collisions using EVT was first developed by Songchitruksa and Tarko (2006). In this
study, the BM approach was applied to right-angle collisions at signalized intersections with
an observation period of eight hours. The results showed a promising correlation between
model predictions and actual historic crashes, which helped the EVT methods surface as a
valuable modeling approach for traffic safety applications. One of the key findings of the
study was that using 3-6 weeks of observation time was comparable to relying on 4 years’
worth of crash data. Following this approach, the EVT started gaining traction in the field
of traffic safety with multiple applications and numerous conflict indicators. In recent years,
researchers attempted to combine multiple conflict indicators and capture a more
comprehensive evaluation of safety. Zheng et al. (2018) utilized the PET and the length
proportion of merging as indicators to evaluate freeway merging areas in Ottawa, Canada.
The results of using two indicators revealed a significant enhancement in prediction
accuracy as well as reduced uncertainty compared to using a single indicator, while the
model efficiency was not affected. The study was then validated using data from four
signalized intersections with three additional indicators, namely, the TTC, modified TTC,
and deceleration to avoid crash (Zheng et al., 2019). Another critical aspect of studying
conflicts using the EVT approach was showcased by Fu et al. (2021). The study focused on
rear-end and side-impact conflicts instead of relying on a single model to describe all
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conflicts. The separation by conflict type led to reduced standard errors in addition to higher
accuracy of the model estimates when validated against collision data. The transferability of
EVT models was investigated by Zheng et al. (2020) by transferring model parameters from
Surrey, Canada, to two corridors in Los Angeles and Georgia in the US. The study found that
the model was transferable if there were sufficient similarities between the origin and
destination, especially if informative priors were used. As for vehicle-pedestrian conflicts, a
study by Guo etal. (2020) applied the POT method to a before-after study of the effect of the
leading pedestrian interval (LPI) in Vancouver, Canada. The findings indicated a significant
reduction in estimated serious conflicts of around 18-21% and the approach was

recommended as a promising tool given the consistent results.

Few studies have attempted to employ EVT approaches to evaluate the safety of AVs and the
most relevant ones are further discussed in this section. In a two-part study, Asljung et al.,
(2016, 2017) attempted to investigate the safety of AVs by predicting collisions using near-
miss events, i.e., traffic conflicts. Although the studies were aimed at AV analysis, the vehicles
used in the collected data were driven by a human driver. Still, the studies provided insight
into the significance of choosing suitable safety indicators for such type of analysis. The
studies used the brake threat number (BTN), speed distributions, and TTC as possible
indicators. In the case of TTC, the results indicated an underestimation of collisions, while
the relative speed between conflicting vehicles proved useful for prediction. More recently,
Ali et al. (2021) used a driving simulator to collect trajectory data from 78 participants in a
lane-changing scenario. The study used both the POT and BM methods to compare the
difference in performance in a connected environment (achieved by warning messages
displayed to participants). The results indicated a significant improvement in safety levels,
measured by negated gap time, with slightly worse performance in the case of a

communication delay compared to perfect communication.

The two conflict indicators of choice in this study were the TTC and PET. The TTC is defined
as the time required for two road users to collide if they continue at their present speeds and
on the same path (Hayward, 1972). The PET, on the other hand, is defined as the time
difference between the moment a pedestrian passes out of the area of a potential collision
and the moment a vehicle arrives at that same area of potential collision (Cooper, 1984).
Since the PET is based on the outcome of a conflict, and the TTC is based on extrapolated
positioning with the assumption of constant speed, each conflict indicator introduces
unique advantages and drawbacks when their validity is tested (Johnsson et al., 2018). One

of the weaknesses of the PET is the misleading severity of some conflicts where the AV or
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the pedestrian stops abruptly to avoid collision then moves aftera few seconds. This scenario
results in a high PET value despite the severe conflict (Tarko, 2021). On the other hand, the
TTC in some scenarios does not account for the evasive actions taken by pedestrians,
especially given the dynamic nature of their trajectories. On the plus side, TTCs are
particularly relevant when studying AVs, since many AV collision avoidance algorithms
consider the TTC as a warning criterion (Mahmud et al., 2019). This advantage is stressed by
the utilization of TTC in multiple recent AV studies (e.g., Beauchamp et al., 2022; Madigan
et al., 2019; Razmi Rad et al., 2020; Tibljas$ et al., 2018; Woodman et al., 2019). The PET also
adds significance to conflict evaluation, especially when it comes to conflicts between
pedestrians and turning vehicles (Chaudhari et al., 2020). The measured proximity to a
collision in the PET does not rely on prediction or extrapolation of future positions, which
leads to a reliable representation of driving behavior in crossing conflicts. Furthermore,
Zheng and Sayed (2019a) compared the prediction accuracy of several conflict indicators,
including the PET and TTC, using the POT approach. While the number of identified
conflicts was different, no significant discrepancy was observed between the collisions
predicted using the two indicators. There was, however, a slight tendency for overestimation
when using the TTC and underestimation when using the PET. In future research, the next
step could be to incorporate several indicators into a multivariate model to account for the

different phenomena explained by each indicator.

In summary, the current state of literature demonstrates the usefulness and validity of the
EVT approaches for safety evaluations using traffic conflicts as surrogate measures.
Moreover, there appears to be a natural progression of the applications of EVT that
necessitates the consideration of AVs as a major influence to be addressed. Even though
several studies attempted to tackle the impacts of AVs on pedestrian safety, no studies have
utilized the EVT technique with actual AV data. The two attempts that considered this
technique used either simulated data or MDV data (Ali et al., 2022; Asljung etal., 2016, 2017).
The EVT approach can provide a strong tool to investigate AV safety in the early stages of
deployment. This is especially true given the fact that the short history of AVs led to few
recorded AV-pedestrian collisions, hindering the prospect of strong modeling possibilities.
As such, utilizing this technique could open the door for future applications with other road

users as well as different road types.
2.4 Methods

The assessment of extremes is a critical task in general, one that is sensitive to the fitted

distribution and the frequency and scale of observed events. In this study, the extremes refer
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to vehicle-pedestrian collisions, while the observed events are vehicle-pedestrian conflicts.
This study follows the findings of the majority of previous studies that compared different
EVT approaches for traffic safety applications (Ali et al., 2022; Caires, 2016; Jaruskova &
Hanek, 2006; Tarko & Songchitruksa, 2005; Zheng et al., 2014). These studies suggest that
the POT approach is more reliable compared to other methods, especially for short
observation periods. Although it would be beneficial to cover longer observation periods,
traffic safety applications tend to target the shorter observation periods to facilitate proactive
safety initiatives and propose countermeasures when needed. In the POT approach, the
generalized Pareto distribution (GPD) is utilized, which can be particularly useful given its
upper tail properties. This allows for the modeling of extreme events to extrapolate the
unobserved or rare events. Figure 2-1illustrates the expected distribution of conflict severity,
highlighting the tail portion consisting of extremes (denoted as exceedances) and the target

rare events (collisions).

All Conflicts

| |
1 Exceedances |

1
1 Collisions
t——

Probability

Conflict Severity (PET or TTC) Threshold  Safety Indicator =0

Figure 2-1. Distribution of conflict severity, adopted from (Svensson, 1998)

The study of extremes depends on setting a predetermined threshold of severity, which is
then used to isolate extreme events, i.e., exceedances. Considering the set of random
independent observations X;, X, ..., Xn to be identically distributed, then the cumulative

distribution function of exceedances X over a threshold u can be described as:
Ex)=PX—-u<x|X>u (2-1)

It follows that, with a sufficiently high threshold u, the distribution can be approximated by
a GPD of the following function:

Gy)=1- (1 + %y)_l/f (2-2)

where o and £ are the scale and shape parameters of the GPD, respectively, given that o > o
and -oo < & < oo, It is important to note that while the shape parameter is defined up to -oo,

the variance of the fitted GPD is not finite for £ < -0.5 and the mean is not finite for & < -1.
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In the context of safety applications, conflicts are measured by various indicators, two of
which are used in this study, namely, the PET and TTC. As the values of these two measures
tend to zero, the severity of conflicts can be described to increase due to the close proximity
between the vehicle and the pedestrian. Given the two defined measurements, a collision
can be characterized by reaching a PET <0 or TTC < 0. For the application of these
measures using a POT model, the negated value is used for convenience. Thus, collisions can
be defined by a PET,.; = 0 or TTC,.4 = 0. Given these characteristics, the risk factor and
subsequent expected collisions can be calculated from the tail region of the GPD. The risk
of collisions is defined as the probability of observing an event with a value of the negated

conflict indicator > 0, as described in the following form:
R=P(Z>0)=1-G(0) (2-3)

where R is the risk of collisions, Z is the negated conflict indicator, and G is the extreme value
distribution or the GPD in this case. The expected collisions can then be calculated using

the risk factor for an exposure measure of travel time or travel distance as:

T
t

Nexpected =—'R (2'4)

where Nexpected is the expected number of collisions over the full exposure duration (or

distance) T, given the risk in the observation period (or distance) t.

Setting a threshold during the POT modeling can be arguably the most critical step, given
the fact that all subsequent steps will depend on the selected threshold. The threshold must
be predetermined but can benefit from a few considerations to suggest a suitable range.
Mainly, the mean residual life and parameter stability plots can provide a reasonable starting
point for the selection of thresholds, as suggested by Coles (2001). The criteria for reading
the mean residual life plot follow the assumption that when the plot starts showing linear
behavior, a suitable threshold range can be set. Additionally, parameter stability plots
showcase the modified scale and shape parameters, which are expected to be stable
(approximately constant). Given the ranges from all three plots, the minimum common
value can be estimated as the suitable threshold for the given dataset. Figure 2-2 illustrates
a sample diagnostic of the threshold selection process using the mean residual life and
parameter stability plots for the AV data using the PET indicator. The mean residual life
indicates that the graph starts to show linear behavior at around a threshold value of -1.65.
As for the modified scale stability plot, the graph appears to stabilize between thresholds of
-1.85 and -2.5, while the shape stability plot becomes near constant after -1.7. Given the

ranges taken from the three plots, a reasonable threshold value can be determined at -1.85,
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i.e., the minimum common value of the acceptable ranges. The same procedure is then

followed for the other developed EVT models to select reasonable threshold values.
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Figure 2-2. Graphical demonstration of threshold selection for the PET indicator on the AV data including (a) the mean
residual life plot, (b) and (c) the parameter stability plots

Several key considerations must be addressed when applying an EVT approach, including
sample size, serial dependency, and non-stationarity. Sample size can have a major impact
on the quality of the modeling results, where small sample sizes can be prone to biases and
larger sample sizes can affect the threshold selection in the POT method. For the purposes
of this study, the use of multiple AV datasets facilitated a sufficient number of observations
according to previous studies, which suggested a minimum of 150 observations (Zheng et
al., 2014). As for the MDYV dataset, the number of observations was sufficient for all but one
of the signalized intersections, which had only 23 vehicle-pedestrian conflicts during the
observation period. The second issue of serial dependency occurs when consecutive
conflicts are influenced by the same set of factors (e.g., pedestrians running to avoid a
speeding vehicle) when the EVT approach requires them to be independent. To address this
issue, group pedestrian crossings were treated as a single event. As such, the conflict
indicator was calculated for the last pedestrian to pass in front of the AV. The Last issue is
non-stationarity, which can arise from surrounding factors that could influence the
observed events. These factors can be introduced to the developed models as covariates to
eliminate non-stationarity with the goal to end up with a set of identically distributed
observations. With that said, the introduced covariates will most likely dampen the effects
of surrounding factors but will not eliminate them entirely. In addition to the statistical
considerations discussed above, another aspect of utilizing aggregated traffic events is
highlighted by Davis (2004). The study emphasizes the risk of biases when aggregating
collisions of different types and under various external factors. In terms of the conflict data

utilized in this study, the aggregation bias can be partly addressed by accounting for
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dependency and non-stationarity, as outlined above. However, it is essential to recognize
that traffic collisions can be explained by aggregate and individual characteristics. Therefore,
while proactive approaches such as the EVT can be beneficial given the established link
between conflicts and crashes (Davis et al., 2011), the results should be treated as frequency
assessments and further conclusions can only be drawn after considering individual collision

attributes.

Including underlying covariates into the POT modeling can lead to favorable results or in
some cases higher certainty, i.e., narrow confidence intervals. Still, as with every data-driven
approach, the selection of covariates can be subject to the availability and quality of data. In
this study, several covariates were collected or derived from the available trajectories. In
total, five binary and two continuous covariates were utilized. Two binary covariates were
reserved for the conflicts between pedestrians and right- and left-turning vehicles, with the
baseline case being pedestrian-through vehicle conflicts. As for the continuous covariates,
they were calculated as the speed of the conflicting vehicle and pedestrian, respectively.
Since the AV data came from two datasets encompassing three distinct locations, it was
essential to incorporate this heterogeneity into the developed models; hence, three location
covariates were added. Incorporating the covariates into the GPD used in modeling can be
done in one of three configurations. Either the covariates will be incorporated into the scale
parameter, the shape parameter, or both. The literature implies that incorporating the
covariates into both parameters provides no improvement in model performance (Ali et al.,
2022; Coles, 2001; Zheng et al., 2020). Therefore, in this study, the covariates were tested in
the scale and shape parameters separately. The preliminary runs indicated favorable
performance for the covariates in the scale parameter, which was evidenced by the improved
prediction accuracy for the MDV data, and narrower confidence intervals for the AV data.
Furthermore, three link functions were tested to link the covariates to the scale parameter,
including the identity, log, and logit link functions. The log link function was eventually
used to conserve the positivity in the scale parameter. The resulting scale parameter followed

the form of:
In(0y) = 09 + A1 Xiept + A2 Xrigne + AzXy,,, + AaXy,,, + X Bixy (2-5)

where o, is the intercept term, «; are the covariate parameter coefficients, and S; is the
location coefficient (only utilized for the AV data). In terms of covariates, xiefs and Xrigh: are
the left and right movement covariates, xwer and Xvped are the conflict speeds of the vehicle
and pedestrian, respectively. As for the location parameters, xi;, they represent the three

cities where the AV trips were recorded, including, Boston, Singapore, and Palo Alto. To
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estimate the model parameters, maximum likelihood estimation was used. According to the
previously mentioned limitations to the shape parameter, the maximum likelihood
estimation is unable to attain the model outputs when the shape parameter falls below -1,
while output reliability is questionable when the shape parameter falls between -1and -o.5.
Following the procedure outline in (Songchitruksa & Tarko, 2006), the negative
loglikelihood of developed models was used to determine which covariates to be included
in the link function for the scale parameter and deviance analysis was used to compare and
find the best-fitted models. To minimize the subjectivity of the selected thresholds for each
developed model and quantify the goodness-of-fit, several steps were taken. The density and
probability plots were included to demonstrate the fitted models, following the lead of
previous safety studies (Ali et al., 2022; Asljung et al., 2017; Borsos et al., 2020; Gecchele et
al., 2019; Solari et al., 2017), while the mean absolute error (MAE) was calculated as a

simplified measure.
2.5 Data

The proposed methodology was applied on two AV datasets, namely the perception dataset
of the Lyft Level-5 project (Houston et al., 2020) and the training/validation dataset of
nuScenes (Caesar et al., 2020). The two datasets were collected using the operating AV fleets
of two developers, Motional and Lyft. The Lyft dataset consists of one hour of traffic data
collected from a fleet of 20 AVs in Palo Alto, California. The nuScenes dataset consists of 4.5
hours of traffic data collected from two AVs in Boston, Massachusetts, and Singapore. Both
datasets included trajectory data for the subject AV, as well as LiDAR point clouds and
annotated video data from six cameras (nuScenes) and seven cameras (Lyft) to capture the
trajectories of surrounding road users in near proximity to the subject AV. The two AV
datasets share a similar camera configuration, illustrated in Figure 2-3, with six cameras
mounted on the roof of the AV to be pointed towards the front, back, and two on each side,
as well as three LiDAR sensors. The main differences between the two AV fleets are the
additional radar sensors in nuScenes AVs and the additional camera in Lyft AVs pointed
upwards to detect traffic control signage. More specifically, the AVs’ capabilities to detect
pedestrians were relatively comparable, since both fleets operated at level 4 automation (Hu
et al., 2022). As for the pedestrians’ perception of these AVs, the exteriors mostly stood out
from the appearance of regular vehicles due to the sensors on the roof and branding on the
sides of each AV.
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LiDAR

Figure 2-3. Configuration of (a) LiDAR sensors and camera angles visualized in (b) a sample scene with road user
annotations

The raw AV data in both Lyft and nuScenes datasets consist of the recorded video scenes in
addition to the annotation data of all road users in the scenes. The positioning (local
coordinates and yaw angle) and parametric data (location, road user categories, scene
attributes, ...etc.) of the subject AV and surrounding road users are reported separately with
unique instance tokens to connect the readings of the same scene. To facilitate the sorting
needed and extract AV-pedestrian conflicts, the data were first combined by matching the
road user movements with the corresponding AV positioning. Then, all conflicts with road
users other than pedestrians were filtered out to focus on AV-pedestrian conflicts. Lastly, the
conflicts were scanned to remove irrelevant pedestrian instances (e.g., bystanders). The data
preprocessing was completed to facilitate the extraction of relevant safety conflict indicators
for the EVT modeling. The two conflict indicators, PET and TTC, were selected following the
recommendations of previous studies for the most suitable measures in pedestrian conflicts
using the EVT approach specifically (Mahmud et al., 2017; Zheng & Sayed, 2019a). A
computer code was prepared to calculate the PET and TTC for each AV-pedestrian conflict
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in the dataset using the supplied trajectories. In terms of validation steps taken to ensure
the quality of the processed data, the identified conflicts were manually reviewed against the
video scenes to make sure both pedestrian and AV trajectories were free from obvious errors
(e.g., over-segmentation, over-grouping, or significant oscillation). The conflicts that
contained significant trajectory issues were excluded from the data. Next, a sample of
conflicts was inspected to validate the calculated conflict indicators (PET and TTC). The
manual checks were essential to remove conflicts with low PET or TTC despite no actual risk
to the pedestrian, e.g., when a pedestrian is protected by a sidewalk barrier. Only conflicts
with PET or TTC less than 5 seconds were considered in the analysis. Additionally, several
variables were identified to be used as covariates in the developed EVT models, including
conflict speed for both the vehicle and pedestrian and vehicle movement type (through,
right turn, left turn). Figure 2-4 presents a sample conflict taken from the nuScenes dataset
with a PET value of 2.141 seconds (s). The figure illustrates the positioning and speed profile
of the AV and pedestrian alongside the corresponding camera snapshots in the critical
seconds of the conflict. The sample conflict is taken at a signalized intersection where the

AV was making a right turn in an area with moderate pedestrian volume.

-

Camera Shots =] I

S
e “>.

Time=5.5s

ﬁ\‘Timc =1s| |
| |
Coordinate _| } ~ |
Trajectories ‘[ l
{ \
| i |
25 \
20
15 —

Speed Profile —

Speed (km/h)

/
|

v

(=]

o
Jy
[\S}

3 4 5 6
Time (s)

Figure 2-4. Sample conflict trajectory (positioning and speed profile) with a PET value of 2.141 seconds
Following the processing of the two AV datasets, a total of 726 AV-pedestrian conflicts were

identified, of which, 148 conflicts are defined by the PET indicator only, 543 conflicts are
defined by the TTC indicator only, and 35 conflicts are defined by both indicators. The means
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and standard deviations of the collected indicators are presented in Table 2-1. Regarding the
difference between the number of observed PET and TTC events, external factors must be
considered. Typically, safety studies that focus on conflicts between pedestrians and turning
vehicles at intersections use fixed camera(s) to collect data (e.g., Paul and Ghosh, 2021;
Zheng and Sayed, 2019b). At such locations, turning vehicles are not necessarily on a
collision course with pedestrians. Most turning vehicles yield for pedestrians and complete
the turn shortly after the pedestrian clears the collision course, leading to many conflicts
with no TTC value. In the context of this study, however, the data was collected by mounted
vehicle cameras, which enabled capturing a wide range of conflicts that are not easily
captured in traditional safety studies. The AV trips included a variety of locations, such as
midblock crossings, minor streets, shared roads, downtown and business district streets,
and road construction areas. A similar outcome of more TTC events was reported by
Beauchamp et al. (2022), where the study collected data from two corridors in two cities and
ended up reporting nearly double (or quadruple when considering AV-pedestrian conflicts
only) the number of TTCs compared to PETs. In addition, the TTC is calculated by
forecasting the trajectories based on the respective instantaneous speeds. This indicates that
a TTC value could be calculated with no physical intersecting point between the AV and
pedestrian. PETSs, on the other hand, necessitate the presence of a crossing point between

the trajectories (traversal trajectories) to obtain a value.

As a measure of exposure, the travelled distance in terms of vehicle kilometers travelled
(VKT) of the subject AVs during the observation period was calculated and considered. The
total travel distance of the AVs in both datasets was found to be 129.44 kilometers (km). In
addition, an MDV dataset was considered to form a baseline for the developed EVT models
and validate the accuracy of the predicted collisions against historic collision data, as
discussed earlier. The dataset consists of video data collected at six signalized intersections
in the City of Bellevue, Washington, in the US (City of Bellevue, 2020). The data included
recorded videos collected from the existing fixed traffic camera systems at the six
intersections. In total, the dataset comprises 6,072 MDV-pedestrian conflicts, defined by the
PET indicator. In addition, the dataset also includes the observed MDV-pedestrian collision
data over a five-year period (2015-2019). The statistics of all three datasets, one MDV and two

AV datasets, are summarized in Table 2-1.

Critical concerns over the use of trajectory data were raised by several studies (e.g., Coifman
and Li, 2017; Montanino and Punzo, 2015; Punzo et al., 2on). Still, the use of computer vision

for safety applications is considered a reliable approach, one with demonstrated capabilities
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for conflict studies of all types (e.g., Ismail et al., 2009; Sayed et al., 2012; Zaki et al., 2013),
contingent on proper calibration. For the MDV data used in this study, several steps were
followed to achieve accurate trajectory measurements and reduce the noise. The City of
Bellevue dedicated the task to specialized experts in the field of automated video analysis.
Additional steps included sensor calibration for the mounted cameras and manual traffic
counts for validation. The calibration process of the MDV dataset is sufficient for the
application at hand, since the MDV models are not the main objective, and no comparisons
are meant to be drawn with the developed AV models. The AV datasets, however, were
thoroughly investigated in this study and several steps of validation were followed to

improve the accuracy of reported AV-pedestrian conflicts, as discussed earlier.

Table 2-1. Dataset statistics

Dataset Unit ITE Vision Zero nuScenes Lyft Level-5
Location Bellevue, WA Boston, MA, and Palo Alto, CA
Singapore
Vehicle type MDV AV AV
Road type 6 signalized intersections  Urban roads Urban roads
Observation period hour 83.6 4.5 1
VKT km NA 83.39 46.06
PET indicator
Observed values 6,072 158 25
Mean [SD] second  2.43 [1.02] 2.56 [1.35] 2.49 [0.97]
Min/Max second  0.04/5.00 0.09/4.67 0.28/3.85
TTC indicator
Observed values NA 512 60
Mean [SD] second NA 1.81 [1.56] 1.97 [1.31]
Min/Max second NA 0.05/4.98 0.82/4.81
Number of collisions 5 (2015-2019) NA NA

SD: standard deviation, NA: not available
2.6 Results and Discussion
2.6.1 MDV-pedestrian Conflict Results

The proposed EVT methodology was first applied to predict the number of pedestrian
crashes at the six intersections where MDV conflict data were collected. The predicted MDV-
pedestrian collisions were compared to the observed collisions provided in the dataset for
validation. The model results, presented in Table 2-2, are summarized for each of the six
considered signalized intersections, in terms of exceedances (X), thresholds (u), and model
parameters for scale (o), and shape (). The results highlight the issue with the limited data
of intersection L2, which led to the only model with a shape parameter £ < -1. This can be
directly traced to the insufficient number of conflicts at this location, reflected by unreliable
GPD fit. Still, the remaining locations all produce reliable POT models with the
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corresponding numbers of expected MDV-pedestrian collisions being relatively close to the
actual numbers collected in the 5-year historic data. In particular, the four locations with
the most reliable model estimators (L1, L4-L6), characterized by & > -0.5, share a threshold
range of -1.95 to -1.45. Among the three locations with observed historical collisions (L1, L4,
and L6), the expected collisions for intersections L1 and L6 are 1.117 and 0.867 per 5 years,
respectively. Compared to the 2 recorded collisions in each intersection, the estimates
appear to be within close range. As for L4, the expected collisions are o compared to the
actual single recorded collision. For the other three intersections (L2, L3, and Ls), the model
predicted that no collisions would occur over the five-year observation period, which
matches what was observed in reality. Overall, the models demonstrate a reasonable
estimation power of the POT technique and a reasonable fit for the GPD with an MAE
ranging from 5.17 to 17.25% in the six intersections. It is important to note that despite the
wide confidence intervals for the expected collisions, the practicality of the EVT approach
still holds significant value as a proactive method, which explains the reliance on the
estimates in numerous previous studies (e.g., Ali et al., 2021; Asljung et al., 2017; Gecchele et

al., 2019).

Following the basic initial models, the analysis was performed with the inclusion of
covariates as discussed in Section 2.4. The second part of Table 2-2 presents the estimated
model parameters with covariates and the corresponding collision estimates for the MDV
data. The MDV models benefited from the covariates, which increased the accuracy of the
expected number of collisions and reduced the models’ MAE to a maximum of 12.64%.
Specifically, both L1 and L6 had closer values of expected collisions to the actual numbers of
collisions, while L4 improved by producing a slightly higher number of expected collisions
compared to the zero value of the initial model with no covariates. Another critical point
highlighted by the comparison of the models with and without covariates is the change in
confidence intervals. The confidence intervals were reduced to narrower ranges around the
expected collisions, leading to stronger reliability of the resulting estimates. Out of the five
considered covariates, both a; (right turns) and «, (pedestrian speed) were the most useful,

while o; (vehicle speed) had no impact on the MDV model performance.
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Table 2-2. MDV model estimation results

McMaster University - Civil Engineering

Model Location Conflicts X u nllh o [SD] ¢ [SD] Risk Expected Actual MAE
o a ay as a, Collisions Collisions
(per 5 years)
Without ILi 889 u8 -155 -33  0.547 -0.203 0.002 117 2 7.81%
covariates [0.072] [0.095] [0, 0.085] [o, 48.522]
L2 23 7 -2.40 12.0  2.409 -1.226 0 o o NA
[o] [o] [NA, NA] [NA, NA]
L3 206 24 -2.60 -133 1336 -0.928 o0 o o 17.25%
[o] (o] [0,0.698] [0, 365.876]
L4 615 1n4 -1.80 -56 0.789 -0.430 O o 1 5.17%
[0.085] [0.067] [0, 0.072] [0, 36.448]
Ls 479 67 -195 -123 0.833 -0.491 O o o 9.23%
[0.133] [012] [o, 0.162] [0, 85.096]
L6 3,860 129 -145 -18.9 0.630 -0.265 0.002 0.867 2 7.31%
[0.033] [0.035] [0,0.025] [0, 13.154]
With L1 889 n8 -155 -2.2 -0176 0.048 -0.084 -0183 0.002 1.179 2 3.44%
covariates [0.0209] [0.042] [0.012] [0.067] [0, 0.054] [0.02,28.090]
L2 23 7 -2.40 12.0  2.409 -1.226 0 o o NA
[o] [o] [NA, NA] [NA, NA]
L3 206 24 -2.60 -133 1336 -0.980 o o o 12.64%
[o] (o] [0,0.698] [0, 365.876]
L4 615 n5 -1.85 -3.9 0.743 0.015 0.028 -0.409 o0 0.171 1 3.33%
[0.004] [0.008] [0.014] [0.064] [0, 0.057] [o, 30.017]
Ls 479 72 -2.00 -9.6 0.634 0.001 0.03 -0.472 O o o 5.58%
[0.009] [0.021] [0.074] [0a102] [o, 0.113] [0, 59.044]
L6 3,860 129 -145 -141 0.582 0.015 -0.244 0.002 1.085 2 4.93%
[0.074] [0.008] [0.035] [o, 0.019] [0.107, 10.071]

X: number of exceedances; u: threshold; nllh

: negative log likelihood; SD: standard deviation.
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2.6.2 AV-pedestrian Conflict Results

Given the reliable results produced by the models for the MDV data, the same approach
could be used to develop accurate estimations of collisions for the AV data. Instead of the 5-
year estimation period, exposure was measured in VKT for the AV models. The results of AV
model estimations are presented in Table 2-3. The basic PET model included 31 exceedances
with a threshold of PETre = -1.85, while the TTC model included 137 exceedances with a
threshold of TTCreq = -1.75. The scale and shape parameters indicate a reliable performance
of the resulting models with an eventual risk factor of 0.0005 and 0.0007 for the PET and
TTC models, respectively. The expected number of collisions for the PET model reached
4.041 collisions per million VKT. As for the TTC model, the expected number of collisions
reached 5.499 per million VKT. To get a sense of context for these numbers relative to typical
collision rates, similar results were obtained from previous studies that considered MDVs in
their analysis. Utilizing the distance travelled, or VKT, is not the most frequent exposure,
especially when it comes to vehicle-pedestrian collisions. Rather, the most common
measures include walking distance, observation period, traffic control, locality, and
populations (Dong et al., 2020; L. Song et al., 2020; Zamani et al., 2021). Still, among the few
reported MDV-pedestrian collision rates in terms of vehicle travel distance, the collision rate
in Florida was 0.026 MDV-pedestrian collisions per million VKT between 2018 and 2020
(Florida Department of Highway Safety and Motor Vehicles, 2020). Similarly, in Texas, the
rate was 0.081 per million VKT between 2010 and 2018 (Bernhardt & Kockelman, 2021).
Within the bounds of the City of Vancouver, the rate was 0.959 MDV-pedestrian collisions
per million VKT between 2009 and 2013 (Osama & Sayed, 2017).

It is important to note that the data processed and analyzed in this study included
trajectories from strictly urbanized roads with low operating speeds. Therefore, the rate of
AV-pedestrian collisions is expected to be higher in terms of VKT, simply due to the
abundance of crosswalks and intersections. The same discrepancy is demonstrated in the
rate of collisions in Vancouver, which is significantly higher than those of Texas and Florida,
given the lack of freeways and interstate highways with limited pedestrian access within the
city bounds. AV collision data were also analyzed in a few studies including the AV collisions
in California, which became compulsory to report since 2014. Y. Song et al. (2021) considered
233 AV collisions between 2014 and 2019 (risen to 426 collisions since then) and found that
AVs make an average of 17.4 collisions per million VKT (28 per million miles travelled). More
specifically, the rate of AV-pedestrian collisions was ~o0.21 per million VKT. One key

consideration in the reported AV-pedestrian collisions is the frequency of disengagements,
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which affected the outcome of a significant portion of reported incidents. As outlined by
Banerjee et al. (2018), which investigated the same data from 2014 to 2017, in many cases the
interference of the human driver averted possible collisions, often with pedestrians.
Additionally, the AVs considered in the statistics travelled both urban streets and highways.
In the current study, however, the AV environment was limited to urban streets, leading to
an increased number of predicted AV-pedestrian collisions. With the impact of road types
and traffic settings in mind, the results of the AV-pedestrian collisions still seem to indicate

arisk that is higher than anticipated.

In terms of the AV models with covariates, the estimation results demonstrate a reduction
in the expected number of collisions compared to the initial models without covariates. The
threshold and exceedance values were slightly affected, while the negative loglikelihood has
been reduced. The covariates seem to have a critical effect, since most of the considered
covariates ended up being included in the produced models. As a result, the predicted
collisions were reduced to 2.301 and 3.656 AV-pedestrian collisions per million VKT for the
PET and TTC models, respectively. Figure 2-5 and Figure 2-6 include the density and
probability plots for the fitted models. The plots demonstrate a good fit, mainly enhanced
by the added covariates. To further quantify the goodness-of-fit, the corresponding MAE
value went down from 17.41 to 11.66% for the PET model after adding the covariates. Similarly,
the MAE of the TTC model went down from 10.96 to 7.81%. As mentioned above, the
eventual number of expected AV-pedestrian collisions seems to reach alarmingly risky
ranges, even with the inclusion of model covariates. This relatively high number is more
representative of the early adoption stages of AV deployment, in which both pedestrians and
AVs are expected to be more cautious. The counterintuitive result could be explained by the
increased perception of safety when encountering an AV equipped with a full suite of
cameras and sensors or even the desire for pedestrians to experiment with the new
technology, as reported by previous studies (e.g., Dommes et al., 2021). Another possibility
comes from the observed behavior within the nuScenes and Lyft datasets, where pedestrians
seemed to clearly hesitate in numerous conflicts when encountering the subject AV. This
hesitation would lead to major changes in the speed profile and high severity of conflicts, as
also confirmed by previous studies (Nufiez Velasco et al., 2021; Zou & Yai, 2022). As for the
future, it is challenging to predict how pedestrian behavior will change as the AV penetration
rates increase. In fact, forecasts on both ends of the safety spectrum exist. On one hand, the
safety-in-numbers effect leads to more optimistic safety projections, where pedestrians
become more familiar with the increasing presence of AVs. In this scenario, advancements

in AV technologies would also help alleviate many of the serious interactions currently
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observed. On the other hand, the novelty of AVs could be translated into more cautious
pedestrian behavior, as discussed above, leading to reduced severity of conflicts. This
cautious behavior of pedestrians may change in the future when AV technology becomes
mainstream, leading to increased severity of conflicts. The challenge of predicting the long-
term effects of AVs is still unanswered. Pedestrians will most likely become familiar with
AVs, but the accompanying impacts could lead to a completely altered environment on

urban roads, which would affect their safety levels.
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Figure 2-5. Goodness-of-fit plots for the AV-pedestrian PET model with covariates; a) density and b) probability plot
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Figure 2-6. Goodness-of-fit plots for the AV-pedestrian TTC model with covariates; a) density and b) probability plot
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Table 2-3. AV model estimation results

Model Indicator Conflicts X u nllh o ¢ [SD] Risk Expected MAE
0o ay az as Ay B B2 B3 Collisions
(per million
VKT)
Without PET 183 31 -1.85 -79.8 0181 -0.194 0.0005 4.041 17.41%
covariates [0.005] [0.071] [o, 0.0023] [o, 17.430]
TTC 652 137 -175 -303.2 0.049 0.233  0.0007 5.499 10.96%
[0.006] [0.086] [0, 0.0034] [0, 25.865]
With PET 183 29 -1.80 -70.7 o0.122 oo 0.016 0151 0.085 0.049 0.091 -0.198 0.0003 2.301 1.66%
covariates [0.003] [0.004] [0.009] [0.025] [0.018] [0.004] [0.014] [0.049] [0, 0.0015] [0, 11.348]
TTC 652 12 -1.60 -284.5 0179 0.004 0.004 0.205 0.056 0013 0.085 -0.167 0.0005 3.735 7.81%
[0.003] [0.026] [0.016] [0.051] [0.007] [0.008] [0.013] [0.053] [0, 0.0014] [0.049,14.558]

X: number of exceedances; u: threshold; nllh: negative log likelihood; SD: standard deviation.
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2.7 Conclusion

This study proposed a framework for the evaluation of pedestrian safety in AV environments.
The approach utilized the EVT technique to quantify AV-pedestrian conflicts collected from
actual AV data. Specifically, the peak over threshold method was used to develop estimation
models with the conflict data fitted with a GPD. The included AV data encompassed two
separate datasets, Lyft and nuScenes, which had 5.5 hours of combined observation time.
The AV data was collected from onboard surrounding cameras and LiDAR sensors mounted
to operating AVs to capture the trajectories of nearby pedestrians. In addition to the AV data,
a dataset of MDV traffic from six signalized intersections was utilized to test the modeling
technique and verify the prediction accuracy against actual collision data. For the MDV-
pedestrian conflicts, the PET safety indicator was used as a measure of severity and the
observation period was used as an exposure measure. The estimated collisions of the MDV
models for each intersection provided a reasonable correlation to actual collision data,
which was enhanced with the inclusion of covariates. The results of the AV models,
measured in terms of AVKT, included 4.041 and 5.499 collisions per million AVKT for the
PET and TTC models, respectively. These predictions were significantly influenced by the
added covariates, which reduced the expected collisions to 2.301 per million AVKT for the
PET model and 3.735 for the TTC model. The confidence intervals were also narrowed down
after adding the covariates. The presented results seem to shed some light on the critical
concern for pedestrian safety around AVs that could go unnoticed using other methods.
Especially at the early stages of mass AV deployment, pedestrian safety issues can prove

crucial to pay attention to for a safer future of the urban traffic scene.

Given the fact that this study comes at an early stage of AV adoption, the current pedestrian
perceptions and behavior around AVs may not persist. Instead, as the AV market penetration
grows, the nature of AV-pedestrian conflicts could change drastically. The deployment of
AVs in this ‘transition period’ could extend decades before AVs become the dominant mode
of transport according to recent findings (Brovarone et al., 2021; Silva et al., 2022; Woo et al.,
2021). This highlights the critical role of safety assessments to evaluate mixed traffic
conditions and provide a leading example to countries that follow a similar path. As for the
limitations that come with AV data, several factors must be addressed. For starters, the size
of the data presented a restricting factor to produce more reliable models that are less prone
to biases. This was coupled with the lack of collision data for the two AV datasets, which
could have added another layer of validation. Also, the selection of relevant covariates was

mostly restricted by the commonly reported measures in the MDV and AV datasets. This led
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to excluding some parameters that could have added value to the developed models,

including traffic and pedestrian volumes, type of crossing, and traffic control parameters.

Since the presented approach can be considered novel in the field of AV conflicts, several
recommendations were becoming increasingly apparent during the processing and analysis.
For instance, collecting additional data could lead to incorporating additional covariates and
developing more comprehensive EVT models. Moreover, in addition to attempting separate
models for each considered conflict indicator, as presented in this study, bivariate and
multivariate EVT models following the lead of (Fu & Sayed, 2021; C. Wang et al., 2019; Zheng
& Sayed, 2019b) point towards significant performance gains over univariate models.
Pedestrian-specific considerations, including a closer look into pedestrian group numbers
and demographic measures, could be useful to explain the factors affecting pedestrian safety
around AVs. Other recommendations include the consideration of parametric, location-
specific, and environmental covariates to develop a more comprehensive viewpoint on the

conflicts’ characteristics.
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3.1 Abstract

This study aims to conduct a thorough assessment of pedestrian and cyclist safety in
autonomous vehicle (AV) environments. To that end, the study utilized AV sensor data of
1,400+ driving hours from five sources in Canada, USA, and Singapore. The sensor data were
used to extract conflicts between AVs and active road users. The conflicts were then
processed to develop accurate estimates of AV collisions involving pedestrians and cyclists
based on the extreme value theory. Further in-depth assessments were conducted on the
identified conflicts, by type and location, to highlight potential issues leading to risky
conflicts. The results showed that the total number of predicted AV collisions involving
active road users was 2.17 collisions per million AV kilometers travelled. Collisions involving
pedestrians were slightly higher than those involving cyclists. Also, the rate of collisions in
clear weather conditions slightly exceeded collisions in adverse weather conditions,
although the difference was not statistically significant. The relative risk of collisions was
developed for both pedestrian and cyclist conflicts per AV movement type. The results
showed that interactions with right-turning and left-turning AVs are the riskiest for
pedestrians and cyclists, respectively. A thorough analysis of conflicts revealed many issues,
including a higher tendency for pedestrian violations when interacting with AVs, aggressive
AV behavior (particularly when interacting with pedestrians while making a right turn), AVs
struggling to predict the path of cyclists (mainly due to cyclist violations), and AVs failing to

interpret pedestrian intentions in some cases.
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3.2 Introduction

The development of self-driving/autonomous vehicles (AVs) and the outpouring of funds to
support them have been propelled by many factors, one of which is undoubtedly improved
road safety (Emory et al., 2022). Since the early development years, researchers and AV
developers focused on refining the algorithms used by AVs to navigate complex roads and
interact with other road users safely (Z. Liu et al., 2022). Nevertheless, researchers have been
faced with the challenge of accurately quantifying the safety impacts of AVs, mainly due to
the lack of reliable data (such as historical AV collision records or conflicts), a challenge that
became more pressing with the accelerated rate of AV utilization (Lee et al., 2022). In urban
roads, AVs must account for an increased number of variables and driving situations
compared to freeway autopilot and platooning applications (Li et al., 2021). In addition, the
diverse traffic stream that exists on urban roads adds another layer of complexity. As such,
the problem of assessing the safety of AV interactions with urban road users becomes a

cornerstone towards preparing AVs for widespread deployment.

Active road users, including pedestrians and cyclists, constitute a critical group that exerts
unique behavior traits compared to motorists. Both cycling and walking are essential modes
of transport that represent a significant portion of the traffic mixture on urban roads. As
such, active road users must not be overlooked when assessing the impacts of AVs on safety,
especially due to their inherent vulnerability. In the era of automation, the interactions
between active road users and AVs are yet to be fully understood, due to a combination of
public skepticism and unfamiliarity, on top of the low market penetration of AVs to date
(Orfanou et al., 2022). Early projections also hint at the possibility of risky situations as a
result of active road users relying on AV capabilities to keep them safe (Tafidis et al., 2022).
This knowledge gap, coupled with the restrictive regulations on AV deployment, indicate the
need for proactive safety assessments that provide reliable solutions, especially in the early
years of adoption. In the last decade, an abundance of survey studies has emerged in an
attempt to set expectations and identify the concerns of pedestrians and cyclists about
sharing the road with AVs (Golbabaei et al., 2021; Pigeon et al., 2021). Some of the studies
suffered from biased and improper design, while others were limited in terms of the number
of respondents and covered demographics (Janatabadi & Ermagun, 2022). Still, the findings
offered a peek at the consensus of the public towards AVs and some of the areas that could
help alleviate their concerns. This was followed by several studies that utilized computer
simulations to overcome the lack of AV data and predict potential risky situations involving

active road users and AVs (Woodman et al., 2019; Zhong et al., 2020). These initial
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applications lead to the next logical step, which is utilizing real-world data to verify or refute
previous findings quantitively and discover unforeseen risks to active road users in AV

environments.

As with every traffic-related problem, data-driven assessments are among the most
convenient approaches to grasp the impacts of disruptive technologies and develop a clear
understanding of potential issues. Recently, several AV developers started to operate their
fleets on open streets in many cities around the world. Collectively, millions of miles have
already been recorded by AVs of different manufacturers (Kalra & Paddock, 2016). The
onboard sensors of the operating AVs, such as cameras and light detection and ranging
sensors (LiDAR), were used to collect accurate trajectories, heading, and speed data of the
AVs as well as nearby road users (Agarwal et al., 2020; Caesar et al., 2020; Geyer et al., 2020;
Houston et al., 2020; Sun et al., 2020; Wilson et al., 2021). For safety applications, the
collected data, while different in structure, all share the necessary measures to accurately
map out the interactions and conflicts involving the AVs on their routes. The trajectory data
facilitate reliable safety assessments that could be carried out to quantify traffic conflicts and

predict traffic collisions eventually.

Early traffic collision prediction, conducted by Alozi & Hussein (2022), indicated alarming
numbers of AV-pedestrian collisions per driven distance, which signaled the need for further
investigation of AV conflicts. In this study, we aim to conduct a thorough assessment of
pedestrian and cyclist safety in AV environments. This is achieved by collecting AV sensor
data from five datasets in the US, Canada, and Singapore to capture diverse behaviors and
environmental settings. The conflicts are then processed to develop extreme value theory
models and predict the frequency of collisions involving active road users. Further in-depth
assessments are then conducted on the identified AV-road user conflicts, by type and
location, to highlight potential causal relationships leading to risky conflicts. This study
provides several contributions to the literature, including the prediction of collisions
involving active road users in AV environments using real-world data. In addition, the study
sheds light on several key issues that can lead to increased safety risks and require enhancing
the AV driving behavior and/or our understanding of active road user behavior. This is
essential in order for AVs to be better suited for urban streets with increased pedestrian and
cyclist volumes. The rest of the chapter is organized as follows: the next section presents a
rundown of previous studies and their relevant findings. Section 3.4 presents the AV data

sources and structure. Section 3.5 explains the methods utilized in the study. Sections 3.6

47



PhD Dissertation - A. Alozi McMaster University - Civil Engineering

and 3.7 present the modeling results, in-depth assessment, and discussion of observed

conflicts. Finally, Section 3.8 includes the concluding remarks and limitations of the study.
3.3 Literature Review

Several methods have been utilized in the literature to evaluate the safety of active road users
around AVs, some more prominent than others. Computer simulation has been widely
considered a convenient tool to test scenarios of upcoming technologies, like AVs, without
the need for historic data. In simulation studies, participants were placed in simulated
environments through virtual reality kits or driving simulators to test their responses to
different interactions with AVs. These studies reported minor impacts on the observed road
user behavior as a result of the AV’s presence, despite significant changes in the participants’
perceived levels of safety (Razmi Rad et al., 2020; Woodman et al., 2019). Other studies used
different alternatives such as a ‘fake AV’ by posing a regular car as an AV through signs and
stickers (Rodriguez Palmeiro et al., 2018), or by disguising the human driver to give the
impression of an empty driver seat (Rothenbucher et al., 2016). More recent attempts saw
researchers experimenting with AV shuttles operated on open roads, which showcased
interesting behavioral patterns. For example, two recent studies collected data from AV
shuttles that operated on pre-planned routes in Greece, France, and Canada (Beauchamp et
al., 2022; Madigan et al., 2019). While neither of the two studies focused solely on active road
users, the findings indicated enhanced safety for pedestrians, particularly women and
elderly pedestrians, around the AV shuttles compared to regular vehicles. However, cyclists
demonstrated some risky behaviors by travelling beside the AV shuttles on narrow paths and

attempting to overtake despite the limited space.

Recently, with the advancement of AV technology and the availability of more data, other
approaches have been used to assess the safety impacts of AVs. For example, Scanlon et al.
(2021) reconstructed 72 fatal collisions based on pre-crash scenarios and then replaced the
human drivers with a Waymo Level 4 AV system to assess if those collisions could be
mitigated. The results showed that all collisions that involved active road users were
mitigated with the AV system, even when the active road user was at fault. Recently as more
AV collision and disengagement data became available, several studies have been
undertaken to investigate AV collision patterns. For example, Q. Liu et al. (2021), compared
the patterns of AV collisions to those of conventional vehicles. Despite the majority of AV
collisions being rear-end collisions caused by other vehicles, the study found that a
significant number of these collisions were partially caused by the AV’s sudden stop to avoid

an active road user. A later study found that cyclists were not only the most likely to collide
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with an AV, but that they were often at fault in serious interactions (Kutela et al., 2021). In
another study that focused on AV disengagements, one of the primary causes of
disengagements initiated by the AV was external factors such as excessive pedestrian traffic
(Favaro et al., 2018). This critical finding points out the difficulty of proper detection of
pedestrians in large groups. As can be seen in the literature, concerns were raised regarding
bike safety around AVs. Also, despite the promising results that show improved pedestrian
safety around AVs, it is well-known that AV fatal collisions involving pedestrians did in fact
happen in real life. These collisions had an adverse impact on public perceptions of the
technology, even if these concerns were somewhat eased for people who got to interact with
AVs (Penmetsa et al., 2021). This goes to show the critical role that proactive safety
assessments play in addressing safety concerns of active road users for the future of AV

technologies.

The traffic conflict technique has been established as a reliable safety assessment tool that
has been successfully used to address numerous safety applications in the literature, (e.g.,
Hussein et al., 2015, 2016; Kumar & Ghosh, 2022; Nasernejad et al., 2022; Tageldin et al., 2013;
Zaki et al., 2013). In this technique, the frequency and severity of the observed conflicts
between road users are used as a surrogate measure for actual collisions. Generally, traffic
conflicts are quantified by one or more conflict indicators. Among the various indicators that
can be used to describe the severity of a conflict, temporal proximity measures are by far the
most widely used, whereas some measures like the post-encroachment time (PET) are
particularly useful for active road user conflicts with vehicles (Mahmud et al., 2017). Recently,
traffic conflict studies started incorporating the concept of extreme value theory to predict
collisions (Fu & Sayed, 2021; Zheng & Sayed, 2019). This approach added the much-needed
quantifiable result, which is the number of collisions, to be directly used as a safety
indication. The technique has been validated against actual collision records in several
studies (Guo et al., 2020; Tarko & Lizarazo, 2021). This approach was used recently to assess
the safety of pedestrians interacting with AVs in urban areas (Alozi & Hussein, 2022). The
study developed a framework for predicting AV-pedestrian collisions using real-world
conflict data. Nevertheless, the study neither investigated the extracted conflicts in detail
nor discussed the factors that lead to some serious interactions between pedestrians and
AVs.

In summary, the contributions of previous works indicate the critical role of proactive safety
assessments in evaluating the actual impacts of AVs. While a number of studies focused on

the effects of AV presence on pedestrians and cyclists, the methods mostly relied on

49



PhD Dissertation - A. Alozi McMaster University - Civil Engineering

simulated environments and included limited scenarios. To the best of our knowledge, the
research still lacks a comprehensive assessment of active road user safety around AVs using
real-world data. Furthermore, of the many methods that can be used for such assessment,
the combination of the traffic conflict technique and the extreme value theory modeling

proves to be reliable and produces accurate estimates of safety.
3.4 Data

The AV data utilized in this study were collected from five separate sources, including Lyft
Level-5 (Houston et al., 2020), Argoverse 2.0 (Wilson et al., 2021), nuScenes (Caesar et al.,
2020), Waymo (Sun et al., 2020), and the Canadian Adverse Driving Conditions (CADC)
dataset (Pitropov et al., 2021). The two largest data sources in terms of travel time are Lyft
and Argoverse, which contain over 400,000 scenes combined. The remaining datasets,
nuScenes, Waymo, and CADC, all include hand-picked scenes that were deemed interesting
by their respective AV developers in terms of frequency of interactions with other road users,
special weather conditions, or challenging detection situations. Therefore, the three datasets
contain a higher density of interactions between the AVs and active road users. Table 3-1lists
the dataset statistics including the number of observed AV-active road user conflicts, while

the locations of the data collection are highlighted in Figure 3-1.

Table 3-1. Dataset statistics

Parameter Lyft Argoverse = Waymo nuScenes CADC
Number of scenes 150,842 250,000 1,150 850 75
Scene length (s) 25 5 20 20 5-10
Frequency (frames/second) 10 10 10 12 10
Travel time (h) 1,040.8 351.4 6.4 4.5 0.6
Observed pedestrian conflicts 341 332 235 158 189
Observed cyclist conflicts 195 122 65 36 16
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Figure 3-1. Dataset collection locations

In terms of data format, all five datasets provide trajectory data of the subject AV, including
timestamps, 3-dimensional map coordinates, and heading angles. In addition, LiDAR point
clouds of each timeframe along the trajectory are collected to capture the surroundings and
nearby road users within a radius of 200 meters from the AV. Using the LiDAR data, 3-
dimensional cuboids of all passing road users are extracted and categorized into different
road user groups. The movements of each individual road user are mapped by their unique
identifiers, timestamps, map coordinates, size, and heading. The datasets also include
additional camera footage of the traversed trips. The videos are recorded by a camera system
consisting of five to seven high-resolution cameras mounted in a ring-shaped format on the
roof of the subject AV to cover 360° angles. These recordings provide additional information
to the observer that help describe the scenario before, during, and after the potential
conflict. Minor differences between the AV on-board sensors in each dataset include
additional radar sensors in nuScenes vehicles, additional upward cameras in Lyft vehicles,
and additional LiDAR sensors on the front bumpers in Lyft and Argoverse AVs. Figure 3-2
demonstrates a sample of the typical AV sensor suites, including the essential “self-driving”

side stickers. In total, the five datasets provide a diverse collection of AV trips, reaching over
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1,400 hours of travel time collectively. In Figure 3-3, sample snapshots from the five datasets

are provided, showing different weather conditions, traffic conditions, and times of the day.

Main LiDAR and 360 Camera System

NN

Additional LiDAR Sensors AV Marking

Figure 3-2. Typical AV sensor configuration demonstrated on Lyft vehicles (left) and Argoverse vehicles (right) [Sources:
Woven Planet Holdings, Argo Al]

Figure 3-3. Sample frame snapshots from the considered AV datasets
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3.5 Methods

In order to undertake the objectives of the study, traffic conflicts involving active road users
were first extracted from the five datasets. The conflicts were then quantified and
categorized by road user type, AV movement, and weather conditions. Afterwards, extreme
value theory models were used to predict AV-active road user collisions. The observed
conflicts, predicted collisions, and other trajectory-related information were further used to
investigate specific issues relating to the safety of pedestrians and cyclists around AVs. The
following sections provide a brief overview of the conflict identification and classification

process and the collision prediction using extreme value theory.
3.5.1 Conflict Identification and Classification

The conflict identification and classification step was conducted using Python language in
order to handle the necessary processing power. For each scene, conflicts between the AV
and other road users were identified using the extracted trajectories. Conflicts were
quantified using the PET conflict indicator, which was calculated for all observed
interactions using the AV and active road user trajectories. A simple Python code was
developed to calculate the PET for each conflict as the time difference between the moment
an active road user clears a point of a potential collision and the moment the AV arrives at
that same point. Only conflicts that involved pedestrians and/or cyclists were retained for
further analysis based on the scope of the study. In total, 1,255 and 434 conflicts involving
pedestrians and cyclists, respectively, were extracted from the five datasets. The identified
conflicts were then categorized by road user type (AV-pedestrian and AV-cyclist conflicts),
AV movement (through, left-turn, and right-turn), and weather conditions (adverse and
clear). The classification of conflicts by road user and weather conditions was
straightforward. The classification of conflicts by vehicle movement involved automatic
detection of the AV movement. This was done using the difference in the AV’s heading angle
along the trajectory during the time of the conflict. Following some preliminary testing,
vehicles with a difference in the heading angle greater than 30° along the trajectory were set
as right-turning vehicles, while vehicles with a difference less than -30° were set as left-
turning vehicles. Manual validation of a sample of conflicts showed a high classification

accuracy of 98.3%.

Finally, since the data are measured at a frequency of 10-12 frames/second, the annotated
speed profiles of road users were sensitive to slight inaccuracies in the instantaneous speed
tracking. As such, a smoothing algorithm was applied to eliminate significant oscillation and
enhance the accuracy of any parameters extracted from the speed profile for further analysis
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(e.g., AV instantaneous acceleration). Specifically, several smoothing algorithms were
compared, including the spline and kernel methods, as well as the single and double
exponential smoothing. The methods were evaluated based on their suitability for the
existing road user speed profiles and the accuracy of the first and last few timesteps, which
can be particularly sensitive to smoothing. The spline method suffered from over-
smoothing, where minor changes in the speed profile were flattened beyond the simple
oscillation fix. Since the data included mostly low relative variability over time, the other
methods captured minor fluctuations well, despite some differences around the edges. The
kernel method tended to deviate significantly (up to 5 m/s) from the actual speed profile in
the last 5-10 timesteps. The single and double exponential methods performed similarly and
produced reliable speed profiles. The single exponential algorithm was eventually used for
its accuracy and simplicity in terms of tuning parameters (Echaveguren et al., 2013). A

sample of the smoothing process results is presented in Figure 3-4.
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Figure 3-4. Sample speed profiles of an AV showing the speeds before and after applying the smoothing algorithm
3.5.2 Collision Prediction Using Extreme Value Theory

For the accurate prediction of collisions, this study employs the framework developed in
(Alozi & Hussein, 2022) to evaluate the safety of active road users in AV environments.
Across a scale of traffic conflict severity, measured using the PET, predicted collisions can be
approximated using the extreme events with high severity. In total, models were developed
for active road users and classified by road user type and weather conditions. The specific
approach selected in this study is the peak over threshold technique, where the generalized
Pareto distribution is fitted to the conflict severity distribution. The tail end of the fitted
distribution is then isolated to calculate the risk of collisions, which in this case is defined
by reaching a PET < o. This extrapolation relies essentially on the observed traffic conflicts

to predict the rare collisions over a long exposure metric. In this study, the exposure metric
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of desire is the AV kilometers travelled (AVKT), which can offer a solid representation of the
actual safety performance of AVs without waiting for AVs to drive the necessary distance.
Although AVs of different types have been operating for extended distances, recent estimates
suggest the need for hundreds of millions of miles of driving data in order to confidently
verify the safety impacts (Kalra & Paddock, 2016); hence the value of the extreme value

theory as a convenient alternative.

The initial setup of the extreme value theory models requires setting a threshold on the scale
of conflict severity for each model, which is determined beforehand. The threshold is
selected by testing the linearity of the exceedances and the stability of the two parameters
of the fitted distribution, i.e., the scale and shape parameters. Assuming that the observed
conflicts are random independent events X,, X, ..., Xn, and the predetermined threshold is

denoted u, then the cumulative distribution function of exceedances can be written as:
E(x)=PX—-u<x|X>u) (3-1)

The distribution can then be approximated by a generalized Pareto distribution, given a

sufficiently high threshold. The form of the distribution becomes:

-1
6o =1-(1+2) v 520, —o<f<o (3-2)

where o is the scale parameter and ¢ is the shape parameter. Since conflict severity is
measured by PET, the distributions are used as a basis of the developed models. For the sake
of simplicity, the negated values of the PET are used, leading to collisions being defined by
a PEThey = o. It follows that the risk of collisions, which is the probability of observing a

conflict exceeding zero, can be calculated using the following equation:
Risk = P(Z 2 0) =1—G(0) (3-3)

where Z is the negated conflict indicator and G is the generalized Pareto distribution. The
expected collisions can be calculated by multiplying the resulting risk factor by a ratio to
reach the desired exposure, which in this study was set to a million VKT. In the collected
datasets, the subject AVs travelled a combined distance of 27,860 VKT. By dividing the
desired travelled distance by the actual travelled distance, the predicted collisions can be

calculated in the following form:

1,000,000 VKT
27,860 VKT

Collisions = Risk (3-4)

For the purpose of predicting AV-active road user collisions, conflicts with PET values less

than or equal to 5 seconds were considered. This 5-second upper limit is considered a
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reasonable cut-off point to eliminate non-severe conflicts while also allowing the extreme
value theory models to select a suitable exceedances threshold between o and 5 seconds

(Arun et al., 2021).
3.6 Results

The distributions of the identified AV-active road user conflicts are provided as boxplots in
Figure 3-5. Overall, it appears that pedestrian conflicts are relatively riskier than cyclist
conflicts since the distribution is skewed towards lower PET values. This is not surprising
due to the close proximity between pedestrians and vehicles in many interactions. The figure
also shows the distribution of pedestrian and cyclist conflicts classified by AV movement.
For pedestrians, it seems that through and right-turn conflicts are riskier than left-turn
conflicts, while conflicts with turning AVs seem riskier for cyclists than conflicts with
through vehicles. Nevertheless, the different interactions will be assessed further following

the estimation of the predicted collisions.
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Figure 3-5. Statistical distribution breakdown of the considered conflicts

On top of the behavioral issues and traffic scenarios, weather conditions have been a concern
for AVs in general, due to the risk of obstructed sensors in severe weather. One key benefit
of including diverse datasets is the ability to study the effect of adversarial weather
conditions, i.e., rain and snow, and how AVs perform as a result. Figure 3-5 includes the
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boxplots of the conflicts in clear and adverse weather, which show relatively similar trends.
AV-road user conflicts in adverse weather conditions appear to be slightly less severe
compared to clear weather conflicts, but not enough to have a significant impact on the
overall PET distribution, as was confirmed by the statistical testing (P-value of 0.34). Upon
closer inspection of the video footage, several key observations were noted that could
explain this finding. For instance, except for a few risky conflicts with running pedestrians,
active road users mostly exhibited cautious behavior in adverse weather conditions, mainly
due to slippery pathways and snow accumulation on the side of the road. Moreover, most of
the adverse weather conflicts came from one dataset, the CADC, which was collected mainly
around a college campus. This could have introduced a bias in the demographics of the
crossing pedestrians and cyclists. Finally, in many of the observed conflicts, large numbers
of active road users forced the subject AV to yield well ahead of potential conflicts, leading
to higher PET values.

Moreover, observed conflicts were utilized to develop a number of extreme value theory
models to predict AV collisions based on the methodology presented in Section 3.5, whereby
five models were developed in total. The first model is a general model that is developed
using all observed conflicts. The second and the third models were developed to predict
pedestrian and bike collisions with AVs, respectively. The fourth and the fifth models focus
on predicting AV-active road user collisions under clear and adverse weather conditions,
respectively. The graphical method of setting a suitable threshold to isolate the conflict
exceedances is demonstrated on a sample set of plots in Figure 3-6 for the general active road
users’ model. Essentially, a reasonable range can be identified in each of the three plots,
which includes the portion where the mean residual life plot starts to become linear, and the
parameter stability plots become near constant. Then, the minimum common value from all
three ranges is set as the threshold of the model, which in this case is -1.65. Plots to showcase
the goodness-of-fit are shown in Figure 3-7, in the form of probability plots. Overall, the

models demonstrate a reasonable fit across the five developed models.
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Figure 3-6. Graphical method plots for the threshold selection (active road users’ model)
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Table 3-2 summarizes the parameters of the developed models, including the scale and
shape parameters of the fitted distribution and the number of predicted collisions per
million AVKT. For starters, the broad model including all active road users resulted in 2.165
predicted collisions per million AVKT. When separated, the pedestrians model produced a
higher number of predicted collisions compared to the cyclists’ model, although the
difference was not drastic. The separate models based on weather conditions also indicated
a relatively similar outcome, with 0.974 and 0.845 collisions per million AVKT in clear and
adverse weather, respectively. However, when considering the confidence interval, the
difference becomes more evident, with the majority of collisions occurring in clear weather.
It should be noted that the total collisions from the general active road users’ model will not
equal the sum of predicted collisions of the separate models (by road users or weather
conditions). This outcome can be mostly attributed to the potential correlation between the
separate models, as reported by Fu et al. (2021). For the purpose of this study, the measured
difference was not substantial, indicating a minor correlation. Yet, the confidence interval

of the combined model indicated a more accurate estimate.

Table 3-2. Model parameters and results for collision prediction

Model Conflicts Threshold Exceedances Scale Shape Predicted collisions
(per million VKT)
Active road users 1,689 -1.05 173 0.441 -0.121 2.165
[0.045] [0.077] [0.836, 3.708]
Road user groups Pedestrians 1,255 -1.45 281 0341 -0.098 0.979
[0.047] [0.037] [0.363,1.794]
Cyclists 434 -1.50 34 0.757 -0.394 0.763
[0.066] [0.133] [0.023,3.024]
Weather Clear weather 1,402 -1.30 232 0.236 0.221 0.974
conditions [0.079] [0.290] [0.000, 3.901]
Adverse weather 287 -1.65 61 0.890 -0.433 0.845

[0.059] [0.044] [0.075,1.977]

To analyze the risk further, the relative collision risk was calculated for the different AV
movement types with pedestrians and cyclists. Through movements were set as the reference
scenario, and the risk of collision with the left and right turns was calculated as a ratio of the
risk of collision with through movements. The risk of collision was utilized as opposed to
actual predicted collisions because of the high inherent correlation between the AV
movement types. This was confirmed by previous studies that attempted a similar
segmentation by conflict types from the same population (Fu etal., 2021). As shown in Figure
3-8, right-turning conflicts had the most alarming result for pedestrians, with over three

times the risk of through conflicts. As for cyclists, conflicts with right-turning AVs were the
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least risky, with less than half the risk of through conflicts. Left turns were especially risky
for cyclists followed by through conflicts, although the through conflicts had a wide

confidence interval indicating uncertainty associated with this estimate.
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Figure 3-8. Relative collision risk by movement type (based on through conflicts)
3.7 Discussion

The results suggest that special attention should be given to certain movements when it
comes to the safety of active road users around AVs. One of the first prominent observations
that were unexpected in the results was the high number of conflicts between through AVs
and pedestrians. Reviewing those conflicts showed that a significant portion involved
pedestrian violations (i.e., jaywalking or crossing during Do-Not-Walk signal phases). The
percentage of conflicts with through AVs that involved pedestrian violations was calculated
using the semantic map data provided with the datasets to be over 63%. Besides, conflicts
involving violations were deemed higher in severity, as shown in Figure 3-9. The difference
in severity between the two groups of conflicts was found to be statistically significant at a
95% confidence level (P-value = 0.007). The high number of conflicts involving pedestrian
violations can be attributed to the nature of the streets where the data was collected, most
of which were minor urban streets where the subject AV was travelling at low speeds. As a
result, many pedestrians would cross in groups, giving them a higher sense of safety and
leading to other pedestrians following along once the AV yields, as demonstrated in Figure

3-10.
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Figure 3-9. Distribution comparison of through conflicts involving pedestrian violations

Figure 3-10. Crossing conflicts involving violating pedestrians

The relative risk of collisions, shown in Figure 3-8, indicates that pedestrian conflicts with
right-turning AVs are the riskiest conflict type for pedestrians. When these conflicts were
further reviewed, some issues related to the AV turning behavior were identified. The
example in Figure 3-11.a demonstrates a conflict where the AV detected a pedestrian crossing
ared light before initiating its right turn. The AV was still accelerating up to 10 meters before
the conflict point, only to slow down sharply moments away from the pedestrian. The
pedestrian hesitated due to the sharp deceleration, then crossed when the AV stopped. In
other instances, the AV demonstrated a slightly irregular deceleration profile before a right
turn, leading the pedestrians to run to clear the crosswalk. Specifically, in Figure 3-11.b the
pedestrian struggled to interpret the fluctuating speed of the AV, while in Figure 3-11.d the
AV decelerated sharply 5 meters before the conflict point. In Figure 3-11.c, after reaching a
full stop, the AV started to move while a pedestrian was still approaching on the crosswalk.

The AV then corrected its action to allow the pedestrian to cross. This inconsistent behavior

61



PhD Dissertation - A. Alozi McMaster University - Civil Engineering

could be due to late detection or misinterpretation of the scene by the AV as a result of the
large number of pedestrians involved. Overall, the observed behavior on right-turning
conflicts seems to coincide with the findings of previous studies that reported a high number

of rear-end collisions as a result of the AVs’ abrupt stop for pedestrians and cyclists (Q. Liu
etal., 2021).
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Figure 3-11. Right-turning conflicts with pedestrians

Moreover, several AV-pedestrian conflicts clearly showed strange interaction behavior,
which necessitates the development of better models to interpret the intention of
pedestrians in the future. For example, in Figure 3-12.a, the AV stopped for traffic but did not
move for a long time after the road cleared. A group of pedestrians waited to cross and
attempted to gesture to the AV and only started to cross after a motorcycle overtook the
stopped AV. Figure 3-12.b shows a conflict with a pedestrian getting out of their parked car
on the side of the road. The AV seemingly did not detect the pedestrian at first or assumed
their path was out of its lane, as evidenced by the increasing speed till the last second. The
AV eventually started to slow down to a near stop after the conflict point.
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Figure 3-12. Conflicts with strange interaction behavior

Regarding cyclists, the relative risk of collisions, shown in Figure 3-8, indicates that the
riskiest conflict type is with left-turning AVs. Reviewing the conflicts revealed several issues
for both the AV and cyclists’ behaviors. For instance, Figure 3-13.a demonstrates a crossing
cyclist that did not yield for the AV despite not having the right of way, forcing the AV to
complete its left turn after the cyclist had passed. In more serious conflicts, seen in Figure
3-13.b, while making a left turn, the subject AV encountered a cyclist exiting a residential
area and heading toward a bike lane across the street. Despite the AV stopping ahead of the
conflict at a stop sign, once it initiated the turn the AV did not slow down for the cyclist. This
could be due to the AV incorrectly predicting the path of the cyclist, but the conflict still led
to a near-collision when both the AV and cyclist attempted to merge in close proximity to
each other, forcing the cyclist to slow down and continue their path behind the AV. Figure
3-13.c shows a violation by a cyclist travelling in the opposite direction on the lane of the AV.
The AV was passing straight through an intersection but had to reduce its acceleration to

avoid hitting the cyclist before the cyclist eventually moved out of the lane.
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Figure 3-13. Left-turning conflicts with cyclists

3.8 Conclusion

The aim of this study was to investigate the safety of interactions involving AVs and active
road users in urban traffic. This was achieved by processing five sets of AV trajectory and
sensor data, totaling over 1,400 hours of travel time. Data processing led to identifying 1,689
conflicts involving pedestrians and cyclists. To evaluate road user safety, extreme value
theory models were developed for active road users in general. Further analyses were
separated by road user type (pedestrians and cyclists) and weather conditions (clear and
adverse). The number of predicted AV collisions involving active road users was 2.165 per
million AVKT. The number of estimated AV-pedestrian collisions was higher than AV-cyclist
collisions, but only by 0.216 collisions per million AVKT. As for the different weather
conditions, no significant differences were observed in conflict severity, which was also

translated into a minor difference in the predicted collisions.
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The observed pedestrian and cyclist conflicts were categorized based on the AV movement
into through, left-, and right-turning conflicts. Relative collision risk peaked in pedestrian
conflicts with right-turning AVs, while the highest risk for cyclists was on AV left-turns.
Several issues were identified through the detailed investigation of conflicts, including, for
example, the higher tendency for road user violations around AVs, AV aggressive behavior in
many situations, particularly when the AV was interacting with pedestrians while making a
right turn, and AVs failing to interpret road user intentions in some cases, which led to

imposing a high risk on surrounding road users.

The findings of this study point towards several key issues that deserve further consideration
before AVs are widely deployed. The task of keeping active road users safe can be improved
by focusing on the AVs’ ability to interpret active road user intentions and developing a better
understanding of the specific risky scenarios. Nevertheless, the study had several
limitations, including the lack of demographic data. Moreover, the subjective evaluation and
description of the observed scenes can be susceptible to misinterpretation. As such, future
research could benefit from utilizing objective methods to quantify the interactions between

AVs and active road users and understand the causes of observed behavior.
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4.1 Abstract

The inevitable impact of autonomous vehicles (AVs) on traffic safety is becoming a reality
with the progressive deployment of these vehicles in different parts of the world. Still, many
questions linger in the minds of road users that will share the road and interact with these
AVs on a daily basis. To answer some of these questions, this study utilized recently collected
real-world AV data from the United States, with the focus mainly targeting active road users.
Specifically, the 1,392 hours of recorded trips were processed to extract AV-pedestrian and
AV-cyclist interactions of different movement types. The interactions were then investigated
to gain a better understanding of the active road users’ behavior, while excluding any
interactions that involved intervention from the AVs’ human test drivers. Through deep
maximum entropy inverse reinforcement learning (DME-IRL), the reward functions
describing the utility of active road users were retrieved and assessed for five interaction
scenarios, including parallel, opposing, crossing, and turning (left and right) interactions.
In addition, the policies developed as part of the solution were used to simulate the behavior
of active road users and validate the resulting conflicts in terms of safety and evasive actions.
Overall, the utilized approach demonstrated high accuracy in mimicking the interaction
behavior of active road users when encountering an AV, with 81-84% accuracy in predicting
evasive actions in parallel and opposing interactions and 12-17% mean absolute error for
safety indicators in crossing and turning interactions. In addition, the resulting reward
functions provided reliable insight onto the preferences and considerations of active road
users in these situations. Overall, cyclists tend to be less cautious around AVs compared to
pedestrians, while the AVs tend to slow down and leave sufficient distance from all active
road users in most cases. Still, the robotic behavior of the AVs, which can sometimes be
inconsistent, leads to risky evasive actions by the active road users, which can affect other

road users in busy intersections.
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4.2 Introduction

Advanced driving assistance systems of different levels as well as autonomous vehicles (AVs)
that handle most of the driving tasks are slowly but steadily moving from research and
development into practice. The prevalence of these AVs is undoubtedly shaping the
landscape of the future traffic scene. Such drastic changes bring upon the issue of added
vulnerability for pedestrians and cyclists, i.e., active road users, as well as their inevitable
interactions with AVs. To this day, it is still unclear how active road users would adapt and
interact with AVs (Tafidis et al., 2022). This knowledge gap was for the most part
understudied due to the lack of data. In recent years, however, AVs of level 2 to 4 automation
were deployed on open roads. This indicates a steady shift in traffic to accommodate self-
driving technologies, both in terms of user acceptance and governing regulations (Mattas et
al., 2022; Xing et al., 2022), allowing valuable data to be collected in the process. On the other
hand, since fully autonomous driving is still ways down the road (Mahmoud et al., 2022),
there is potential to improve the safety of interactions between AVs and active road users
and successfully integrate AVs into our transportation systems. The latest studies that
utilized real-world data to evaluate the safety impacts of AVs’ early adoption on active road
users reported significant issues relating to the accurate interpretation of pedestrian and
cyclist intentions (Alozi & Hussein, 2023). On the other hand, the reported AV collisions to
this day reveal concerning aspects of AV safety, including the discrepancy between collision
avoidance systems used by different manufacturers. Furthermore, external factors such as
lighting and intersection complexity seem to affect the severity of AV collisions (Zhu &
Meng, 2022). These numbers certainly refute the promises of a utopian world with the
takeover of AVs, but at the same time steer us in the direction of potential safety gains if the

observed issues are resolved proactively, as summarized by Martinez-Buelvas et al. (2022).

A crucial step towards enhancing active road user safety in an AV environment is to develop
a clear understanding of their behavior in different interaction scenarios. In general,
analyzing active road users’ actions is a challenging problem that requires investigating a
wide range of interactions and recognizing patterns of behavior. Active road users do this all
the time when interacting with other motorists, by looking for subtle cues in behavior and
interpreting implicit intentions when no explicit communication is provided (Murakami et
al., 2022; Sheppard et al., 2023). However, to systematically map out the behavior of active
road users, we need to consider the complex nature of their interactions in heterogeneous
flow. On urban roads, the challenge is magnified by the increased number of conflicts and

additional influential factors, such as traffic control devices and road geometry (Asadi et al.,
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2022). Road safety literature includes several studies that investigated active road user
behavior when interacting with conventional vehicles in urban areas. As a result, various
techniques were developed and refined for such applications that can be utilized to
investigate active road user behavior around AVs, including variations of the inverse

reinforcement learning (IRL) approach.

IRL methods provide a convenient solution to understand the behavior of road users in
complex real-life scenarios, such as interactions with traffic. Unlike rule-based approaches,
IRL can infer the preferences and potential motivations that drive road users to take specific
action by analyzing their observed behavior in real-world interactions, in what is referred to
as “expert demonstrations”. This approach transcends the limitations of conventional
methods by inferring reward functions directly from observed behavioral data, enhancing
the fidelity of simulated scenarios. In order to replicate the behavior of observed users, the
availability of sufficient data, i.e., real-world trajectories of road users in different
interactions, is essential to achieve reliable accuracy. Once these requirements are met, the
objective of the IRL algorithm comes down to retrieving the reward function that explains
the road users’ behavior. Further, the slow convergence ensures that the reward functions
not only faithfully replicate observed behaviors but also encompass a broader range of
plausible responses. From a safety perspective, this is especially relevant in conflict
resolution scenarios, where road users often resort to evasive actions to safely traverse the
interaction. In these situations, the road environment and nearby road users are represented
by a range of parameters (states) that can positively or negatively impact the target road user
(agent). When focusing on active road users, in particular, the level of vulnerability and
limited capabilities often dictate the maneuvers (actions) taken during an interaction. In
severe interactions, misinterpretation of driving, cycling, or walking behavior has the
potential to jeopardize the well-being of everyone involved. Hence, the usefulness of robust
approaches, such as IRL, becomes apparent and necessary to improve traffic safety on future

roads.

This study aims to investigate the interaction behavior of active road users with AVs. This
target is carried out by utilizing an IRL solution, specifically, with the deep maximum
entropy approach. To that end, 1,392 hours of AV data collected from multiple cities in the
United States are utilized. The data include AV trajectories during preplanned trips, in
addition to captured pedestrian and cyclist trajectories from the AV-mounted sensors. Data
processing to identify traffic interactions led to a combined total of 8,000+ AV-active road

user interactions, which were categorized based on movement type and conflict angles. The
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interactions were fed into the IRL algorithm as sets of states and actions to extract the
underlying utility functions of active road users when encountering an AV. Using the output
of the IRL algorithm, active road user actions were replicated on a testing subset of the data
and validated against ground-truth trajectories in terms of safety indicators and evasive
actions. The study contributes to the literature by applying a state-of-the-art technique to
demonstrate its validity for safety-related studies considering the impact of AVs along with
a robust validation method. The real-world data of AV trips capture unbiased behavior and
demonstrate the potential for practical applications. Through the detailed interpretation of
active road users’ preferences and priorities around AVs, we can drive critical advancements
in self-driving algorithms and later develop a comprehensive modeling platform for AV-road
user interactions. In addition, the study presents a detailed categorization of interaction
types, which is lacking in the literature to this day. This non-trivial task still requires a better
understanding of the necessary parameters and calibration metrics to reliably sort
interactions into relevant scenarios. The rest of the chapter is organized as follows: the next
section dives deeper into previous works and the techniques used to achieve similar goals.
Then, the data sources and processing are outlined in Section 4.4. Section 4.5 lists and
discusses the details of the applied IRL model. Finally, Sections 4.6 and 4.7 summarize the

findings and present the authors’ concluding remarks and future recommendations.
4.3 Literature Review

Modeling active road user behavior has always been an active field of research, witnessing
advancements in the available methods as well as improved accuracy and validation over the
years. The accelerating pace at which this research area is driven reflects the significant role
of pedestrians and cyclists in the dynamics of urban mobility (van Haperen et al., 2019). In
general, previous studies looked into specific behavioral parameters such as gap acceptance,
yielding distance, speed changes, and evasive actions. However, due to the unique behavior
of active road users and the increased number of factors to consider, the modeling task faces
many challenges to this day. The methods that have been utilized to model the behavior of
active road users include statistical techniques (e.g., Lee et al., 2020), social force models
(e.g., Zhang & Fu, 2022), cellular automata (e.g., C. Y. Li et al., 2022; Wang et al., 2023),
discrete choice (e.g., Antonini et al., 2006; Arellana et al., 2020), and agent-based models

(e.g., Hussein & Sayed, 2015, 2017, 2018; Thompson et al., 2015), among other approaches.

In recent years, IRL has been demonstrating promising results for the prediction of active
road user behavior, especially after receiving multiple expansions and variations over the

years. In its pure form, the process of IRL relies on inferring the reward (utility) function of
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an agent given its policy or observed behavior (Arora & Doshi, 2021). This approach avoids
the need to explicitly specify a reward function for an agent. Multiple solution concepts have
been proposed to retrieve the reward functions while improving the transferability,
sensitivity, and accurate inference for different types of data, including linear programming
(Ng & Russel, 2000), linear programming with feature matching (Abbeel & Ng, 2004),
Gaussian process (Levine et al., 2011), and maximum entropy (Ziebart et al., 2008). The
concept of maximum entropy is considered one of the most predominant solution methods
for IRL that alleviates nearly all of the issues associated with other solution techniques. This
approach accounts for the sub-optimal behavior of agents by mimicking observed behavior
with a near-optimal policy. Essentially, this approach builds on Abbeel & Ng (2004) to
develop a more realistic prediction in real-world conditions. The concept was further
expanded to a deep maximum entropy approach by Wulfmeier et al. (2015). Later iterations
of the IRL extended the underlying Markov Decision Process (MDP) using game theory to
develop a multi-agent model (Yu et al., 2019). This technique was implemented to allocate
the equilibrium between different agent reward functions as the deciding factor. Another
game theory study with a more relevant aim was conducted by Zimmermann et al. (2018).
The study used a driving simulator to test the effect of rewards and sanctions on cooperative
freeway driving under lane change scenarios. The introduced approach demonstrated a
promising potential in the form of social interaction control between drivers, which could
be especially useful for AVs. This concept could involve the driver in strategic decisions and
consequently facilitate better cooperation between AVs of different automation levels.
However, despite the improved accuracy in predicted behavior, one of the major drawbacks
of multi-agent modeling in IRL methods is the difficulty of interpreting the developed
reward functions. Due to the balance between different agent types, reward functions are

toned down, hiding clear patterns from view.

Researchers were able to curb IRL methods to solve modern-day transportation problems,
such as route recommendations for ride-sharing (Liu & Jiang, 2022) and electric vehicle
energy management (Lv et al., 2022). On the other hand, when it comes to active road users,
several studies used IRL methods and attempted to model the behavioral characteristics of
pedestrians and cyclists. The applications mostly mirrored the developed IRL methods
ranging from feature-matching all the way to multi-agent IRL. Starting with cyclist-
pedestrian interactions in shared spaces, three studies attempted to investigate road user
behavior using feature matching and maximum entropy (Alsaleh & Sayed, 2020), Gaussian
process (Alsaleh & Sayed, 2021b), and multi-agent IRL (Alsaleh & Sayed, 2021a). The studies

used the mean absolute error and Hausdorff distance to measure the accuracy of the
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imitated behavior and reported reasonable performance for all the methods, although the
focus of the studies was mostly geared towards the cyclists’ perspective. Other studies
focused on the safety of pedestrian-vehicle interactions and opted to use safety indicators to
validate the developed models. Nasernejad et al. (2021) used Gaussian process IRL and
reported a strong correlation between predicted and observed conflicts, as measured by the
post-encroachment time (PET). The study also described reliable prediction accuracy of 75-
77% for evasive actions taken by pedestrians. In a follow-up study, Nasernejad et al. (2022)
were able to increase the prediction accuracy of evasive actions to 81% as a result of switching
to multi-agent IRL. The major limiting factor of both pedestrian-vehicle conflict studies lies
in the data collection since the data were limited to signalized intersections without

considering midblock conflicts.

On the other end of the behavior modeling applications, numerous studies focused
primarily on the task of trajectory prediction for different types of road users. Various
methods were utilized in these studies, including deep learning and transformer models.
These methods offer robust prediction of trajectories even when considering the unique
dynamics of active road user movements, which can be particularly relevant for AV
algorithms. In fact, several studies target this exact area of trajectory prediction to improve
AV safety and their seamless integration with other road users (e.g., Kalatian & Farooq, 2022;
J. Li et al., 2023). Moreover, researchers were able to develop and apply advanced methods
that build on the deep learning concept, such as long short-term memory (LSTM) models
(Huang et al., 2021), or use parallel or sequential setups to improve performance, such as
encoder/decoder models (Hui et al., 2022). Among the most recently proposed models, Wei
et al. (2022) developed an attention-aided deep learning model for road user trajectories
with a focus on lane-changing maneuvers. The study aimed to address the challenging
prediction of motorists’ trajectories, speeds, and headings and was able to achieve high
accuracy in all measures at low computation costs. In another highway-focused study, Geng
et al. (2023) utilized a physics-informed transformer model. The study improved trajectory
prediction accuracy over predecessor models and affirmed the potential to transfer the
model without compromising performance. As methods advance and unlock new potentials
in terms of prediction accuracy and training efficiency, AVs tend to be the focus of
implementing these models. For example, Hu et al. (2023) introduced an interesting concept
that utilizes a trajectory prediction transformer model with integrated components to take
suitable action based on the behavior of surrounding road users. The resulting low-cost

model provides a suitable candidate to improve the decision-making of AVs.
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Despite the recent advances in trajectory prediction models, the presence of AVs raises
questions on how they will affect road users’ actions around them. Additionally, as collision
data from AVs started rolling to the public, investigative studies focused on analyzing the
patterns of risky situations in which self-driving technologies failed to avoid other road users
(Banerjee et al., 2018; Petrovic et al., 2020; Song et al., 2021). Notably, the reported rate of AV-
active road user collisions, according to the studies, was 0.83 per million vehicle kilometers
travelled for the period between 2015 and 2019. The collision reports also exposed the high
percentage of disengagements where the testing human driver chose to take command but
did not have sufficient time to avoid the collision. In fact, later studies demonstrate that even
the option of partially blocking driver intervention does not necessarily reduce the collision
risk, despite the high tendency of human drivers to disengage the automated system
(Karakaya & Bengler, 2021). In hindsight, the cause of risky situations can be attributed to
human errors in most cases, which emphasizes the importance of more robust
countermeasures. The problems discussed in the literature indicate the need for a better
understanding of road users’ behavior. This is especially relevant since the AVs’ built-in
algorithms actively scan nearby road users and attempt to predict their paths and intentions
to facilitate smooth passage and mitigate risks. The focus in this field is mostly geared
towards modeling the behavior of motorists in mixed traffic conditions. For instance, two
studies by X. Li et al. (2023) and Guo et al. (2023) used cellular automata models to look into
the behavior of human-driven vehicles around AVs and connected and automated vehicles
(CAVs). Numerous other studies tackled specific scenarios and interactions between

motorists and AVs, but when it comes to active road users, the studies are less frequent.

Over the years, simulation-based studies have been able to advance the realism of
interaction behavior for AV-specific applications. This is especially relevant when
considering active road users, due to the difficulty of replicating interaction dynamics in
busy scenarios with group behavior (Grigoropoulos et al., 2021). Such methods focused on
different road types, including intersections (Rampf et al., 2023) and roundabouts (Keler et
al., 2021), with promising results in terms of modeling accuracy. The continuous
development and refinement of simulation studies leads to significant benefits in the field
of AV safety, including the potential for reliable AV testing in urban scenarios. Furthermore,
due to the added flexibility, these studies were able to investigate intricate scenarios, such as
Vlakveld et al. (2020), which reported that cyclists are inclined to yield for AVs more than
human-driven vehicles at intersections. Still, one glaring gap in understanding the behavior
of road users around AVs is the lack of studies that utilize real-world data. The few
exceptions, such as Madigan et al. (2019) and Beauchamp et al. (2022), utilized data collected
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from AV shuttles that operated on preplanned routes and did not report significant impacts
on behavior, except for the aggressive overtaking by cyclists due to the low speed of the
shuttles. Recently, in two consecutive studies, Alozi & Hussein (2022, 2023) utilized extreme
value theory to predict AV-pedestrian and AV-cyclist collisions using real-world AV data. The
studies relied on observed conflicts from the perspective of the subject AV to analyze the
potential issues during interactions. Among the relevant findings of the studies, it was
reported that active road users often hesitate and change directions as a result of
inconsistent AV acceleration, especially during turning movements. Another recent study
by Kalatian & Farooq (2022) took on a task closer to the current objective, in which the
behavior of pedestrians was studies in the context of crossing interactions with AVs. The
study cited the lack of sufficient AV data at the time to analyze crossing interactions with
pedestrians as the reason for relying on virtual reality data instead of field data. The study
trained a long short-term memory network to predict the trajectories of pedestrians with
higher accuracy than previous models by combining time-series trajectory data with
contextual information from the environment. When it comes to IRL methods, AV studies
rarely utilized this approach with applications relating mostly to autonomous navigation
and route planning (Xia & El Kamel, 2016; You et al., 2019). Still, the studies reported
significant benefits from employing the IRL methods due to the high dimensionality of the

state space in navigation tasks and the stochastic nature of the expert policies.

Overall, the behavior of active road users around AVs appears to be greatly understudied in
the literature, with attention given more to motorists and freeway operations over urban
roads. Additionally, while AV data have been made available by many developers lately, these
datasets have not yet been fully exploited for the purpose of understanding the AV
implications on active road users’ behavior, nor the effect of the changed behavior on other
road users. The IRL concept provides a strong candidate to address these gaps. However,
early versions of IRL have several limitations, including the fact that agents in the MDP act
solely based on their current state without consideration of previous states, which could be
a downside during traffic interactions. Additionally, the assumption that agent reward
functions follow a linear or predefined distribution is unrealistic and highly limits the
transferability of the results. Another factor that affects the transferability is the impact on
the agents by the dynamics of the existing environment in some models. This hinders the
capability to handle non-stationary environments. On the other hand, advanced approaches
that utilize multi-agent models following Markov game theory have one major limitation
when it comes to the application at hand. The retrieved reward functions obscure minor

changes in the agents’ preferences. The literature points towards the deep maximum entropy
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method that overcomes the disadvantages of previous iterations of IRL methods while also
providing decent interpretability of the resulting reward functions. Given the significance of
understanding active road users’ behavior in AV environments, the value of using the most

fitting approach cannot be overstated.
4.4 Data

In this study, two datasets were utilized to extract interactions between AVs and active road
users. The datasets are Lyft Level-5 (Houston et al., 2020) and Argoverse 2.0 (Wilson et al.,
2021), both of which include video and annotation data collected from sensors on-board
operating AVs. The datasets cover around 1,392 hours of travel time combined, and span six
major cities in the United States, highlighted in Figure 4-1. The configuration of the
operating AVs includes a central system mounted to the roof of the vehicle and comprised
of seven cameras capturing the surroundings from every angle. In addition, light detection
and ranging (LiDAR) sensors provide supplementary information in the form of point
clouds retrieved through laser scanning. These dense 3-dimensional frames map out the
features of every moving and static object in the vicinity of the AV, with up to 200 meters of
range. Data annotations, generated using the sensor information, are also provided to
categorize the road users encountered on the road. Of the different classes recognized by
the datasets, pedestrians and cyclists are considered in this study. For both considered
datasets, recorded camera footage was only provided for a small ‘perception’ subset of
roughly five hours, due to the large file size requirements. The rest of the data is provided as

raw trajectory and annotation data logs.
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Figure 4-1. Data collection locations

The quality of the collected data was investigated in multiple steps before conducting the
analysis of this study. First, since both datasets include recorded video footage for a subset
of the scenes, these videos were manually inspected to verify the correct classification of
road users and the mapping of the road geometry. Then, as the classifications in the data
include a confidence rate, only active road users with 100% confidence were included in the
analysis, the rest were excluded. Additionally, trajectories with significant oscillation and/or
missing timeframes were systematically filtered out from the input data. To prepare the
input data for the purpose at hand, several processing steps were followed, as outlined in
Figure 4-2. Initially, the trajectories of all active road users were filtered and matched with
the corresponding trajectories of the subject AV, using the timestamps, locations, and
vehicle identification numbers. Only relevant trajectories were retained for further analysis
by imposing speed and proximity limits to eliminate bystanders and unrelated road users.
Then, the data was scanned systematically to isolate and categorize interactions between the
active road users and the subject AV. To ensure the observed behavior reflected a direct
interaction between the AV and active road user in each event, the supplementary semantic
map data were used to detect and exclude irrelevant events. This included interactions where
the pedestrians or cyclists were travelling on the sidewalk and did not step into the AV’s lane,
since the sidewalk is considered a protected space for active road users. Processing this type
of data brings its own set of challenges in terms of classification and filtering. The task of
distinguishing interactions from regular uninterrupted passage can be done using several
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parameters depending on the targeted application. In this study, three main criteria were
used to identify interactions, including measures related to the spatial and temporal
proximity between the active road users and the subject AV, as well as the interaction
duration. The resulting interaction events included five types of movement labeled as
parallel or opposing when the AV and active road user were moving in the same or opposite
directions, respectively, crossing when the AV and active road user crossed paths with a go-
degree angle, and left turning and right turning when the active road user interacted with
the AV while it was making a turn. Measures relating to the heading of the AV and the angle
difference between the AV and the active road user in each interaction were utilized in the

classification step.

Since the focus of the study is tailored towards active road users’ behavior when interacting
with AVs, it was critical to investigate the state of self-driving during the recorded trips. The
current regulations in the United States require the presence of a test driver in the AVs at all
times to take over when necessary (California DMV, 2022; NHTSA, 2021). In order to
differentiate between interaction instances that occurred while the AV was operating in
manual mode or autonomous mode, the disengagement reports released by the Department
of Motor Vehicles in California were obtained (California DMV, 2023). These reports include
all disengagements of every self-driving vehicle or vehicle equipped with advanced driving
systems in the state. During the period when the data in this study was collected, between
2019 and 2020, Lyft and Argo Al were among the licensed developers holding active AV
permits and submitted full disengagement reports. Only recently, in 2022, did the released
disengagement records start including exact timestamps of each event. Despite the data
including fewer parameters to describe each disengagement incident prior to 2022, the
included details were still sufficient for the purpose of this study. The records were cross-
referenced with the interactions data using the date, since no timestamps are reported in
the data collection period, and vehicle identification number (VIN) in order to exclude any
interactions that potentially occurred in manual mode. A total of 1.4% of the total
interactions matched disengagement events and were removed. It is worth mentioning that
since the disengagement reports are only available in California, it was not possible to filter
out events where the human driver took control during the interaction in the other states.
However, the majority of the analyzed data (1,100 hours of the 1,392 hours analyzed, or
roughly 80% of the data) were collected in California. If the remaining data is assumed to
have the same percentage of disengagements (1.4%) we would end up with less than 0.3% of

the interactions potentially happening under non-autonomous driving mode. Accordingly,
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it is safe to assume that the interactions investigated in this study all occurred while the AVs

were operating in autonomous mode.
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Figure 4-2. Data filtering and processing steps

Overall, the extracted interactions were reasonably distributed between the different
movement types, allowing for a reliable investigation of behavioral differences. In total, the
number of interactions reached 7,514 and 1,246 for pedestrians and cyclists, respectively. For
IRL processing, each observed interaction is recorded over a period between 5 and 20
seconds, with a data resolution of 10 timesteps per second. During the interaction, every
timestep constitutes a datapoint, which includes a variety of information (position, speed,
and heading) of the subject AV and the active road users involved in the interaction, leading
to significant computing power requirements. Still, the tradeoff between handling the
number of data points, which exceeded half a million, and maintaining reliable prediction
accuracy was carefully achieved by optimizing the considered states, as will be elaborated
on in Section 4.5. Additional parameters were calculated using the data points, including
the accelerations of the active road users and the subject AVs. Both the speed and
acceleration profiles were smoothed using the single exponential method for reliable

implementation in the subsequent modeling steps (Echaveguren et al., 2013).

In this study, the state space included the lateral and longitudinal distances calculated based
on the heading of the active road users, the speed of the active road user and the AV, as well
as the AV acceleration and relative heading (or angle difference). Figure 4-3 illustrates how

the parameters were measured in a 2D plane as well as the adopted positive and negative
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directions for the included distances. These directions are essential in distinguishing the
time of action taken by the agent, depending on whether it occurred before or after the
interaction. In parallel interactions, the negative longitudinal distance indicates that the AV
is still approaching from behind the pedestrian or cyclist, while the opposite (positive
longitudinal distance) indicates an approaching AV in opposing interactions. The lateral
distance also gives a clue on which side of the road the agent is travelling relative to the AV.
The absolute distance was used for crossing and turning interactions to provide the spatial
proximity more broadly. As for the actions taken by the active road users in each timestep,
the acceleration and yaw rate were utilized to capture any changes in speed and/or heading

during the interactions.
\\\(3,_; Relative

‘.\f heading

AV speed &
acceleration

!
Agent speed & |
acceleration

Figure 4-3. Illustration of the measured states of the active road users

For validation purposes, indicators related to safety, i.e., the PET, and evasive actions,
including acceleration and yaw rate were also calculated for all the observed interactions.
The PET was included to measure the temporal proximity and provide a conflict severity
level. By definition, many interactions do not have a measurable PET, due to the lack of a
crossing point. Still, PET is especially relevant in crossing and turning interactions. In the
analysis, only interactions where the active road user crossed before the subject AV and the
PET was < 5 seconds were included. On the other hand, to quantify the evasive actions taken
by active road users during an interaction, the acceleration (the rate of change of the speed)
and yaw rate (the rate of change of the heading angle) were calculated. By checking if the
active road user opted to change their speed, heading, or both, we can get a glimpse into
their perceived level of safety and the overall risk of the interaction (Tageldin et al., 2017).
The evasive actions were measured during the 3 seconds before/after the interaction point,
which was set as the time the two road users pass each other during parallel and opposing

interactions. The total set of interactions was randomly divided into training and validation
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subsets with a 70:30 split. The training subset was used to train the IRL algorithm before
checking the performance accuracy in terms of predicted agent behavior using the
validation subset. Overall, 10-fold cross-validation was conducted before calculating the
average measures of effectiveness and developing the confusion matrices to relate the

observed and predicted interaction parameters.
4.5 Methods

In order to undertake a thorough behavioral assessment of AV-active road user interactions,
this study utilized a deep maximum entropy (DME-IRL) approach. The method combines
prediction accuracy and realistic assumptions, leading to a more accurate representation of
behavior compared to previously adopted IRL solutions. The methodology framework is
demonstrated in Figure 4-4. First, the problem was formulated from the perspective of active
road users as an MDP “Markov decision process”. Then, the problem was solved separately
for pedestrians and cyclists in order to describe their behavior under multiple conflict types
with AVs. The relevant states were used to describe the preference of active road users in
different scenarios. Finally, the retrieved reward functions were incorporated to simulate
active road user actions and validate the accuracy of the resulting predictions in terms of
safety. This section also dives into the behavior parameters selected to represent the problem

and the detailed calibration and validation steps followed to produce reliable output.
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At the core of this study, the DME-IRL algorithm presents a robust framework for eliciting
the nuanced reward functions governing pedestrians' and cyclists' behavior in their
interactions with AVs. In theory, when a pedestrian/cyclist interacts with an AV, they may
take an evasive action, if needed, to maximize a specific utility (reward). During these
interactions, the inverse learning logic is used to obtain the reward function that explains a
specific action taken by the active road user so that we can develop a solid understanding of
the observed behavior. This is achieved by leveraging the capabilities of neural network
architectures, whereby DME-IRL enables the construction of intricate mappings between
various contextual cues, such as positions, speeds, and intentions of agents, with the
associated rewards. The integration of entropy maximization within the algorithm serves to
capture the inherent uncertainty and diversity in human behavior, fostering the generation
of more comprehensive reward models. The iterative process progressively aligns the
simulated behaviors with observed interactions, while optimizing the inferred reward

functions in the process.

As with most IRL applications, the traffic conflict problem can be simplified by a continuous
MDP, which provides a reliable path to link the environment with the actions taken by the
agents. Essentially, the MDP allows the simulated agents to gain information on their
current state and interact with their environment to maximize their benefit, otherwise
referred to as ‘reward’. At any time during the simulation, the agent occupies a state and can
take action to change their state in the next timestep or stay in the current state. Every
possible state in the environment is associated with a certain reward level known by the
agents. Formally, the elements of an MDP are summed up in the structure of
(S, A4, {inS,}, R,v), where S and A are sets of states and actions, respectively, {:Pgs/} is a set of
transition probabilities between each pair of states given a certain action, R is the reward
function, and y € [0,1) is the discount factor applied to the reward with each step into the
future. In this study, the discount factor was set to y = 0.925 following the recommendations
of previous studies with similar applications on active road user behavior (Alsaleh & Sayed,
2020; Mohammed et al., 2021; Nasernejad et al., 2022), which assumed a reduced effect of
10% of the reward after 3 seconds from the current state, equivalent to 30 timesteps in the
collected data. The ‘inverse’ portion of the IRL term entails the need for expert agents that
the algorithm can observe and try to mimic. In an MDP, this would be a set of state and

action pairs that can describe an agent’s trajectory { of length t.

¢ ={(s1,a1),(52,az), ..., (St,a.)} (4-1)
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The expert demonstrations supplied to the IRL algorithm in this study came from the
observed trajectory data of active road users during interactions with AVs. The behavior of
these ‘expert’ agents compensates for the true policy, which could be arbitrarily complex or
simply unknown. The traditional IRL algorithm aims to match the observed trajectory by
generating an optimal policy 7* for the recovered reward function. The optimal policy then
determines the agent’s preferred action at any given state. The principle of maximum
entropy, introduced as a solution to IRL by Ziebart et al. (2008), expands on this concept by
restating the problem probabilistically to consider a distribution of all possible paths that
match the observed demonstrations. The subsequent probability of choosing a path with a
higher overall reward is then set to be exponentially more likely to occur, as in Equation 4-2.

z

P({) = (4-2)

where Z is the normalization factor. The normalization is critical to ensure the sum of
probabilities for all possible trajectories adds up to one. This is achieved by estimating a
partition function based on the distribution of the most common trajectories for each
conflict type. The inherent uncertainty and potential noise in the data are also addressed by
the maximum entropy approach since it considers expert demonstrations to be near-
optimal. In a sense, this approach eliminates paths that may closely match the feature
expectations but are constrained by other factors not covered by the state space. The
aforementioned considerations embedded in the maximum entropy IRL improve the
robustness of the algorithm and produce more clearly defined reward functions. Following
Equation 4-2 and assuming a minor long-term effect of the stochasticity in the MDP, the
probability of observing a trajectory can be approximated using Equation 4-3. In plain terms,
the resulting policy ensures that the selected action has a probability proportional to the

sum of all probabilities of taking paths beginning with that action, as in Equation 4-4.

)
P(() ~ TH(St,at),(st+1,at+1)€§ P('St‘l'llat' St) (4_3)
P(a) x Y¢.qeq, P(4) (4-4)

where 6 is the vector of reward weights and ¢ is the vector of states. The objective function
adopted by the expert in this algorithm maximizes the difference between the expectation
of the reward under the policy and the entropy of that policy. As such, to construct the
reward function, the parameter weights under the optimal policy 6" are calculated as a
solution to the optimization problem formulated in Equation 4-5, using the log-likelihood

of observing the paths under the provided distribution.
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6" = argmax Y, logP({16) (4-5)

where N is the number of observed trajectories. Typically, the last step in this algorithm
would be to linearly map out the state feature ¢ to the reward function R in the following

form:
R=a"p, (4-6)

However, the deep learning extension, derived by Wulfmeier et al. (2015), demonstrates an
alternative to calculating the reward function. Since it may be difficult to accurately
approximate the reward function as a linear combination of the state features, the reward
function can be estimated as non-linearly transformed linear combinations. This can be
achieved by applying the logistic function and extending it to form a deep neural network,
as shown in Equation 4-7, which can find suitable values for the parameters Wy, ..., W,.
on =Wy ¢n_1)

5 (4-7)

o1 =0(W;- @)
One of the key considerations in IRL is the lack of historic data for the decision-making
process. In each timestep, the agent acts solely based on their current state, regardless of
previous states. For interactions with motorized vehicles, it could be beneficial for the agent
to base their action on current and preceding states, which can be achieved using a moving
average. Still, the question remains of what optimal range of timesteps would be most
suitable for this application. As such, the sensitivity of the action prediction accuracy was
tested under conditions ranging from zero to 30 previous timesteps (equivalent to 3
seconds). The sensitivity analysis revealed that for the interaction behavior of active road
users, the prediction accuracy peaked when the user acted based on the moving average of
the last six timesteps in addition to the current state. Therefore, this approach was set for
the remaining analysis to improve the model performance. As for the validation of the IRL
algorithm’s performance, the recovered reward functions were utilized to simulate the
trajectories of the active road users from the validation subset. To quantify the accuracy of
the produced trajectories, the PET indicator was compared for the crossing and turning
conflicts. Since many of the interactions did not have a measurable PET, such as the parallel
and opposing interactions, further validation was conducted using the evasive actions taken

by the active road users, including the changes in acceleration or yaw.
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4.6 Results

In this study, the reward functions were developed for each of the five types of interactions
involving cyclists or pedestrians. To demonstrate the reward functions, the relationships
between each pair of relevant states were plotted while keeping the remaining states at mean
value. Interpreting the recovered reward functions provides insight into the preferences of
the active road users in terms of the range of states they seek at different stages of the
interaction. The following sections dive deeper into the separate reward functions for
pedestrians and cyclists for each considered interaction type, as well as the validation results

of the simulated interaction trajectories.
4.6.1 Parallel/Opposing Interactions

Among all the different types of observed interactions, parallel and opposing interactions
were the most frequent. While in most cases these two types are not considered conflicts,
they provide valuable insight into the behavior of active road users around AVs, since there
is no direct cause, for the most part, to yield or accelerate to clear the conflict area. The most
relevant parameter in these interactions is the lateral distance, from which we can infer the
level of perceived safety. The reward functions of the parallel interactions were plotted in
Figure 4-5. For pedestrians, the lateral distance is mostly skewed to the negative side (the
highlighted red circle), since most parallel interactions occurred when the AV was driving
by the pedestrians on the right-hand side of the road. It is clear, however, that most of this
concentration happened before interaction when the AV was behind the pedestrian
(negative longitudinal distance). After the AV passed, the lateral distance was dispersed,
indicating more flexibility for the pedestrians to move freely, and in some cases cross behind
the AV. A similar trend is observed in cyclist interactions with AVs (Figure 4-5.d) with lateral
distances between -4 and -6 meters (the highlighted red rectangle), despite a considerable
concentration between -2 and o after the interaction (the highlighted red circle). This
indicates that in most of these interactions, the cyclists move to the side of the road for
incoming AVs, and then follow them back into the right side of the lane. Overall, the average
lateral distance before and after the interaction is 5.3 and 4.4 meters for cyclists and
pedestrians, respectively, as highlighted by the red labels. For both pedestrians and cyclists,
the agent’s speed relative to the AV speed in Figure 4-5.b and Figure 4-5.e follows an inverse
relationship. Upon closer inspection, we can infer the preferred speeds that these users
spend the most time choosing. The AVs appear to mostly settle around low speeds when
passing by active road users, while active road users choose moderate speeds. In Figure 4-5.e,

however, a high reward area is observed at high AV speed (>10 m/s) and moderate to high
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cyclist speed (4-6 m/s), highlighted by the red circle and rectangle, respectively. This
phenomenon reflects the interactions where the cyclists were not pressured to lower their
speeds either because of no perceived risk or because the cyclists did not have sufficient time
to react to the AV coming from behind. The heading of the pedestrians in Figure 4-5.c
appears more streamlined when the AV is accelerating, while some swerving is observed
when the AV is decelerating. On the other hand, in Figure 4-5.f, cyclists show a clearer

pattern of low variability in heading angles, since cyclists are relatively more likely to move
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Figure 4-5. Reward functions of parallel interactions for pedestrians (a-c) and cyclists (d-f)

In terms of opposing interactions, the reward functions were plotted in Figure 4-6. Overall,
both pedestrians and cyclists appear to follow a clear pattern, as inferred from the
highlighted red circles in Figure 4-6.a and Figure 4-6.d. The pattern involves leaving a larger
lateral distance ahead of the conflict, i.e., when the longitudinal distance is positive, which
is a logical response when the AV is moving towards them head-on. Still, cyclists
demonstrated less concentration in these areas with a wider range of accepted lateral
distances, indicating more aggressive behavior. In Figure 4-6.b and Figure 4-6.e, the inverse
relationship between the AV speed and the active road user speeds is apparent for both

pedestrians and cyclists. However, the speeds of the AVs are significantly lower in opposing

38



PhD Dissertation - A. Alozi McMaster University - Civil Engineering

interactions compared to parallel interactions, which reflects the cautious behavior of the
AV when active road users are moving towards its path. Interestingly, in Figure 4-6.c, the AVs
only accelerate when the pedestrians are heading slightly away, indicating a change of
direction from the head-on conflict. In other instances when the relative heading between
the AV and any active road users approaches 180, the AV tends to decelerate or maintain a
constant speed. It is important to note that in both parallel and opposing interactions, AVs
were shown to change lanes to steer away from potential conflicts with active road users.
This could in turn affect the lateral distance in these interactions. Also, unlike pedestrians,
cyclists often use the road freely when no bike lanes are provided. This explains the presence

of cyclists on both sides of the AV and on some rare occasions, cyclists were observed
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Figure 4-6. Reward functions of opposing interactions for pedestrians (a-c) and cyclists (d-f)

To explore the intrinsic preferences and behavior of active road users during parallel and
opposing interactions with AVs, the lateral distance is further investigated in relation to the
conflict point. The conflict point during these interactions can be set when the AV and active
road user pass by each other. In Figure 4-7, the average lateral distances are reported before,
during, and after the conflict point for pedestrians and cyclists. One key observation is that

there is, on average, a significant change in the lateral distance in all interactions as a result
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of the AV passing by the active road users or vice versa. In addition, after the AV-pedestrian
interactions, the lateral distance is reduced but does not return to its previous state. A similar
long-lasting effect occurs in AV-cyclist opposing interactions with even higher lateral
distances, while parallel AV-cyclist interactions record a return to normal state beyond the
conflict point. These observations match the expected behavior around any type of vehicle
regardless of its automation levels. However, the significant change during the conflict could
reflect more cautious behavior than usual. Also, the unique behavior of cyclists could be
explained by more overtaking parallel interactions of slow-moving AVs and the increased
freedom of lateral movement for cyclists within bike lanes and general-purpose lanes.
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Figure 4-7. Average lateral distance preferences of active road users before, during, and after the conflict point

In the preprocessing stages of the interactions data, it was observed that in many
interactions, particularly when the AV was passing by cyclists in bike lanes, the subject AV
would move to the side of the lane to give additional lateral distance to the cyclist. This
behavior affected the reported behavior and preferences of the active road users. As such,
interactions where the AV performed an evasive action, and the active road user did not were
excluded from the analysis. The lateral distance in the parallel/opposing interactions
seemed to be also influenced by the AV speed. This relation was explored in Figure 4-8, in
which the average lateral distance was calculated at each level of AV speed during the
interaction. For pedestrians, the lateral distance seems to be directly proportional to the AV
speed. More specifically, in parallel interactions, the lateral distance preferences of
pedestrians start from 2 meters on average, while opposing interactions have a higher
minimum of 3.2 meters. This observation indicates that pedestrians are generally more
cautious in opposing interactions, matching the reward functions in Figure 4-5 and Figure
4-6. However, at higher AV speeds, the lateral distance ranges mostly between 4.5 and 6.5

meters for both parallel and opposing interactions. Cyclists, on the other hand, exhibited
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different behavior in relation to the AV speed. In parallel interactions, the relationship was
linear and directly proportional, peaking at an AV speed of 9 m/s (~32 km/h). At higher AV
speeds, however, the accepted lateral distances went down significantly, indicating that the
cyclists did not have time to react or felt the AV would pass safely without a need for evasive
action. During opposing interactions, AV-cyclist interactions did not show a clear pattern of

average lateral distance, with values ranging between 3 and 7 meters.
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Figure 4-8. Relationship between AV speed and the average lateral distance preferred by active road users
4.6.2 Crossing Interactions

Crossing interactions were the most commonly discussed type in the literature, which sets
a baseline to compare any changes in the behavior of active road users in the presence of
AVs. The reward functions, shown in Figure 4-9, demonstrate relatively clear patterns. In
terms of speeds, Figure 4-9.a and Figure 4-9.c show similar relationships of the AV speed
with both cyclists and pedestrians. This observation coincides with the behavior dynamic
between active road users and human-driven vehicles. In general, previous studies reported
a similar inverse relationship between the speeds of active road users and motorists, even
resulting in a reduced crossing rate with any increase in vehicle speed and/or volume
(Tzouras et al., 2023). The red circles in Figure 4-9.a and Figure 4-9.c highlight an increased
concentration at low AV speeds (=3 m/s), which indicates repeated stops. This effect likely
reflects the AV’s tendency to yield to active road users at intersections and midblock

crossings, where the majority of interactions occurred. Still, since the PET indicator was
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capped at 5 seconds, the effect of longer stops caused by traffic signals was mostly avoided.
Among the crossing pedestrians in Figure 4-9.a, this stopping effect is dampened by the
increased frequency of jaywalking instances due to the type of roads, which are mostly minor
urban streets. The rare high-speed instances among AV-pedestrian interactions could pose
a problem to the passengers of the subject AV and pedestrians alike since the perceived risk
is elevated (Stange et al., 2022). This might indicate the need for smoother speed profiles
that mimic human drivers in crossing interactions. While the AVs tend to accelerate only
when far away from the active road users (larger absolute distance in Figure 4-9.b and Figure
4-9.d), this acceleration happens after the active road users safely cross. Moreover, the
majority of the interactions saw significant deceleration in close proximity to the active road

users, indicating the AVs’ tendency to yield late.
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Figure 4-9. Reward functions of crossing interactions for pedestrians (a-b) and cyclists (c-d)

Since the IRL algorithm provided clear patterns of behavior for pedestrians and cyclists
during crossing interactions, it was possible to dive deeper and extract further parameters
that can help explain the preferences of active road users. Specifically, the average gap
acceptance was chosen to describe the changed behavior as a result of the different AV
speeds, which was calculated as the time difference between the AV and active road user at

the conflict point. Figure 4-10 demonstrates a direct relationship, where the average gap
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acceptance increased with the rise of AV speeds for both pedestrians and cyclists. Similar
tendencies have been reported in earlier studies that considered vehicle-pedestrian crossing
conflicts (Nasernejad etal., 2022). Still, cyclists accepted on average lower gap times reaching
2 seconds, while the minimum gap acceptance for pedestrians was roughly 2.9 seconds

during crossing interactions.
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Figure 4-10. Average gap acceptance for active road users during crossing interactions
4.6.3 Turning Interactions

The interactions between turning AVs and active road users are especially critical, due to the
difficulty of detecting active road users before initiating a turn. The reward functions of the
left-turning interactions are plotted in Figure 4-11. The speeds in Figure 4-11.a and Figure
4-11.c follow more or less the same trend for the interactions with cyclists and pedestrians,
with relatively moderate to high AV speeds all around, and a clear reduction when the active
road users speed up. However, an increased number of interactions had low active road user
speeds (<2 m/s), which could reflect the waiting time before the pedestrian or cyclist feels
safe to cross. In Figure 4-11.d, the cyclist interactions seem to experience significant AV
acceleration, especially when the absolute distance is large. This pattern reflects the
tendency of cyclists to clear the conflict area quickly due to their increased speeds and allow
the AV to keep going without much deceleration. This is not the case when interacting with
pedestrians (Figure 4-11.b), who take their time when crossing. The observed pedestrian
behavior does not deviate greatly from the conflicts around regular vehicles. Previous studies
demonstrated a greater sense of security for pedestrians, especially when pedestrian

volumes are higher, as is the case in busy urban areas (He et al., 2019).
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Figure 4-11. Reward functions of left-turning interactions for pedestrians (a-b) and cyclists (c-d)

Finally, in terms of the right-turn interactions, the reward functions were plotted in Figure
4-12. The AVs are forced to use low speeds naturally due to the sharp curves, although a small
portion of the interactions saw the AVs maintaining moderate speeds when encountering
cyclists, as highlighted by the red circle in Figure 4-12.c. This mainly reflects the speed of the
AVs after completing the turn, since in many of these interactions the road was empty ahead.
Still, this observation is critical, since right-turning vehicle-cyclist conflicts are traditionally
risky due to the limited visibility (Schindler & Bianchi Piccinini, 2021). AVs seem to overcome
this issue and facilitate safer interactions. With pedestrians, on the other hand, many
interactions saw the AV stopping multiple times due to the heavy pedestrian volumes (Figure
4-12.a). One critical observation comes in the acceleration-distance relationship with
pedestrians in Figure 4-12.b. The red circle highlights an increased reward at around 2 meters
of absolute distance, which indicates a sharp deceleration close to the pedestrians, a
behavior that can be considered aggressive and confusing, as was previously discussed by
Alozi & Hussein (2023). In all turning interactions (left and right turning), the effect of
yielding can be observed in terms of the longer stops relative to the interaction length. In
right turns, pedestrians appear to take priority (Figure 4-12), while the opposite occurs in

left-turning interactions (Figure 4-11), with cyclists and pedestrians reducing their speeds
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before passing through. This is potentially caused by the increased level of risk from an AV

approaching from the other side of the road.
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Figure 4-12. Reward functions of right-turning interactions for pedestrians (a-b) and cyclists (c-d)

Similar to crossing interactions, the average gap acceptance was plotted for turning
interactions in Figure 4-13. Overall, the gap acceptance was directly proportional to the
increase in AV speed for left- and right-turning interactions with pedestrians and cyclists. A
closer look indicates that gap times were slightly higher in left-turning interactions, which
is logical, since the AV would be coming from the other side of the road, leading active road

users to be more cautious.
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Figure 4-13. Average gap acceptance for active road users during turning interactions
4.6.4 Validation Results

For the purpose of validating the prediction accuracy of active road user behavior during
interactions with AVs, the validation subset was used to simulate the trajectories and retrieve
the PET and evasive actions. This was achieved by providing the states from the expert
demonstrations (active road user trajectories) and simulating the action taken by the
pedestrians or cyclists depending on the recovered optimal policies that satisfy the reward
functions of each interaction type, as in the framework illustrated in Figure 4-4. First, the
PET indicator was used to validate all the turning and crossing interactions, which totaled
1,086 and 151 interactions with pedestrians and cyclists, respectively. The probability plots in
Figure 4-14 demonstrate a reliable prediction accuracy when comparing the observed and
predicted PET values. The reported mean absolute error was 0.45s (~17%) for AV-pedestrian
interactions and 0.33s (~12%) for AV-cyclist interactions. Still, since the PET was not relevant
to all considered interactions, specifically those that did not have a conflict point, the evasive
actions were used to demonstrate more accurately the performance of the IRL algorithm in
parallel and opposing interactions. To describe the type of action, or lack thereof, taken by
the active road user, interactions were categorized into having changes in acceleration, yaw,
or both, while interactions with no significant change in either action were included as a
baseline. The summary confusion matrices, reported in Table 4-1, demonstrate a reliable

performance, with actions correctly predicted in 83.7 and 81.7% of the total validation
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interactions for pedestrians and cyclists, respectively. The table also shows the higher
tendency for pedestrians to swerve or use a mixture of swerving and acceleration to avoid
conflicts. This behavior coincides with previous studies that saw pedestrians resorting to
changes in direction, while cyclists preferred maintaining stable headings and changing
their speeds instead (Alsaleh & Sayed, 2021a; N. Guo et al., 2020).

Pedestrians Cyclists
5 ) . : 5
MAE = 0.45s o °° NP, 42y MAE = 0.33s L] o

RMSE = 0.69s RMSE = 0.48s % oo |

Predicted PET (s)
Predicted PET (s)

Observed PET (s) Observed PET (s)

Figure 4-14. PET probability plots for crossing and turning interactions

Table 4-1. Confusion matrices for active road user evasive actions taken during parallel and opposing interactions

Predicted
Pedestrians Cyclists
Observed Acceleration Yaw Both No change Acceleration Yaw Both No change
Acceleration 273 5 30 22 79 1 o 2
(23.4%] [0.4%]  [2.6%] [1.9%] (353%] [0.4%]  [0%] [0.9%]
Yaw 5 294 23 6 4 34 5 4
[0.4%] [25.2%] [2%)] [0.5%] [1.8%] [15.2%] [2.2%] [1.8%]
Both 29 24 282 2 2 10 53 o]
[2.5%] [21%]  [24a%] [0.2%)] [0.9%] [4.5%] [23.7%] [0%]
No change 24 16 5 128 10 1 2 17
[2.1%)] [1.4%] [0.4%] [u%] [4.5%] [0.4%] [0.9%] [7.6%]

Note: values between brackets correspond to the percentages from the total interactions for each road user type

To further demonstrate the prediction accuracy of the IRL algorithm in replicating agent
actions, sample interactions were plotted in Figure 4-15. The plots include the actual and
generated actions over time and the corresponding trajectories and speed profiles. The
interacting AVs’ trajectories were also added to highlight the interaction type. Specifically,
the interaction types in the samples are (a) parallel AV-pedestrian, (b) opposing AV-
pedestrian, (c) crossing AV-cyclist, and (d) parallel AV-cyclist. It is evident from the selected

samples that the model is able to produce reliable and accurate actions for both pedestrians
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and cyclists. Since this prediction is not produced by a fully developed model that
incorporates all factors, the predicted trajectories of the agents are not expected to be
identical to the actual trajectories. In Figure 4-15.a and Figure 4-15.c, the actual paths chosen
by the pedestrian and cyclist during the interactions with AVs were not fully captured by the
predicted actions. Still, the speed profiles closely mimic the actual behavior of the active
road users. The observed inaccuracies are mainly due to the narrow scope that the IRL
algorithm in this application adopts, which is to consider the interaction behavior of the
agent as it is affected by the presence of an AV. Other road users and road characteristics will

have an effect that requires a well-rounded behavior model to understand and predict.
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Figure 4-15. Sample interactions demonstrating the prediction accuracy of agent actions in terms of acceleration and yaw
rate as well as the resulting trajectories and speed profiles, including (a-b) pedestrians and (c-d) cyclists.

4.7 Conclusion

This study proposed a DME-IRL approach for the assessment of active road user behavior
around AVs and the recovery of their detailed reward functions. Specifics of the applied
methodology followed multiple early studies that paved the way for utilizing IRL logic to
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study interaction behavior from a safety perspective. As such, this study emphasizes the
usefulness of implementing deep investigative approaches to draw a linkage between
observed behavior and potential causes leading up to this behavior. Such approaches
facilitate the extraction of latent intentions, risk perceptions, and decision-making

strategies.

The behavior of active road users around AVs was studied in five different types of
interactions, including parallel, opposing, crossing, left turning, and right turning
interactions. The retrieved reward functions indicate cautious AV behavior allowing the
active road users to move freely during potential interactions. However, it is evident that
cyclists exert more aggressive behavior, especially in opposing and crossing interactions. AV
behavior, while safe, is not always predictable for active road users. As such, inconsistent
acceleration when approaching active road users may in some cases lead to sudden actions
and potential risk to other road users. Overall, thorough validation asserted the robustness
of the IRL approach in replicating field behavior with high accuracy. From a safety point of
view, this was confirmed by comparing the predicted PET values with the observed
interactions. In addition, the evasive actions of the active road users in terms of changes in

speed and/or heading were investigated and found to closely mimic observed behavior.

Despite these findings, the study still faced several limitations in terms of the considered
parameters and overall scope. The safety indicator used to quantify crossing and turning
interactions was the PET, which has its advantages but does not fully encompass all aspects
of the interactions that other indicators might cover. Moreover, when it comes to evasive
actions, the authors considered the acceleration and yaw rate to capture any changes in
speed or heading. However, other parameters might be capable of finding more subtle
changes in behavior, especially if combined with exposure metrics like speed. In addition,
this study attempted to categorize interactions that are relevant to active road users based
on trajectory criteria. This introduces a slight misclassification rate to the observed
interactions, as well as potentially ignored interaction categories that might affect other road
users. This is why the findings were discussed with the potential impact on the surroundings

in mind, in order to address the overall indirect risks in busy urban roads.

Several opportunities to build on this work exist and could be explored in future studies to
thoroughly cover the safety of active road users. Most prominently, a well-rounded modeling
effort is required to predict user behavior and account for most possible scenarios. The
presented method in this study did not have the goal of developing a behavior model, but

instead to study the underlying causal relationships that led to risky interactions. As such,
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the IRL algorithm uses a few parameters and a simplified environment to represent the
interactions. Future work could incorporate a wider range of parameters, including a more
comprehensive investigation of road geometry and traffic control impacts on the behavior
of active road users. Moreover, in addition to the obvious inclusion of other road users, such
as motorists and motorcyclists, it would be interesting if researchers tackled other aspects
of the traffic spectrum, aspects that incorporate mobility and accessibility impacts for
instance. Finally, since this study delved deep into the patterns of the recovered reward
functions from the perspective of active road users, a finding that would be comparatively
less achievable in other methods, certain extensions such as multi-agent IRL can now add
value to the findings. By considering an equilibrium solution, this approach would involve
the behavior of the subject AVs and predict more accurately the outcome of the interaction.
This synergy promises to refine the efficacy and safety of AVs, fostering collaborative

advancements across multidisciplinary research fronts.
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5.1 Abstract

As autonomous vehicles (AVs) advance from theory into practice, their safety and
operational impacts are being more closely studied. This study aims to contribute to the
ever-evolving algorithms used by AVs during travel in busy urban districts, as well as explore
the potential utilization of AV sensor data to identify safety hazards to surrounding road
users in real time. Accordingly, the study incorporates AV data collected from multiple cities
in the United States to detect and categorize traffic conflicts that involve the source AVs, as
well as conflicts that involve other surrounding road users. Then, a machine learning conflict
prediction model is trained with Isolation Forest - Convolutional Neural Network - Long
Short-Term Memory (IF-CNN-LSTM) layers. The model receives data in real time in the form
of road user trajectories and headings to make an informed prediction of the potential
frequency and severity of conflicts three seconds into the future. In addition, the
transferability of the trained model to new data and locations is explored to understand the
potential compromise in accuracy compared to the effort and cost of retraining. The results
show that the proposed model is capable of predicting the possibility of conflict occurrence
and conflict severity with high accuracy (sensitivity = 83.5% and fallout = 1%). The reported
sensitivity of AV conflict prediction ranged between 89% to 95%, depending on conflict type,
which outperforms most of the existing conflict prediction models. The model is also
capable of predicting hazardous conflicts of surrounding road users in real time, with
sensitivity values ranging between 82% and 87%, affirming the promising capabilities of
onboard vehicle sensors in undertaking real-time safety applications. The model also retains
good performance when transferred to different data, with the potential to retain nearly 97%

of the source model’s performance if sufficient tuning data exists.
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5.2 Introduction

In a future where autonomous vehicles (AVs) rise as a mainstream mode of travel, road users
will need to rely on the advanced systems of these vehicles to facilitate better navigation.
That includes both the passengers of the AVs as well as human motorists and active road
users that will share the same streets. In fact, capitalizing on the near-instantaneous reaction
times and prediction power of AVs has been the cornerstone for many operation and safety
goals sought from such technology. Over the past decade, numerous studies attempted to
quantify the mobility and safety benefits of AVs through computer simulations, closed-road
experiments, and eventually, open-road geo-fenced operation of AVs in mixed traffic. In
certain areas in the US, regulations allowed the operation of level-4 highly automated
vehicles with an empty driver seat. As such, even with low penetration rates, the true
performance of AVs and their impacts on other road users are slowly starting to materialize
in the real world, allowing researchers and developers to study and improve self-driving

algorithms.

These advancements come at a time when the viability of AVs as a dependable mode of
transport is rightfully questioned. The doubts expressed by road users span many key areas
including the negotiation in interaction situations at intersections and midblock crossings.
It is essential in these scenarios to minimize disruptions caused by the lack of
communication and maximize the gains possible only with an automated driving system
(e.g., detection in low visibility conditions). Around the year 2020, AV manufacturers started
releasing public data collected mainly for the purpose of improving trajectory prediction for
AVs (e.g., Ettinger et al., 2021; Geyer et al., 2020; Houston et al., 2020; Pitropov et al., 2021;
Wilson et al., 2021). The datasets encompassed video, radar, and laser detection sensor
information from operating AV fleets (Wang et al., 2023). The level of detail and high
detection accuracy in these data sources allowed researchers to dissect several critical
scenarios characterized by the trajectories of the subject AV and surrounding road users.
Interestingly, recent findings suggest that AVs do not always perform optimally when
interacting with other road users, with collision estimates involving AVs reaching non-trivial
levels to say the least (Alozi & Hussein, 2022). Despite the situational awareness of AVs, they
still struggle to replicate or exceed the dynamics of human interaction and communication
behavior. In a study by Alozi & Hussein (2023) that analyzed AV-active road user
interactions, critical issues were observed such as inconsistent AV speeds, misinterpretation
of active road user intentions, and long stops when yielding before a right turn. In a prior

study, S. Zhu & Meng (2022) reported that intersections were hot spots for severe AV
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collisions due to the increased complexity, with a significant variation in collision severity
between AVs developed by different manufacturers, which could be impacted by the
different collision avoidance systems and intention interpretation algorithms. The observed
issues in previous studies point towards improvement potentials that can still be realized
through better interpretation of intended road user actions and accurate prediction of

conflict situations.

In addition, the rich data collected by AVs pave the way to not only assist in the AV decision-
making process and collision avoidance, but also to support safer roads by detecting and
assessing conflicts of other road users in real time and broadcasting the information to other
vehicles and infrastructure. A similar concept has been applied before on operating transit
buses with equipped sensors to conduct real-time traffic counts (Redmill et al., 2023). Similar
methods were also tailored towards safety-centered traffic control using AV sensors, showing
significant potential in mixed traffic conditions (Yu et al., 2023). Moreover, researchers have
entertained the idea of capitalizing on vehicle communication to enhance incident
management (Yue et al., 2023) and signal timing (T. Li et al., 2022), among other aspects. As
such, utilizing AV data to predict potential conflicts between surrounding road users in real
time can yield significant safety benefits and expand the applicability of existing real-time

safety studies.

In the safety literature, predicting conflicts and collisions between road users in real time
has relied on variations of machine learning models, such as deep neural networks (Formosa
et al., 2020; Karakaya et al., 2023), recurrent neural networks (Islam & Abdel-Aty, 2023; H. Li
etal., 2023; Yao et al., 2023), and support vector regression (X. Li et al., 2008; Mohammadian
et al., 2021). These models often boast stronger prediction accuracy compared to traditional
statistical approaches. Multiple variations of recurrent neural networks have been
developed including long short-term memory (LSTM) and gated recurrent unit (GRU)
models. Despite their higher complexity, the LSTM models are by far the most prominent,
mainly because they mitigate the vanishing gradient problem by capturing long-term
dependencies (Zarzycki & Eawrynczuk, 2022). Additionally, LSTM models utilize an explicit
memory cell that can be used to maintain information about past observations and
selectively forget or retain parts of this artificial memory. Another key advantage of LSTM
models is the potential for transfer learning after pre-training on a large bank of source data.
The models can then be tuned to fit the characteristics of new data while maintaining the
high-level prediction capabilities. In this study, the lessons learned from previous research

and insights from recent advancements were taken into account to select the most suitable
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models to achieve the study objectives. The conflict prediction models proposed in this study
incorporate the long short-term memory (LSTM) cells as well as additional layers that
handle anomalies and time-invariant information. In total, five different models were
compared, including three LSTM-based and two traditional models to form a baseline for
comparison. Most notably, the IF-CNN-LSTM model constitutes the most sophisticated
structure, including an initial layer that detects and removes anomalies from the input data
followed by two streams of cells that carry out the prediction training in parallel. To the best
of our knowledge, this concept has not been applied in traffic-related studies before and was
partly inspired by Yuan Ma et al. (2019), who combined isolation forest (IF) with LSTM and

reported significant accuracy improvement as a result.

The main objectives of this study can be summarized in four main points. First, we predict
traffic conflicts of the subject AV with different road users and explore the impact of AV
maneuver and road user type on prediction accuracy. Then, we investigate the potential use
of data collected by the AV in predicting hazardous interactions between nearby road users.
We also assess the sensitivity of the developed model to historical and forecasted data
ranges. Finally, we consider the accuracy/cost tradeoff that comes with transferring the
model to a different location. At its core, this study strives to address the sub-optimal
behavior of AVs observed during interactions with other road users on open roads. The
unique contributions and novelty of this study stem from its reliance on a risk-based safety
assessment that addresses potential hazardous conflicts in the path of the AV. Moreover, the
study utilizes a highly accurate compound model that has not been used for traffic-related
problems before. The rest of the chapter is organized as follows: The next section
summarizes the methods and findings of earlier studies, while Section 5.4 dives deeper into
the data sources and processing steps. Then, Section 5.5 outlines the structure of the
machine learning methods utilized in this study. Section 5.6 presents the main results and

discusses the outputs, while Section 5.8 recaps the conclusions drawn from this work.
5.3 Literature Review

5.3.1 Real-time Safety Applications

When it comes to real-time predictions of traffic conflicts, a summary of the most recent
advancements is presented in Table 5-1. The collection of listed studies demonstrates a wide
range of models and data sources. The majority of studies target freeways and arterial roads,
with prediction ranges varying from short-term (<10s) to long-term (1-minute) periods. The
latter is more commonly used for network-level studies that consider cycle length

aggregation or greater time slices (1 to 5 minutes) (e.g., Roy et al., 2022; Yang et al., 2022).
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Notably, scanning the accuracy metrics used in these studies pointed towards a general
preference for recall and false alarm rate being the most relevant in real-time safety
applications. Overall, the actual results vary based on the prediction models, with most
LSTM-based models achieving higher overall accuracy and recall (~80-95%). Traditionally,
real-time safety applications relied on data extracted from fixed sensors (i.e., video cameras).
Later, other data collection sensors were considered to overcome the limitations of
traditional fixed sensor collection methods, including, for example, drones and probe
vehicle data. Numerous traffic conflict indicators have been proposed and applied to assess
safety in previous studies, including, most prominently, the time-to-collision (TTC), post-
encroachment time (PET), and deceleration rate. Each different indicator brings unique
advantages and fits certain conflict types more than others, which emphasizes the

importance of choosing a suitable indicator for each application.

Table 5-1. Literature summary on real-time safety studies focusing on conflict prediction

Study Method Road type Data Indicator(s) Prediction
(collection method) range
(Caoetal, 2023) Logistic regression  Freeways with 3 hours (drones) MTTC 58
entry/exit ramps

(Yao etal., 2023) Physics-informed Single-lane 10,850 scenes (aerial video) SSDD 2to 8s
LSTM-CNN roadways

(Islam & Abdel- LSTM Arterial roads 14,753 trips (probe vehicle ~ TTC 9s

Aty, 2023) data)

(Huetal., 2022) SVM 2-lane and 3-lane 110,000 trajectories (drones) TTC 30 and 60s
decision tree freeways
random forest

(Formosaetal., DNN 3-lane and 4-lane 19 hours (vehicle sensors 6 conflict 1min

2020) freeways and inductive loops) indicators

(Essa & Sayed, Generalized linear  Intersections 36 hours (fixed cameras) TTC Cycle length

2018) model (1-2.5 min)

(Zheng et al., SVM and random Intersections 25 hours (fixed cameras) MTTC Cycle length

2023) forests

(Katrakazaset  Negative binomial ~ Midblock and 16 urban locations TTC and DRAC NA

al., 2021) regression intersections (inductive loop detectors)

Abbreviations LSTM “long short-term memory”; CNN “convolutional neural network”; DNN “deep neural network”

TTC “time-to-collision”; MTTC “modified time-to-collision”; PET “post-encroachment time”
DRAC “deceleration rate to avoid collision”; SSDD: “safe stopping distance difference”

As for the models used in previous studies, researchers have utilized different modeling
techniques, with recent studies focused on machine learning techniques (e.g., Islam &
Abdel-Aty, 2023; S. Zhang et al., 2020; S. Zhang & Abdel-Aty, 2022; Z. Zhang et al., 2022).
Generally, LSTM-based models have been demonstrating a high accuracy in predicting
traffic conflicts in real time. Several LSTM variations and added components were proposed
over the years to enhance the prediction accuracy in these applications (e.g., Fang et al., 2023;
Li et al., 2020; Li & Abdel-Aty, 2022). The purpose of developing variants that combine

multiple models is often to better fit the targeted application and improve the resulting

111



PhD Dissertation - A. Alozi McMaster University - Civil Engineering

accuracy based on each model’s strengths. In the case of LSTM-based models, adding
convolutional neural network (CNN) components has been repeatedly shown to enhance
accuracy by allocating the information that does not change throughout the same traffic
interaction to CNN, such as weather and road user types (Bogaerts et al., 2020; P. Li et al.,
2020; Narmadha & Vijayakumar, 2022). Other LSTM-based variants focused on more
specific issues, such as equipping a loss function to better forecast traffic flow by capturing
intrinsic noise that is often overlooked by basic LSTMs (Fang et al., 2023). Further attempts
that targeted crash likelihood embedded a temporal attention component to LSTM-based
modeling, which resulted in better comprehension of the time-series nature of the problem
(P. Li & Abdel-Aty, 2022). Overall, the different approaches used by previous safety studies
demonstrate the reliability of machine learning techniques for the real-time prediction of
conflict risk. It follows that utilizing a similar approach for AV sensor data can be beneficial
for two main reasons; (1) considering conflicts between all road users in the path of the AV
to assess the risk of different conflict types, and (2) the potential to tune AV behavior based
on the real-time safety assessment. Neither of the two areas has been explored in the

literature to this date.
5.3.2 AV Risk-based Collision Avoidance Systems

As self-driving technologies gain popularity, several studies are starting to consider
applications that could better inform AV behavior in real time. These efforts rely in the first
place on the existing state of collision avoidance systems developed for AVs. Despite some
variation in the equipped AV algorithms by each manufacturer, the industry trends point
towards relatively consistent safety performance and similarities of collision avoidance
systems (S. Zhu & Meng, 2022). Among the different measures used by AVs on open roads,
TTC and its variations are typically considered (Muzahid et al., 2023). Studies that analyzed
existing AV algorithms were able to uncover issues that need careful consideration and
significant improvement to facilitate smoother traffic integration. Even though it is generally
agreed upon that AVs avoid most collisions reliably, minor hiccups still linger due to the low
market penetration, among other factors (Alozi & Hussein, 2023). In a recent study, Abdel-
Aty et al. (2022) evaluated the effectiveness of automated emergency braking systems in
evading pedestrian crashes and recommended extending the safety threshold when
pedestrians are occluded from the AV’s view for longer periods, especially at higher
pedestrian and/or AV speeds. Problems like these motivate researchers to keep digging into
the possible risks and subsequent development of better driving algorithms for challenging

traffic scenarios.
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In terms of tweaking the AV algorithms, most studies understandably focused on freeways
to better match the capabilities of early automated driving systems. Research in this area
was geared toward safety improvements (Yitao Ma et al., 2023; Rim et al., 2023) just as much
as it was focused on traffic operation (Chen et al., 2022; J. Zhu et al., 2022). However, when
it comes to urban roads and intersections, the added complexity and increased number of
interactions pose a greater challenge to AVs (Manivasakan et al., 2021). To overcome these
obstacles, AVs require continuous development and retesting to integrate solutions either
directly into the self-driving logic or as hazard warnings for the human driver to overtake
responsibility (Q. Li et al., 2023). Another issue of some existing collision avoidance systems
is their dependence on end-to-end deep learning, which limits the linkage to causal
relationships when predicting risky situations. Candela et al. (2023) attempted to mitigate
this shortcoming by combining reinforcement learning with Gaussian processes and vehicle
dynamics to predict collisions. The study tested numerous road segments including
intersections, highways, and ramps, and reported a 15% reduction in average collision rates

using the improved approach.

Researchers looking to improve AV performance and impacts attempted to incorporate the
concept of risk into the behavior of AVs as measured by conflict indicators. In fact, the
integration of traffic conflicts as the basis for a proactive safety approach has been studied
in depth in recent years. The summary of these studies found that, if done properly, i.e., with
suitable conflict indicators and sufficient data, a strong relationship can be observed
between traffic conflicts and collisions (Ali et al., 2023). A recent study by Dai et al. (2023)
advocated to explicitly include safety indicators into the AVs’ longitudinal controls to
increase platoon safety. The study considered three safety indicators that accounted for
stopping distance, collision risk, and TTC and validated their impact on data collected from
vehicle trajectories. Under different scenarios, the models with safety indicators consistently
outperformed traditional collision avoidance models. Other critical scenarios that could
benefit from the inclusion of safety indicators include merging maneuvers on freeways,
which was tackled by Jin et al. (2022). The study included gap acceptance and TTC in the
developed merging strategy and considered different traffic volume conditions. The results
demonstrate several benefits, including improved safety and smoother merging by avoiding
abrupt deceleration. Many lessons can be learned from the experiments of these earlier
studies about the viability of risk-based behavior changes that can greatly affect AV
acceptance into the traffic stream over time. Likewise, other studies demonstrated similar
efforts to address lane-changing strategies (Wu et al., 2023) and overall collision avoidance

(G. Li et al., 2021). Typically, the introduced risk-based assessments were accompanied by
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better-informed decision-making strategies that could lean towards aggressive or cautious

AV behavior depending on the situation and surrounding traffic.
5.4 Data

The main dataset utilized in this study comes from Palo Alto, California, as part of the Lyft
Level-5 project (Houston et al., 2020), with over 150,000 25-second scenes. The dataset
includes annotated video and LiDAR “Light Detection and Ranging” point clouds for AV
trips that capture nearby road users up to a range of 200 meters around the AV, as well as
local coordinate tracking for the subject AV itself. To keep the large volume of detected road
user trajectories within the scope of this study and limit computational requirements, a
subset of 5,000 scenes was processed. Moreover, to investigate the transferability of the
trained models, additional 850 15-second scenes containing trajectory data were retrieved
from five different cities around the US, as part of the Argoverse 2.0 dataset (Wilson et al.,
2021). The two data sources followed similar detection and tracking formats and included
the same resolution and sensor configuration, with the dates of AV trips falling between late
2019 and early 2020. The consistent formats are critical for improved transferability
performance, especially since the data came from different manufacturers and multiple
cities around the US. The locations of the data collection of both datasets are highlighted in
Figure 5-1. The raw trajectories were then processed to extract traffic conflicts between the
observed road users (including the subject AV), as will be further discussed in the coming
sections. In total, the number of observed conflicts from the Lyft dataset reached 3,386 AV
conflicts and 30,762 regular vehicle conflicts. As for the Argoverse dataset, the total was 1,151
AV conflicts and 9,684 regular vehicle conflicts. The average conflict severity, measured by
the TTC indicator, ranged between 3.31 to 3.61s for AV-related conflicts and 2.11 to 2.89s for
vehicle-related conflicts. The frequency and severity of conflicts for each location in the two
datasets are also shown in Figure 5-1. Since the raw trajectory data were collected using
onboard vehicle sensors on open urban roads, the scenes included diverse road segments
and traffic scenarios imitating what a real-time assessment system would capture. Unlike
fixed traffic sensors and roadside cameras, vehicle sensors offer a wider range of detection
and add flexibility to the process of safety assessment, as previously discussed by S. Zhang
& Abdel-Aty (2022).
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Figure 5-1. Data locations and conflict statistics

Several preprocessing steps were followed to clean the data and identify road user conflicts,
as presented in Figure 5-2. First, the trajectories of road users who were stationary for the
entire length of the scene (e.g., parked vehicles) were detected and excluded from the
analysis to reduce the computational cost. Then spatial and temporal criteria were applied
to each pair of road users to limit the need to process unrelated instances. Specifically, road
user pairs needed to share at least 0.5 seconds of detection time and have a minimum
distance of 5 meters or less to be considered for conflict analysis. Moreover, during all
recorded trips, test drivers were in the driver’s seat of the subject AVs to take control
(disengage) when necessary. In order to remove these occasions driven in manual mode,
public disengagement records were used. To this date, California is the only state that reports
AV disengagements from all manufacturers, while other states only report AV collisions

(California DMV, 2023). Since these records include the day of the disengagement without
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the exact time, dates with known disengagement events were excluded from the data,
totaling 2.3% of the trajectory data coming from California. Feature selection and

oversampling details will be further explained in Section 5.5.
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Figure 5-2. Data processing steps

Following the data pre-processing, the trajectories of each considered pair of road users were
analyzed to identify traffic conflicts using the TTC safety indicator. The TTC or “time-to-
collision” indicator measures the temporal proximity to a collision point between two road
users based on their current speeds and headings (Hayward, 1972). According to multiple
studies, TTC is one of the most widely used indicators in traffic safety research with a
validated relationship to crashes, forming the main criterion for most driving warning
systems (Arun et al., 2021; Mahmud et al., 2017). Among its prevalent advantages, the TTC is
considered versatile due to its suitability for many conflict types and scalability, while its
biggest downfall is the assumption of constant speeds. For the purpose of this study, the TTC
fits well with the real-time identification of conflicts and maintains the simplicity of
computations. On the filtered list of road user pairs, the TTC profile was calculated using
the involved trajectories and the minimum TTC was set as the indicator for each observed
conflict. The minimum TTC values were then set to one of four levels to form the categorical
dependent variable in the prediction problem, including o-1, 1-2, 2-3, and >3 seconds. To
summarize the observed conflicts and demonstrate the differences between the considered
conflict types, Figure 5-3 presents the TTC distributions for the two datasets considered in
the study. The TTC severity levels demonstrate clearly more cautious behavior by the AVs, as

evidenced by higher average and minimum TTC values. Also, vehicle-pedestrian conflicts
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seem to have a significant reduction in severity compared to other vehicle-related conflicts.
While AV conflicts are relatively similar between the two datasets (Lyft and Argoverse), the
observed vehicle conflicts differ significantly. In the transferability data from Argoverse, the
vehicle conflicts were more severe, with a lower average TTC for all road users. This could be
explained by the testing locations and times selected by the operating manufacturers. Lyft
data were collected in a relatively small area of Palo Alto, spanning 9 intersections and 24
road segments. On the other hand, the Argoverse data were collected from busier areas in
the five considered cities. For each identified conflict, the basic information of the two
conflicting road users was obtained directly from the dataset, including the position
coordinates (m), speeds (m/s), and heading angles (°rad). Additional parameters were also
calculated to explore their usefulness in the predictability of conflicts, including the conflict
type (based on the conflicting road users), time of day, road user movement (proceeding

straight, right turning, or left turning), and location (intersection or midblock).
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Figure 5-3. Conflict distributions in terms of TTC by type of conflict for the (a) main dataset and (b) transferability dataset

5.5 Methods

To explain the models used in this study, we first look into the proper formulation of the
targeted problem. Primarily, the objective is to predict the occurrence and severity of traffic
conflicts between road users as detected by the subject AV’s sensors. This is carried out by
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following the framework illustrated in Figure 5-4. The analysis starts by extracting and
categorizing traffic conflicts. Then, several prediction models are trained and compared to
find the best-performing model, from which further investigation by conflict types is
conducted. Finally, the model transferability is tested under multiple levels of transfer
learning. The following sections further explain the details of each step in the methodology
of this study.
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Figure 5-4. Methodology framework
5.5.1 Conflict Prediction Parameters

As discussed in Section 5.4, the raw trajectory data were processed to extract traffic conflicts
and quantify them in terms of TTC. Then, prior to training the prediction model, additional
processing steps were applied to the trajectory data, including feature selection to reduce
the dimensionality of the problem. The viability of the included variables was tested using
recursive feature elimination, introduced by Le Thi et al. (2002), to remove the weakest
variables iteratively. The sensitivity of the resulting group of features was linked to the
prediction accuracy and a list of four variables was eventually selected. These variables
include the positioning coordinates, speeds, headings, and conflict type. Furthermore, to
address the imbalance between the different classes within the data, an oversampling
technique was employed. Specifically, the synthetic minority oversampling technique
(SMOTE), developed by Chawla et al. (2002), was applied to the different conflict types.
Using the vehicle-vehicle conflicts as the majority type, the SMOTE algorithm ensured a
balanced number of events for all other types, most importantly conflicts between AVs and
active road users, which were the most underrepresented types. Following the oversampling

step, the total set of conflicts was split into training and validation subsets for the subsequent
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modeling. Of the numerous detected road users, vehicles (passenger cars), cyclists, and
pedestrians were considered in this study. This resulted in the classification of conflicts into
six types, including conflicts directly involving the subject AV (AV-pedestrian, AV-cyclist,
and AV-vehicle) as well as conflicts between other road users (vehicle-pedestrian, vehicle-

cyclist, and vehicle-vehicle).
5.5.2 Prediction Model

Training the prediction model included an initial assessment of the prediction sensitivity to
changes in the observation and prediction time periods. Essentially, since the conflicts were
defined by minimum TTC, the model could be trained by providing the trajectory data
before and after the conflict point. The point of testing these ranges is to verify how much
observation “before” data is needed to predict a conflict and what prediction “after” range
can be achieved with high accuracy. The tested values included observation ranges between
3 and 5 seconds and prediction ranges between 1 and 10 seconds. Once the conflict data are
prepared and the observation/prediction ranges are tested, the training of the conflict
prediction model can take place. In terms of architecture, the three components of the main
[F-CNN-LSTM model each bring upon unique advantages that strengthen the overall
performance. As demonstrated in Figure 5-5, the model is composed of two core LSTM
layers. In their basic form, LSTMs, which were first conceived by Hochreiter & Schmidhuber
(1997), are a type of recurrent neural network that overcome some of the limitations of their
predecessors by adding memory units that control the prediction based on both short-term
and long-term information. Built on unit cells, LSTMs introduce input and output gates as
well as forget gates that open and close to allow the flow of information, and by extension
increase the robustness of the overall algorithm. The LSTM layers capture temporal
dependencies in the data using LSTM cells. The computation within an LSTM cell boils

down to the following steps in Equations 5-1 to 5-6:

Input gate: ir = o(W;[x; + he_q] + by) (5-1)
Forget gate: fi = O'(Wf [x; + he_q] + bf) (5-2)
Output gate: o, = o(W,[x; + h—1] + b,) (5-3)
Candidate cell state: ¢, = tanh(W_[x; + hy_1] + b.) (5-4)
Cell state update: Ct = fiCr_1 + UGt (5-5)
Hidden state: h; = otanh(c;) (5-6)
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where W and b represent the weight and bias parameters, respectively, o is the softmax
activation function, and x; is the input at time ¢. The LSTM cell utilizes the different gates to
regulate how and what information is being propagated to the next cells. The logic is that
the flow of information is controlled by the input, output, and forget gates, which determine
how much of the previous cell state (h:,) is to be forgotten based on the current input (x;).
Meanwhile, the cell state (c¢) is updated by combining information to retain or forget from

the previous cell state with new information added in the candidate cell state (¢¢).

The two extensions added to the LSTM model each served critical functions in the
prediction task. Starting with the convolutional neural networks (CNN), which are
particularly suited to processing sequence data. In the context of traffic conflicts, CNNs can
learn scene information that is specific to each interaction but do not necessarily change
over time, such as road user types and conflict types, among other factors. Moreover, with
respect to the observed trajectories, the structure of CNNs facilitates capturing spatial
patterns that can assist in predicting the future paths of road users. The use of CNNs along
with LSTM models has long been established in the literature, demonstrating favorable
performance for time-series applications (e.g., Bogaerts et al., 2020; P. Li et al., 2020;
Narmadha & Vijayakumar, 2022). CNNs rely in the first place on the convolution layers, as
in Equation 5-7, which apply a filter on the input data to extract the learned features. They
also employ an activation function (Equation 5-8) to introduce nonlinearity to the output,

which in this study was done using a rectified linear unit.
Intermediate output: Z; = ¥, ¥ (x;W; ;) (5-7)
Activate output: Aj = max(0,Z;) (5-8)

where x represents the input data, W is the learnable weight of the filters, while i and j
represent the input and output features, respectively. In this study, the main model included
two CNN layers with added pooling layers to reduce dimensionality and only retain the most

important features.

Isolation forest (IF), on the other hand, is an anomaly detection algorithm that has the ability
to effectively improve the accuracy and overall performance of LSTM models when
implemented (Yuan Ma et al., 2019). Originally developed by Liu et al. (2008), the algorithm
utilizes a tree structure to explicitly isolate anomalies rather than building a normal
instances profile. This approach fundamentally differs from earlier methods, leading to more
resilience to deterioration in high-dimensional problems. In the case of traffic conflicts,

anomaly detection has the potential to greatly improve prediction accuracy due to the
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inherent variation in road user behavior. Moreover, the effect of evasive actions on the
resulting TTC can lead to misinterpretation of conflict severity and consequently conflicts
that can be inconsistent in terms of input variables such as speed and the resulting TTC

level. The IF algorithm calculates the anomaly score using the following equation:

Sxn = 2 ¢cn (5'9)

where E(hx) is the average path length of data point x through the isolation tree, n is the
number of data points, and ¢, is a normalization factor. Figure 5-5 demonstrates the
combined architecture of the [IF-CNN-LSTM model. The IF layer is applied directly on the
input data to help detect conflict instances (TTC <3s) before performing the full training.
The CNN and LSTM layers are then configured in parallel to maximize the benefit of using
each component independently and maximize the learning strength of LSTMs (with dense
layers) in temporal patterns and CNNs (with pooling layers) in spatial patterns. A dropout
layer is added before concatenating the outputs of LSTM and CNN to prevent overfitting.
Then, a fully connected layer is added to learn higher-level representations and make
predictions based on the extracted features. Hyperparameter tuning was conducted using
10-fold cross validation and grid search based on prediction accuracy, with the selected
values including a learning rate of 0.0003, batch size of 500, LSTM unit number of 128, and
CNN filter size of 64. Several optimization functions were also tested, and the model was

eventually set up with the ADAM “adaptive moment estimation” function.

121



PhD Dissertation - A. Alozi McMaster University - Civil Engineering

/ Input Data /

v

IF Layer
¥ A4
LSTM Layer CNN Layer
Dense Layer Average Pooling
v A4
LSTM Layer CNN Layer
Dense Layer Average Pooling

Dropout Layer

A 4

Concatenate Layer

A 4

‘ Fully Connected Layer ‘

A 4
Qutput
(Prediction)

Figure 5-5. Model structure

Four benchmarking models were also trained to compare their performance and prediction
accuracy to the main [F-CNN-LSTM model. The two traditional models of logistic regression
(LR) and support vector machine (SVM) are selected for their simplicity and usefulness in
similar prediction applications. Specifically, the LR model facilitates the interpretability of
weights and structure, while the SVM achieves high accuracy by transforming the problem
to a high dimensional space and then solving it using linear regression. The components of

the four models include:

e LSTM: prepared with two hidden layers and a dropout layer.
o [F-LSTM: prepared with two hidden layers, an IF layer, and a dropout layer.
e SVM: using linear kernel and c parameter set to o.1.

e LR: using Ibfgs solver.

To quantify the prediction accuracy, two main measures were used, the sensitivity and
fallout, as calculated in Equations 5-10 and 5-11. The sensitivity is equivalent to the recall for
categorical dependents and measures how well the model captures actual conflicts, while
the fallout (false alarm rate) captures the relative frequency of false warnings, which can be

particularly relevant in the targeted application.

true positive

Sensitivity = (5-10)

true positive+false negative
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false positive

Fallout = (5-11)

false positive+true negative

The two measures were calculated for the categorical TTC dependent variable using the total

positives and negatives for the four classes of TTC.
5.5.3 Model Transferability

As mentioned before, the transferability of the trained models is a critical aspect of their
application on a large scale. This is especially relevant when data at the target location are
insufficient or when proper model training is infeasible. As such, this study attempted to
investigate the return on transfer learning effort by comparing different levels of tuning,
including advanced, moderate, and no tuning. The differences between the three levels lie
in the hidden layers of the CNN and LSTM algorithms, which can be retrained on the target
dataset while maintaining the original model structure. Specifically, moderate tuning is
achieved by freezing the initial LSTM layer and training the second LSTM layer and both
CNN layers on the target dataset. Advanced turning, on the other hand, included retraining
all LSTM and CNN layers on the target data. Since the target data from Argoverse dataset
included five different cities, the model transfer was applied to each city separately, then the
average performance measures were reported. Another key aspect to consider in the training
and transferring of machine learning models is the computational costs required to achieve
higher accuracy. In fact, a study by Gomez-Carmona et al. (2020) looked specifically into this
tradeoff and figured shortcuts to greatly reduce computation requirements with little to no
impact on accuracy by addressing particularly demanding tasks in the machine learning
algorithms. In the same manner, the transferability of the proposed model in this study was
investigated in relation to the computational costs represented by training time and memory
requirements. The two aspects were combined with equal weights to measure the time and
space added complexity per minute of processed data. This was represented on a centi-scale,
where 100% refers to the computational cost of training the original model on the source

dataset, as demonstrated in the following equations:

¢ = training time + total memory usage (5-12)
__ Ctransfer model tsource data

Crelative = X (5'13)
Csource model ttransfer data

where c is the computational cost and ¢ is the total travel time.
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5.6 Results
5.6.1 Observation/Prediction Range Selection

In terms of testing the tradeoff between the observation and prediction ranges when
carrying out the conflict prediction task, finding the most suitable thresholds can be
challenging, as it must fit the application of real-time hazard warnings while also providing
reliable accuracy. Preliminary sensitivity analysis revealed that the impact of
observation/prediction ranges was similar in all tested models in this study. As such, the
results are presented in terms of the I[F-CNN-LSTM model in Figure 5-6. It is clear that
increasing the observation range improves the overall prediction sensitivity, although this
improvement is slightly limited beyond 4 seconds. This indicates that the 4-second
observation range could be sufficient for proper prediction, especially in the case of low
prediction ranges (< 5s). Previous studies often ignore the sensitivity to observation range,
since the maximum available range is typically used. However, of the few studies that
considered multiple observation times, Yao et al. (2023) used values between 3 and g seconds
and reported minor accuracy improvement when increasing the observation range from 5
to 7 and 9 seconds. As for the prediction range, previous studies indicate the difficulty of
long-term prediction, with the majority of experiments focusing on 3- to 9-second
prediction ranges. This, combined with the near continuous loss in sensitivity in Figure 5-6
as the prediction range increases, signifies the need for a cut-off point that achieves
reasonable predictions and a long enough window for warning. As such, the selected values

for further analysis were set at 4 seconds observation range and 3 seconds prediction range.

Sensitivity
H90%-95%
B 85%-90%
= 80%-85%

75%-80%
70%-75%

Observation range (s)

1 3 5 10

Prediction range (s)

Figure 5-6. Observation/prediction tradeoff plot
5.6.2 Model Assessment

The model assessment is done in two steps; first, the [F-CNN-LSTM model is compared to

the four benchmark models. Then, separate models are prepared for each of the conflict
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types to investigate the performance changes. The comparison results were plotted in Figure
5-7 in terms of sensitivity and fallout. It is evident that LSTM-based models provide a
significant improvement in prediction accuracy compared to traditional methods. In fact,
the logistic regression model had a low sensitivity and exceptionally high fallout (29.1%),
with the SVM showing some improvement. The basic LSTM model reached a sensitivity of
73.1% and a fallout of 21.5%. The IF component improved the sensitivity slightly but did not
have a measurable impact on false positives. The I[F-CNN-LSTM model, however, improved
the sensitivity and fallout significantly, reaching 83.5 and 1%, respectively. This performance
seems on par with the findings of previous studies with a slight edge due to the addition of

the I[F component and seamless integration of CNN and LSTM algorithms.

100%
80%
60%
40%
20%
0% IF-CNN-
LSTM IF-LSTM LSTM
B Sensitivity  59.91% 66.84% 73.12% 74.99% 83.49%
Fallout 29.10% 25.35% 21.49% 21.40% 11.04%

Figure 5-7. Trained model comparison

Using the IF-CNN-LSTM model structure, the individual models were trained based on
conflict type. This was done to showcase the difference in predicting AV conflicts and other
conflicts, in addition to identifying any specific issues in the prediction of certain types of
conflicts. The results, plotted in Figure 5-8, indicate that the individual models performed
well compared to the general model with sensitivity values between 89.2% and 94.3% for AV
conflicts and 82.2% and 86.8% for regular vehicle conflicts. The fallout rates were found to
be between 7.5% and 11.5% for AV conflicts and between 10.2% and 18.9% for regular vehicle
conflicts. More specifically, conflicts where the AV was a direct participant had a higher
average accuracy than other conflicts. All in all, this distinction is logical, given that the AV
monitors its own movements in real-time and can therefore make better predictions of
conflicts in its path. Compared to previous prediction models, the sensitivity of the AV
conflict models, which exceed 89%, fall on the high end. The studies that utilized a similar

approach (using probe vehicle data) reported significant fallout, ranging between 15 and
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30%. In that sense, the presented models perform well with lower false positives. The strong
prediction accuracy of AV conflicts indicates the potential to avoid inconsistent acceleration
issues with active road users that were reported by earlier studies (Alozi & Hussein, 2023).
Conflicts between other road users could be detected far away from the subject AV, making
them susceptible to compound detection inaccuracies between the two observed road users.
Still, the conflict prediction accuracy was reliable, indicating the viability of utilizing the AV
sensors for real-time safety applications, as was confirmed by earlier studies that used probe
vehicle data (Islam & Abdel-Aty, 2023; Redmill et al., 2023). Both AV-vehicle and vehicle-
vehicle conflicts had the highest frequency of observed events and were therefore the most
accurate in their respective categories. It can be noted that the vehicle-pedestrian conflict
model had a significant fallout of 18.9%, which can be attributed to the high fluctuations in
pedestrian trajectories compared to other road users but is more likely also caused by the

low overall number of events.

100%

80%
60%
40%
20%

0%

AV-ped  AV-cyclist  AV-veh Veh-ped Veh-cyclist Veh-veh
W Sensitivity 89.23% 91.95% 94.33% 83.43% 82.21% 86.77%
Fallout 11.53% 10.85% 7.54% 18.90% 12.35% 10.24%

Figure 5-8. Trained model results for individual conflict type models
5.6.3 Model Transferability

The tested transferability scenarios were plotted in Figure 5-9, summarizing the average of
the five tested locations. The results indicate that the basic transfer with no tuning leads to
a significant loss in accuracy, reaching an 11.3% reduced sensitivity and a 10.9% increased
fallout. These numbers are mitigated using proper recalibration, with the advanced tuning
retaining most of the source model’s accuracy, with 81.9% sensitivity and 12.2% fallout. This,
however, comes at a staggering price of computational requirements, reaching nearly 92.2%
of the cost to train the [F-CNN-LSTM model from scratch. The moderate tuning achieves a
well-balanced compromise, with a 78.1% sensitivity (nearly 94% of the source model’s
sensitivity) and a 15.4% fallout at a low overall cost, as it involves adjusting specific layers
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without introducing additional memory-intensive operations. At only 63.4% of the source
model’s cost (due to freezing one of the LSTM layers), this level of tuning brings the best
bang-for-buck of the three levels of transfer learning. Therefore, in the case of locations with
insufficient data or other limitations, it will be up to engineering judgement to decide on

what compromises to make relative to the retained performance of the source model.
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—— Computational cost 100.00% 20.29% 63.43% 92.21%

Figure 5-9. Model transferability results
5.7 Practical Applications

The implementation of risk-based conflict prediction models, including the one presented
in this study, into AVs of different levels of automation requires meticulous consideration
and understanding of their effectiveness in different scenarios. Low-automation vehicles, for
instance, require the presence of a human driver at all times, which indicates the potential
for 3-second warning alarms sent to the driver to take over if necessary. The same warnings
could be accompanied by adaptive emergency braking in the case of severe conflicts. In the
case of fully autonomous systems, the risk assessment of upcoming conflicts can be directly
embedded in the decision-making process. Similar risk assessment criteria have been
explored in earlier studies but were mostly focused on freeway applications as discussed in
Section 2.2. Urban streets and intersections require changes to these criteria to suit the

unique characteristics of travel at lower speeds and in busy areas.

The forecast horizon in this study was set to 3 seconds since the sensitivity analysis revealed
some accuracy loss associated with longer forecasts. Given the scope of this study, the 3-
second prediction range was sufficient for identifying immediate risky situations. However,
when integrating the warning of potential risk into the self-driving system, more

sophisticated strategies could be adopted, where the prediction model sends out multiple
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warnings at different forecast ranges. In that case, the short-term assessment could be used
for immediate action by AVs, while long-term predictions could help identify areas of
concern on a network level, where prediction noise can be accounted for, similar to the
approach discussed by Ghoul et al. (2023). Furthermore, the conflict prediction could be
used by the AV to slightly shift its driving behavior parameters between conservative and
aggressive driving depending on the frequency and severity of conflicts (G. Li et al., 2021).
The prediction of conflicts involving other road users is another major aspect that can be
utilized to monitor and evaluate the overall safety of the street. Using this evaluation, the
AVs can be essentially used as probe vehicles collecting data in real time. The detected
conflicts could then be utilized in communication between AVs in a connected environment
and with other road users using human-machine interfaces. Additionally, conflict
assessment could be utilized to map out areas with a higher risk of conflicts and identify
issues related to specific groups of road users. This approach takes advantage of the
intelligent systems in AVs and connected AVs for network diagnosis and monitoring.
Eventually, the same assessment can be integrated into safety indices that facilitate

enhanced and focused countermeasures.
5.8 Conclusion

This study focused on enhancing the AVs” hyperawareness of their safety performance in real
time through the accurate prediction of potential traffic conflicts, either conflicts that
involved the AV or those that involved other surrounding road users. This was achieved
through the accurate mapping of all road user trajectories in view of the AV and
extrapolating and categorizing traffic conflicts by severity and type. State-of-the-art
machine learning models were trained and compared to well-established models for the
purpose of ensuring the best accuracy and efficiency in this task. In addition, the
transferability of the trained conflict prediction models was investigated on additional data
from a different source and location. Multiple levels of calibration were tested on the

transferred models to estimate the loss in accuracy compared to the computational cost.

The main machine learning model selected for the prediction task is a compound IF-CNN-
LSTM model that incorporates three algorithms to capitalize on their individual strengths.
A preliminary analysis was conducted to select the optimal observation/prediction time
ranges prior to the model training. The results demonstrate reliable performance of the
presented model, reaching a sensitivity and fallout of 83.5 and 1%, respectively. This model
significantly outperforms legacy models and improves on previous LSTM-based models.

Furthermore, when training separate models for each pairwise type of road users, the AV-
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related conflicts (AV-pedestrian, AV-cyclist, and AV-vehicle) perform exceptionally well with
high sensitivity values (89.2-94.3%). Prediction accuracy of conflicts that involve road users
other than the AV was also high, with sensitivity values ranging between 82.2% and 86.8%.
As for the transferability of the trained models, three levels of transfer learning were tested.
The results indicate that moderate tuning of the transferred model on the target data can
substantially enhance the prediction accuracy at relatively low computational costs. If high
computation requirements can be met, most of the performance (~97%) of the source model

can be preserved with advanced tuning.

This study aims to address existing issues of AV operation using risk-based real-time safety
assessment and prediction with AV data. The findings point towards significant gains in
terms of added awareness, especially considering the robustness of the introduced approach
with this specific application. Several limitations persist, nonetheless, including the use of
a single conflict indicator (TTC) to quantify conflicts. Future research is encouraged to
investigate the viability of other conflict indicators, such as the time-integrated or time-
exposed TTC, deceleration rate to avoid a crash (DRAC), or crash potential index (CPI). As
recent studies suggest, integrating multiple indicators can potentially improve the safety of
AVs with more informed decision-making strategies (Arun et al., 2022). Such nuanced
strategies could utilize different indicators for different conflict types or even different
portions of the same conflict to take advantage of each indicator’s strengths and reach earlier
warnings with reliable accuracy. Furthermore, there is potential to improve the performance
of the machine learning algorithms by considering more sophisticated classification based
on conflict location, traffic volume, and other external factors. Also, future studies can
further differentiate between AV data collected in autonomous mode versus manual mode
for these applications, since this study was only able to verify data in California for driving

mode.
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6.1 Abstract

Following the deployment of autonomous vehicles (AVs) on open roads, observations from
AV collision data will likely guide public acceptance. Such data records have been
accumulating over the past few years, reaching sufficient volumes to draw meaningful
recommendations. This study sits at the cusp of arecent release of AV collision data spanning
the United States. The data cover AVs with highly automated driving systems (ADS) as well
as low-automation advanced driver assistance systems (ADAS). This study aims to analyze
the spatiotemporal trends in the observed collisions using Moran’s I statistical test and time-
series modeling to predict future ADS and ADAS collisions. Further investigations are also
conducted using the ADS collision data reported in California to utilize the exclusive mileage
data as an exposure measure. The results indicate that the frequency of ADS collisions seems
to increase at a faster rate than ADAS collisions. This reflects the rapid increase in market
share of ADS-equipped vehicles in recent years. This is further confirmed in California,
where the rate of ADS collisions per million miles traveled remained stable over the
observation period. Spatial analysis revealed that the frequency of ADS and ADAS collisions
is rising in most states, despite a handful of significant reductions in major states, such as
Florida and New York. In terms of future predictions, vehicle collisions of all automation
levels do not increase significantly over a period of 8-18 months, despite a steady increase in
traveled distance. This means a reduction in the rate of AV collisions, which could be
indicative of AVs becoming safer over time. Interestingly, the higher market penetration rate
in California coincides with a slight increase in predicted collisions compared to the national
trend. The presented approach sets the pace for future research to keep track of AV safety

performance as more collision data becomes available.
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6.2 Introduction

The safety of autonomous vehicles (AVs) and the associated influence on other road users
have been tested over and over in the literature using various techniques and methods. As
the years went by, the market share of AVs increased gradually, mainly driven by
technological advances and maturity. This rise will naturally lead to a period of mixed traffic
conditions, during which AVs of different capabilities start to roam the streets alongside
motorists and other road users. However, the mere existence of AVs in the traffic stream
raises questions about the safety implications and responsibility in case of a collision, all of
which are significantly influenced by the level of automation (Bennett et al., 2020). Among
the unique challenges brought upon by AVs, elevated injury risks were associated with AV
collisions where the “driver” or occupants were out of position due to their reliance on the
automated technology to control the vehicle (McMurry et al., 2018). In addition, humans are
starting to interact with AVs and establish negotiation behavior for situations resembling

conflict (Markkula et al., 2020).

Following the early predictions of near elimination of collisions as AVs takeover, recent
findings place potential collision reduction at a maximum of 54% if all vehicles were
equipped with some sort of automated technology (L. Wang et al., 2020). Despite some
resistance among the public to accept the inclusion of AVs, many road users still welcome
this change as a way to alleviate existing risks, especially for vulnerable road users (Pammer
et al., 2021). At these early adoption stages, AVs have a higher chance of reducing collision
severity or avoiding collisions altogether when operating within their operational design
domain (Scanlon et al., 2021). Moreover, to reach higher market shares, AVs would need to
tread the line between cautious and competitive behavior carefully (H. Zhu et al., 2022).
Additional safety benefits can also be achieved through a connected environment that
incorporates central traffic management in addition to vehicle-based collision avoidance
systems (Jeong et al., 2017; Shetty et al., 2021). These benefits, however, are not evenly
distributed across the globe, as recent studies suggest prioritizing different AV technologies
(e.g., lane departure, adaptive cruise control, and intersection warning) based on location
to account for factors such as existing infrastructure and driving behavior (L. Wang et al.,

2020).

Few studies attempted to evaluate the actual performance of AVs on open roads using sensor
data. These studies reported clear differences between the behavior and risks caused by
regular vehicles and AVs (Kamel et al., 2023; Yu & Li, 2022). Meanwhile, issues corresponding

to jittery or inconsistent interaction behavior were discussed as potential causes of indirect
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risks (Alozi & Hussein, 2022, 2023). On the other hand, the necessity of using actual collision
data to study the safety implications of operating AVs cannot be overstated. Despite the
usefulness and proactive nature of investigating risks through near misses, these approaches
cannot replace the insights taken from collision data whenever possible, as recently
corroborated in the literature (Olleja et al., 2022). Such AV collision studies have only been
realistically possible since 2015 with the gradual rollout of collision reports in the United
States accompanied by increased numbers of AVs by different manufacturers. Studying
these collisions is critical due to their significant impact on the public perception of AVs. AV
collisions can also be included as scenarios in AV safety testing (e.g., Scanlon et al., 2021;
Zhou et al., 2023), to maintain the snowball effect of technology development and
monitoring. In the future, collision analysis can potentially benefit from both collision
reporting systems and sensor recordings to understand the intrinsic details and potential

causes of observed collisions (Beck et al., 2023).

In parts of the United States, mandates on AV collision reporting have been put in place to
regulate the process of collecting data and guarantee minimum reporting requirements
(California DMV, 2022; NHTSA, 2021). California was the first state to collect and publish AV
collision records since 2014, which made it possible for researchers to explore the safety of
AVs in real-life conditions. The data, released by the California Department of Motor
Vehicles (CA-DMV), included level 3 and 4 AVs with detailed reports of each collision
providing information on the pre-collision scenarios and the subsequent severity. Moreover,
valuable data were later added to cover disengagements and AV mileage data. More recently
in 2021, the National Highway Traffic Safety Administration (NHTSA) released a standing
general order for the reporting of AV collisions of all automation levels (NHTSA, 2021). The
order spans the United States and receives frequent updates of the published records. While
research on the collision data published by California DMV has been saturated with ideas
exploring the scenarios and causes of collisions, the NHTSA collision data have not been

studied yet.

Given these sources of collision data for AVs, it seems only fitting to utilize the knowledge
and developed methods in literature to make informed predictions of where the industry is
headed. In general, traffic prediction applications have ranged in methods and
considerations, with studies employing statistical models, traditional machine learning
models, and deep learning complex models. Each of these approaches benefits from certain
advantages that can be appealing depending on the application. More specifically,

spatiotemporal collision prediction studies demonstrated in recent years the usefulness and
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reliability of statistical models (Shaygan et al., 2022). For the case of monthly AV collision
data, time-series modeling provides a useful tool to track the improvements of AV
technologies from a safety perspective and recognize potential patterns beyond exploratory
analysis. Reliable collision forecasting can also be achieved depending on data quality, which

can pave the way for AVs to reach more ambitious safety goals (Malin et al., 2022).

The motivation behind this study stems from two recent developments in the world of AV
research. First, the release of the aforementioned AV collision datasets (i.e., the NHTSA and
the CA-DMV datasets) raised our interest in capturing the state of AV safety at different
levels of automation. Moreover, the findings reported by recent studies point towards
potential areas of improvement for AVs, which can be more closely investigated by
projecting scenarios that lead to actual collisions. As such, this study aims to investigate the
AV collision data using statistical analysis and time-series modeling. Specifically, monthly
AV collision records are tracked over time, taking into account seasonal variations and
special circumstances, such as the COVID-19 pandemic lockdowns. Spatiotemporal
autocorrelation using Moran’s [ method is used to identify the trends of AV collisions based
on location. Time-series models are then fitted to the collision data to predict future
collision frequencies of low- and high-automation vehicles. To the best of the authors’
knowledge, this study is the first effort to analyze the newly released NHTSA AV collision
data and study the time-based trends on the most up-to-date records. Moreover, the study
dives deeper into the collisions reported in California to utilize the exclusive exposure
metrics in the state and longer observation periods. The rest of the chapter is organized as
follows; the next section summarizes the findings of relevant studies from the literature.
Section 6.4 presents the different data sources used in this study. Then, Section 6.5 discusses
the time-series modeling and the corresponding considerations. Section 6.6 presents the
main analysis and results, while Section 6.7 contains the conclusion and recommendations

of the study.
6.3 Literature Review

The most prominent source for AV collision data to date has been the CA-DMV, which
regulates the highest AV market share in the United States (California DMV, 2022). Collision
reports have been collected since 2014 for all AV manufacturers with a valid testing permit.
Due to collision reporting mandates and data quality, the records have been extensively
studied in the literature over the past few years. Among the numerous studies that utilized
this data, a selection of the most relevant methods and findings are listed in Table 6-1.

Primarily, researchers attempted to answer many lingering questions that could not be
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addressed with simulation or closed-road testing. These areas include the causes and
scenarios leading to collisions, prominent types of AV collisions, and any differences
between the mechanisms of AV collisions compared to regular vehicle collisions. To address
these problems, the studies used methods mostly falling under one of two umbrellas; text
analysis to explore the descriptive collision reports and statistical analysis and modeling.
Notably, among the studies that used longer observation periods, intriguing correlations
were uncovered. For instance, while collisions were correlated with disengagement events in
general, most disengagements that led to collisions were initiated by the driver, while
disengagements initiated by the AV were more likely related to system errors and recovered
quickly (Khattak et al., 2021). Injury severity was higher when the AV was at fault, and more
injuries were linked to turning collisions than other types (Das et al., 2020; S. Wang & Li,
2019). Moreover, multiple studies emphasized the need for improved interpretation of road
user intentions to reduce collisions, especially with active road users (Kutela et al., 2022; Liu

etal., 2021).

Table 6-1. Selection of AV collision studies using the California DMV data

Study Aim Method Time period Relevant findings
(# of collisions)

(Liu et al., Differences between Statistical 2014 - 2018 o AVs were more likely to be rear-ended.
2021) AV and MDV analysis (122) ¢ AVs’ misinterpretation of road user intentions

collisions was among the leading causes of collisions.
(S. Wang &  Mechanism of Ordinal logistic 2014 - 2018 ¢ Collision severity is significantly higher when
Li, 2019) collisions regression and (107) the AV is at fault.

classification tree o Severe injuries are more likely on highways.

(Khattak et~ Relationship Nested logit 2014 - 2018 ¢ Disengagements that led to collisions were
al., 2021) between model (NA) more likely initiated by the test driver.

disengagements and

collisions
(Dasetal., Exploratory analysis Bayesian latent 2014 - 2019 e Scenarios associated with higher injury
2020) of critical variables  class model (151) severity include turning and dark light

conditions.

¢ In adverse weather, AVs were more likely to
crash in autonomous mode.

(Goodall, Comparison of AV Statistical 2014 — 2020 o AVsgetrear-ended 4.8 times the rate of MDVs.
2021) rear-end collisions  analysis (256) e The likely cause of increased rear-end
with MDV collisions collisions is the location and time of AV stops,
not the sudden deceleration.
(Songetal, Developing AV test Transition matrix 2015 - 2019 ® Most collisions occurred following the AV’s
2021) scenarios and cluster (168) sudden stop.
analysis ¢ Disengagement events were likely followed by
a collision.
(Kutela et al., Patterns of AV-active Text 2017 — 2020 o Cyclists are likely to be at fault.
2022) road user collisions  classification (25) e Pedestrians are more likely to be indirectly
networks involved in collisions with AVs.
(Leeetal.,, Causes of collisions  Text analytics 2019 - 2021 ¢ To reduce injury collisions, AV technologies
2023) (260) and infrastructure need more testing in

critical scenarios where conflicts may
increase.
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Furthermore, time-series modeling is a well-established approach that has been utilized
extensively in the safety literature to investigate the temporal trends in collision data (e.g.,
Getahun, 2021; Hossain et al., 2023; Thueze & Onwurah, 2018). Studies that utilized time-
series modeling and analysis for collision-related applications vary in terms of targeted
collision types but typically use similar models. Bayesian models offer a popular selection for
evaluating the impact of countermeasures or disruptive events. For example, Eun (2021)
investigated the changes in fatalities, injuries, and traffic rates following stricter laws
enacted in Korea against driving under the influence. The study used police reports from
2013 to 2020 to capture the periods before and after the added penalties in 2018. In a different
study that utilized the same approach, Zhang & Fricker (2021) looked into the impact of the
COVID-19 lockdown on pedestrians and cyclists in the United States. Other methods used
in the literature include autoregressive models, such as the study by Feng et al. (2020). The
study examined the relationships between enforcement, violations, and collisions in China.
The study used a structural vector autoregressive model and reported a slight reduction in
collisions as police patrol time increased. Of the different statistical methods for time-series
analysis, the autoregressive integrated moving average (ARIMA) model is considered among
the most consolidated approaches, which has also been frequently applied to address traffic
prediction problems (Box et al., 2015; Shaygan et al., 2022). In fact, different extensions have
been proposed over the years to apply ARIMA models with specific considerations, including
seasonal ARIMA (e.g., Shekhar & Williams, 2007; Williams & Hoel, 2003). Other studies also
utilized a spatiotemporal ARIMA, such as Min et al. (2009). Overall, the methods and
findings of AV collision analyses and the development of advanced time-series models to fit
such collision data point towards the need for a well-rounded time-based analysis of AV
collisions. This is especially relevant at this time in light of the recent release of collision

reports from the United States.
6.4 Data

Three datasets were used to undertake the analysis of this study, as summarized in Table 6-2.
The main data source comes from the recently published AV collision records by NHTSA
(NHTSA, 2021). The collision data spans around two years, as of the latest update, from July
2021 to September 2023. To account for the lag period associated with collision reporting, the
incident dates were compared with the report submission dates. For many collisions,
multiple reports were submitted, including initial reports, 10-day follow-ups, and any
subsequent updates, in addition to reports by multiple entities responsible for the same

vehicle. Considering the initial reports only, 98.2% were submitted within one month of the
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incident, while 99.4% were submitted within two months. As such, the last month of data
was not included in the analysis. Two sets of collisions are reported based on automation
levels; the automated driving systems (ADS) set, equivalent to level 3 and 4 AVs, and the
advanced driver assistance systems (ADAS) set, equivalent to level 2 automated vehicles as
defined by the Society of Automotive Engineers (2021). Since only ADS-equipped vehicles
are considered ‘autonomous), the terms ADS and AV will be used interchangeably in this
study, while collisions involving ADAS-equipped vehicles will be referenced as ADAS
collisions. Combined, the two subsets contain 1,301 collisions with variables relating to injury
severity, weather conditions, and road type, among other factors. Figure 6-1 demonstrates
the spatial distribution of ADS and ADAS collisions in the United States for the entire
observation period. While ADAS-equipped vehicles are available for consumers across the
United States, ADS-equipped vehicles or “AVs” are not yet available for the general
population. Instead, AVs are only operated by a limited list of manufacturers that hold
permits to run these vehicles, which explains the concentration of collisions in 14 states. In
fact, trained controllers must remotely monitor driverless AVs at all times, while drivers
operating AVs require extensive training and must meet strict criteria before being cleared
to operate open road trips (California DMV, 2022). These conditions include “defensive”
driver training that matches the targeted level of automation and practical experience in
recovering from hazardous scenarios. Additional 664 collision reports were retrieved from
the CA-DMV with more variables, including the AV distance traveled as a measure of
exposure (California DMV, 2023a, 2023b). The records from California extend further back
to October 2014, covering a ten-year period. According to previous studies, the California
DMV data include high-automation ADS collisions only. Since mileage reports before 2018
were not digitized, the monthly traveled distance was only included from December 2018 to
November 2022 (latest entry). A third dataset was retrieved to set a comparison baseline
containing all reported collisions in the United States by vehicles of all types (Moosavi et al.,
2019). In this dataset, over 7 million collisions were reported by the exact time of the incident

and later aggregated into monthly entries to match the rest of the data in this study.

Table 6-2. Data sources

Source (NHTSA, 2021) (California DMV, 2023a, 2023b) (Moosavi et al., 2019)
Location United States CA only United States
Type ADS & ADAS collisions ADS collisions ADS distance traveled All vehicle collisions
Time

e From Jul 2021 Oct 2014 Dec 2018 Jan 2016

e To Aug 2023 Aug 2023 Nov 2022 Mar 2023
Total number 1,301 664 NA 7,728,394
of collisions
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Figure 6-1. Distribution of ADS and ADAS collisions from NHTSA records

The main NHTSA dataset was further dissected in terms of the most prominent variables to
explore the distribution of collisions. The descriptive statistics, presented in Table 6-3,
indicate that the total number of collisions was 323 and 978 for ADS and ADAS-equipped
vehicles, respectively. The number of variables relating to the AV behavior and other
characteristics of the collisions undoubtedly help facilitate a more reliable application of
time-series modeling (Farahani et al., 2023), as will be explored in Section 6.5. It should be
noted that unavailable inputs are much more recurring in ADAS collision records. This is
mainly due to less rigorous reporting by low-automation manufacturers compared to ADS
operators. In some cases, the reports even mention the limited information available to the
manufacturer because most low-level AVs are privately owned. Around the year, the highest
frequency of ADS collisions is observed between March and June, while ADAS collisions
ramp up towards the end of the year. In terms of weather conditions, ADAS collisions in rainy
or snowy weather take a significant portion of the total collisions, indicating a potential
impact of the adverse weather, which is not observed in ADS collisions, matching the
findings of Alozi & Hussein (2023). Collisions appear to fall equally on the different times of
day, except for a spike of ADS collisions around midday, which is consistent with the
expected testing window that operators might target. Most ADAS collisions (~60%)
occurred on highways, while more than 88% of ADS collisions occurred on streets and
intersections. This is mostly linked to the driving domains of ADS-equipped vehicles, which
typically operate in urban areas, but could also indicate that intersections are hotspots for
AV collisions due to the added complexity and possible conflict scenarios (S. Zhu & Meng,
2022). Of the different road user types that were involved in collisions, cyclists seemed to
collide with ADS-equipped vehicles more frequently. This observation confirms earlier

studies that reported aggressive cyclist behavior around AVs (Alozi & Hussein, 2023; Kutela
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et al., 2021; Madigan et al., 2019). ADAS collisions with passenger cars or fixed objects
occurred more often than any other identified road user. Injuries were more common in
ADAS collisions compared to ADS collisions, which had an 85.4% no-injury record.
However, the number of unknown injury events was alarmingly high in ADAS records,
casting doubt on any meaningful takeaway. This lack of reporting was dramatically amplified
by road users leaving the collision site before emergency personnel arrived at the scene, as
well as cases where no apparent injuries were visible, forcing the reporting officer to leave
the field unknown to avoid unbacked presumptions. In terms of the subject vehicle speed
(recorded instantly prior to collision), a substantial difference is reported between ADS and
ADAS-equipped vehicles. ADAS collisions had a balanced distribution of speeds, with ~52%
of collisions occurring when the vehicle speed was 20 to 60 miles per hour (mph). On the
other hand, ADS-equipped vehicles seemed more cautious, with 87.6% of collisions having
a minor AV speed of less than 20 mph, which helps explain the low number of injuries. The
low speeds of AVs can be explained by the driving domain of these vehicles. As previously
mentions, AVs are only operated by expert test drivers who follow strict safety instructions

in geofenced urban areas, which typically have low-speed limits.

Table 6-3. Descriptive statistics of the NHTSA AV collisions dataset

ADS ADAS ADS ADAS ADS ADAS

Frequency 323 978 Time of day Road user type

Month Morning 6éam-1zpm 73 [22.6%] 177 [18.1%)] Car 210 [65.0%)] 274 [28.0%)]
Jan 19 [5.9%] 71 [7.3%] Midday zpm-6pm 123 [381%] 251 [25.7%] Truck 45 [13.9%] 72 [7.4%]
Feb 25 [7.7%] 60 [61%] Evening 6pm-1zam 68 [211%] 277[28.3%] Bus 1 [03%] o [o%]
Mar 37 [11.5%] 79 [81%] Night 12am-6am 59 [18.3%] 213 [21.8%] Cyclist 13 [4.0%] 2 [0.2%]
Apr 36 [111%] 85 [8.7%] NA o [0%] 60 [6.1%] Pedestrian 2 [0.6%] 6 [0.6%]
May 34 [10.5%] 94 [9.6%] Mileage Fixed object 9 [2.8%] 266[27.2%]
Jun 35 [10.8%] 80 [8.2%] 0-25k 168 [52.0%] 416 [42.5%]  Other 43 [13.3%] 358[36.6%]
Jul 26 [8.0%] 82 [8.4%] 25k-50k 95 [29.4%] 289[29.6%] Injuries
Aug 33 [10.2%] 70 [7.2%] 50k-75k 27 [8.4%] 127 [13.0%] None 276[85.4%] 50 [5.1%]
Sep 20 [62%] 77 [7.9%] 75k-100k 17 [53%] 49 [5.0%] Minor 27 [8.4%] 34 [3.5%]
Oct 19 [5.9%] 88 [9.0%] 100k+ 12 [3.7%] 29 [3.0%] Moderate 6 [1.9%] 16 [1.6%]
Nov 21 [6.5%] 90 [9.2%] NA 4 [12%] 68 [7.0%] Serious 1 [03%] 8 [0.8%]
Dec 18 [5.6%] 102 [10.4%] Road type Fatal o [0%] 20 [2.0%]

Weather Highway 19 [5.9%] 589[60.2%]  Unknown 13 [4.0%] 850[86.9%]
Clear 275(851%] 455[46.5%]  Street 147 [45.5%] 125 [12.8%] Vehicle speed (mph)
Cloudy 26 [8.0%] 104 [10.6%)] Rural 1 [03%] 37 [3.8%] 0-20 283([87.6%] 123 [12.6%)]
Rain o [0%] 2 [0.2%] Intersection 138 [42.7%] 107 [10.9%)] 20-40 24 [7.4%] 246[25.2%]
Snow 14 [4.3%] 162 [16.6%] Traffic circle 1 [03%] 1 [01%] 40-60 8 [2.5%] 262[26.8%]
Fog o [0%] 8 [0.8%] Parking lot 17 [53%] 2 [0.2%] 60+ 4 [12%] 219 [22.4%]
NA 8 [2.5%] 247[253%] NA o [0%] 1u7 [12.0%] NA 4 [12%] 128 [13.1%]

NA: not available
6.5 Methods

In order to thoroughly scrutinize the characteristics of AV collisions, this study followed

three main steps. First, the trend of ADS and ADAS collision frequencies was studied over
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time against the available exposure measures or surrogate alternatives. Second, the spatial
relationships of these collisions were investigated by means of Moran’s I statistical test.
Third, the collision data were fitted with a time-series model to fit the existing trend and
forecast future collisions. The details of all three steps will be further discussed in this
section. The initial analysis in terms of exposure metrics included the AV distance traveled,
which was limited to California, and the monthly AV and regular vehicle collisions for all

datasets.

To capture the space-time autocorrelation of the collision records, the data were split by state
and a correlation matrix was prepared. The components of the correlation matrix included
spatial and temporal weights matrices, denoted Ws and W, respectively. For W, distance-
based weights were calculated using the geographical centroids of the states. As for W;, time-
based weights were calculated using the duration in months between each pair of readings.
Then, a spatiotemporal autocorrelation 3-dimensional matrix W was calculated based on
the tensor product of W5 and W;. The Moran’s [ statistic was then utilized to quantify the
degree of autocorrelation in the data. The logic of this step revolves around the comparison
of the observed spatiotemporal distribution of collisions against the expected collisions in
randomly distributed data. As such, the Moran’s I statistic is calculated using the following
equation:

N DYDY wij(x;—%)(xj—%)
Wst 2, (xi—%)2

I =

(6-1)

where N represents the number of spatiotemporal units, x; and x; are the numbers of
collisions for units i and j, X is the mean number of collisions for each month of data, and
wij denotes the weight matrix coefficient between i and j. In this application, N was the
multiplication of the number of 50 states, by the 24 months in the NHTSA data, equivalent
to 1,200. Essentially, Equation (6-1) calculates the ratio between the spatiotemporal cross-
product of neighboring states (by distance) in terms of collisions and the overall variability
in the dataset. The resulting value ranges from -1 to 1, where values close to zero suggest
randomness, while values at either end of the range indicate high dispersion (-1) or clustering
(+1). The values of Moran’s I statistic were calculated for each month and then aggregated to
reach a resulting measure that explains where collisions are concentrated and how these
collisions change over time. In addition, the significance of the resulting value was calculated

for each state at a 95% confidence interval.

In terms of time-series modeling, several models were considered, including machine

learning variations. One key drawback of resorting to machine learning modeling is that
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model performance becomes contingent on the size of data, requiring long observation
periods or finer resolution to achieve a reasonable fit (Farahani et al., 2023). Additionally, as
the literature scan in Table 6-1 suggests, statistics-based models perform favorably in
applications related to monthly collision data. Initial tests were conducted to select the most
suitable model for fitting the collision data, starting with the autocorrelation (ACF) and
partial autocorrelation (PACF), which were plotted for the ADS and ADAS collision data
from NHTSA as well as the data from CA-DMYV in Figure 6-2. Interpreting the plots depends
on a few parameters, including setting the number of lags at a reasonable limit to uncover
the dependencies of each observation on previous readings in the data. For NHTSA data, 10
lags were used, while 20 lags were deemed more suitable for California data due to the
increased observation period, with a threshold of two standard deviations highlighted on all
plots. For the ACF plots on NHTSA data, the readings seem to degrade quickly, and the lags
all fall below the two standard deviations threshold, which typically corresponds to
stationary time series with a potentially strong autoregressive component. Even though
collision data should logically be nonstationary over time due to the changing market share
and evolving technology, the tests might indicate otherwise as a result of the limited
observation period. To avoid misidentifying the data, further testing will be conducted in
the next steps. The ACF plot for the California data shows a completely different outcome,
with a slow decay and significant correlations at multiple lags (1 to 16). This suggests
potential autoregressive terms, with up to 16 months of past data affecting the change in the
number of collisions. As for the PACF, all three plots for NHTSA and California data follow
a similar trend with a sharp initial drop followed by values alternating between the negative

and positive sides, which suggests that a moving average model would be suitable.
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Figure 6-2. Autocorrelation and partial autocorrelation plots
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Since the CA-DMV data are non-stationary according to the autocorrelation test, the data

must be transformed before being fed into the time-series model. This is achieved using the

differencing transformation to remove the mean trend from the raw data (Box et al., 2015).
The resulting transformed data is plotted in Figure 6-3. As for the NHTSA data for both ADS
and ADAS collisions, the augmented Dickey-Fuller test was further conducted to verify the

stationarity of the data over time. The results listed in Table 6-4 indicate that indeed all three

sets of collisions from California and NHTSA are nonstationary. Therefore, the ADS and

ADAS collisions were also transformed similar to the California differencing transformation.

The repeated Dickey-Fuller test results on the transformed data are also listed in Table 6-4.
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Figure 6-3. Data transformation of the California DMV collision data to remove nonstationary trends

147



PhD Dissertation - A. Alozi McMaster University - Civil Engineering

Table 6-4. The augmented Dickey-Fuller test for stationarity

Data State Test Critical Lags P-value Null rejected
statistic value

NHTSA (ADS) Raw -1.544 -1.945 o) 0.115 False
Transformed  -12.683 -1.945 o) 0.001 True

NHTSA (ADAS) Raw -0.755 -1.954 ) 0.362 False
Transformed  -4.877 -1.954 o 0.000 True

California Raw -0.075 -1.954 o 0.610 False
Transformed  -6.482 -1.954 ) 0.002 True

Another key consideration with respect to modeling the monthly collision data is the
seasonality. Understandably, the year-round collision data follows an inherent seasonal cycle
with a lag period of 12 months. In addition, the COVID-19 lockdown effects are relevant to
the California data which extend past 2020. To address this effect, an additional binary
variable was added to the data, indicating the months in which the lockdown was in effect.
As the previous tests and plots indicate, a moving average model with autoregressive terms
would be fitting to predict the collision data. Still, a preliminary comparison was carried out
between several candidate models that could be relevant for this application, including long
short-term memory, theta, and transformer models. However, given the limited duration of
the collision data considered in this study, machine learning approaches were not suitable
due to their dependance on large amounts of data. Also, the theta and transformer models
tend to be less compatible with aggregate monthly data to capture the longer time-
dependent trends. As such, the ARIMA model is used in this study, which performs well for
similar applications (Shaygan et al., 2022). More specifically, a variation of the model is used
that incorporates seasonality (Williams & Hoel, 2003) and exogenous variables (Elamin &
Fukushige, 2018; Tarsitano & Amerise, 2017), denoted SARIMAX. Essentially, the model
relies on two fundamental components to fit the collision data, the autoregressive and
moving average terms. Both terms are included alongside the exogenous “predictor”

variables in the model, which can be represented using the following equation:
Yi=¢o+ X, Y+ Z?:l Oje_; + k=1 BrXer + & (6-2)

where Y; represents the number of collisions at time t, ¢, is the constant term, ¢;, 6;, and
By are the autoregressive, moving average, and exogenous variable coefficients, respectively,
X is the vector of predictor variables, while ¢, is the noise error term. The advantages of
this approach of time-series modeling include reduced computational requirements and
model interpretability. The predictor variables in the data, presented in Table 6-3, were
included in the model parameters using one-hot encoding, while the average values were

calculated for numerical variables.
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6.6 Results and Discussion

This section presents the analysis of the ADS and ADAS collision data pertaining to the
United States as a whole (NHTSA data) and California in particular (CA-DMV data). The
data are first investigated using statistical analysis to derive the rates of collisions and
observe pattern changes over time. Next, the spatial analysis is discussed along with the
significance results. Finally, the time-series modeling results are presented along with model

forecasts to gain insights into the future of AV safety.
6.6.1 Statistical Analysis

In order to investigate the changes in collisions over time, the following analyses were
conducted. The NHTSA collision data were plotted in Figure 6-4 along with the total
collisions in the United States. Over the course of roughly two years, the number of ADAS
collisions fluctuated significantly, matching the trend in total collisions during the first half
of each year and deviating slightly over the second half. ADS collisions, however, remained

relatively stable, hovering between 8 and 22 collisions per month.
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Figure 6-4. AV collision trends over time for ADS and ADAS vehicles along with the number of total collisions

As for the California data, the number of AV collisions was plotted twice, with the total
number of collisions statewide (Figure 6-5) and with the AV miles traveled (Figure 6-6). Over
the six-year period, the number of AV collisions started low in 2016, mainly due to the low
market share with only a handful of manufacturers operating at the time. However, as the
number of AVs on the street increased, the number of associated collisions started to follow
the trend seen in the total collisions across the state. Furthermore, toward the beginning of
2020, the number of AV collisions quickly dropped to zero before total collisions decreased
substantially. This could be explained by the stay-at-home mandate that was issued due to
the COVID-19 pandemic, leading AV manufacturers to cease testing. In terms of pure
numbers, the AV collisions in California alone ranged between 5 and 21 collisions per month
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between 2020 and early 2023, with the exception of the lockdown period. The AV miles
traveled, plotted in Figure 6-6, provide a much more pronounced trend, albeit for a shorter
observation period of around four years. Since the distance traveled by AVs in California can
serve as an exposure measure for the observed AV collisions, both trend lines follow an
identical pattern. This pattern can be further explored using the rate of AV collisions per
million miles traveled. Despite overall numbers of AV collisions rising significantly in early
2022, the rate of these collisions remained stable below 40 AV collisions per million miles
traveled. In fact, for the entire observation period, the rate of AV collisions fluctuated
between 20 and 50 collisions per million miles traveled, except for the period affected by
lockdown, in which the rate of collisions fell to zero twice in April and November 2020. To
track the change in collision rates over time, the average rate of collisions was measured for
each year separately. The resulting average rates of collisions were 35.2, 19.9, 27,6, and 31.1 for
the years 2019-2022 in order. Excluding the 2020 average rate, which was heavily affected by
the COVID-19 pandemic, the rate of collisions seems to slowly bounce back to pre-COVID
conditions. Still, the collision rates are significantly lower in recent years compared to 2019,

which might reflect an improvement in ADS safety in California.
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Figure 6-5. AV collision trends over time along with the total collisions in California
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Figure 6-6. AV collision trends over time along with the AV miles traveled and rate of AV collisions in California
6.6.2 Spatial Analysis

In terms of the collision frequency per state, the spatiotemporal analysis revealed the
concentration of collisions and the states that demonstrate improvement or deterioration of
safety over time. Figure 6-7 demonstrates the aggregated Moran’s I statistic results for ADS
and ADAS collisions in the United States as well as the states with significant values of
change. Positive values indicate a significant number of collisions compared to other states
and an increase of these collisions over time, while negative values indicate the opposite.
The distance-based weights of state-to-state spatial correlation provide a convenient way to
compare the collision trends nationwide. The ADS collisions indicate an increase in
collisions in Arizona, California, and Texas, all of which had significant values at the 95%
confidence level. Most of the other states show no significant change or slight reduction in
collisions, except for Indiana with a -0.29 value and Florida with the highest reduction in
collisions over time compared to other states with a value of -0.43. As for ADAS collisions,
Moran’s | statistics were mostly positive, with four states demonstrating a significant
increase in collisions. The only significant reduction in collisions was found in New York,

with a -0.68 value.
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Figure 6-7. Spatiotemporal autocorrelation results for ADS and ADAS collisions using Moran’s I statistic along with
highlighted states demonstrating significant change
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6.6.3 Time-series Modeling

Separate SARIMAX models were fitted to each of the ADS and ADAS collisions from the
NHTSA data, as well as the California data. The fitted models were then used to make
predictions into the future, depending on the observation period trends, which were plotted
along with 95% confidence intervals. In order to determine an appropriate forecast period
and ensure minimal loss in accuracy, sensitivity analysis was conducted in terms of the mean
absolute error (MAE) against the prediction range. Figure 6-8 demonstrates the change in
MAE up to 24-month predictions. To achieve the longest prediction range while maintaining
reasonable accuracy, the plot suggests that a reasonable cutoff point could be set at 18
months, where the MAE remains below 20%. Beyond 18 months, the MAE values increase
rapidly, indicating a significant loss in accuracy. As such, for the time-series modeling, the
model prepared for California collisions was set up with an 18-month prediction range, while
NHTSA collision models were used to forecast 8 months of collisions, given the shorter

observation period.
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Figure 6-8. Mean absolute error plot versus prediction range

Figure 6-9 demonstrates the model fit of the ADS and ADAS collisions with a reasonably
good fit overall. In the ADS collisions, the fitted model captures the general trend relatively
well and detects the month-to-month changes in collisions. The forecasted collisions reveal
a significant increase in the first few months up to nearly 30 collisions per month. The
frequency of collisions settles back to a reasonable range of 20 to 30 monthly collisions,
reaching an all-time low towards the beginning of 2024. As for ADAS collisions, the model
demonstrates a reasonable fit but fails to capture sudden spikes in collision frequency. The
forecast reveals a steady reduction of collisions well below the average of the observation
period. However, a major spike of up to nearly 50 collisions per month is predicted in January
2024. Overall, the number of ADS collisions seems more consistent with the observed trend.
At the same time, ADS testing is not slowing down in the United States (Aoyama & Alvarez
Leon, 2021), which implies that the safety of ADS-equipped vehicles is being improved. Since
the prediction confidence decreases the further we venture into the future, the long-term

reduction in ADS collisions is less likely to materialize.
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Figure 6-9. Predicted collisions for the observation period and future forecasts of the NHTSA data
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The fitted model for the California data in Figure 6-10 demonstrates a reasonable fit despite
the effect of the COVID-19 pandemic. Overall, the model does not fail to track the number
of collisions throughout the fitted range, while minor month-to-month changes are not
always captured. Still, the long-term change in collisions is clearly estimated in the model,
which raises confidence in the forecasted predictions. It is worth mentioning that AV
collisions in California correspond to 67% of ADS collisions in the United States. This is
reflective of the significant AV testing in multiple cities in California (Lian et al., 2020;
Sohrabi et al., 2021), indicating a higher market share compared to other states. During the
observation period, the number of AV collisions started to significantly increase at the end
of 2017, rising steadily through April 2022, with the exception of the COVID-19 lockdown
period. Lately, these collisions saw a dramatic reduction in 2022 to around 5 to 10 collisions
per month. The forecast shows an overall stable trend over the first six months with a 15-
collision average. The number of forecasted collisions indicates a considerable upshift to 18+
collisions per month within a year from the last observation. Considering the reductions in
the NHTSA data forecasts, it seems that the increased market share in California does not
necessarily lead to lower rates of AV collisions. In order to investigate the rate of AV collisions
in terms of distance traveled, the mileage data from California was also fitted with the time-
series model and used to forecast the future trend. Figure 6-u1 demonstrates the high
accuracy of the fitted model in replicating the observed mileage data, which can be more
predictable than collision data. This accuracy can increase confidence in the forecasted
trend, which extends in this case beyond the 18-month limit set for collision data forecasting.
The overall pattern indicates an increase in miles traveled towards the second half of 2023,
which can explain the rise in predicted AV collisions from Figure 6-10. In fact, looking at the
rate of collisions in Figure 6-6, we can conclude that a similar rate of 20-40 collisions per
million miles traveled is maintained in the AV collisions up to the beginning of 2025.
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Figure 6-10. Predicted collisions for the observation period and future forecasts of the California data

154



PhD Dissertation - A. Alozi McMaster University - Civil Engineering

__ 1,200
S 1,000
o
E 800
< 600 o o2
) Vv
> 400 A
e .o,-".‘-" o <
‘; 200 A Y Fad A s o
[ ..
= 0 e
g
<
2019 2020 2021 2022 2023 2024
e Observed Predicted Forecast

Figure 6-11. Predicted ADS distance traveled and future forecasts of the California data

To validate the goodness of fit of the three SARIMAX models, the QQ plots are presented in
Figure 6-12. In addition, the Bayesian information criterion (BIC) and Akaike information
criterion (AIC) are calculated and listed in the same plots. The AIC and BIC values were
utilized when setting the model parameters to find the best fit before making future
predictions. All three models demonstrate a good fit overall in terms of the predicted Z-

scores as well as the AIC and BIC results.
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Figure 6-12. QQ plots of the fitted models
6.7 Conclusion

Keeping the conversation on AV safety active is crucial for the effective integration of these
vehicles into transportation systems worldwide. This study contributes to this aspect by
utilizing the collision data of ADS and ADAS-equipped vehicles in the United States.
Furthermore, ADS collision data from the CA-DMYV are also analyzed to benefit from the
added exposure layer of traveled distance. The data are aggregated into monthly intervals
and fitted with a SARIMAX model to predict future trends. The model takes into account

the year-round seasonal variations and exogenous predictor variables, including collision
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severity, vehicle speed, and type of involved road users. In addition, Moran’s [ statistical test

is used to investigate the spatiotemporal trends of collision frequency based on location.

The spatial analysis highlighted states that require attention due to the significant increase
in AV collisions over time. Specifically, both Texas and California saw a significant upward
trend compared to neighboring states in terms of ADS and ADAS collisions. On the other
hand, the states that demonstrated the most significant reduction were Florida and New
York in terms of ADS and ADAS collisions, respectively. The time-series modeling results
indicate a good fit overall. The collision forecasts provide some insight into the future of AV
safety, with a slight increase in collisions in the first few months followed by a stable plateau
of collision frequency in the long term. The increased AV market share in California and
extended collision history provide a longer forecast horizon, which reflects a slight increase
in ADS collision frequency. Despite this increase, the rate of collisions per distance traveled
does not change significantly over the prediction period. In fact, the stability in the short-
term collision numbers despite expected changes in market share could reflect a reduction

in AV collisions per distance traveled, meaning overall improved safety.

Since the AV collision data are only recently released at the onset of AV deployment, this
study suffers from the short observation period, making variables with rare occurrences like
injuries and fatalities inconclusive. The data from California is certainly a welcome addition,
but the continued recording of AV collisions nationwide can provide a larger scope of
understanding. More importantly, additional measures of exposure are needed to solidify
any evaluation outcome. Finally, future studies can further classify the observed collisions
into collision types based on included variables such as pre-collision movement and contact

area.
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Chaptery

Conclusions

7.1 Summary

The research encompassed in this dissertation aims at utilizing AV sensor and collision data
collected from urban roads to investigate the behavior and risks imposed on road users in
the presence of AVs. This broad scope was intrinsically addressed in multiple steps, starting
with the development and application of a systematic framework based on extreme value
theory to quantify the hazardous scenarios (Chapter 2). This framework utilized the peak
over threshold technique to estimate potential AV-road user collisions using the observed
conflicts. Following preliminary accuracy testing using regular vehicle data, the framework
was applied to 5.5 hours of AV sensor data. AV-pedestrian conflicts were extracted and
quantified in terms of post-encroachment time (PET) and time-to-collision (TTC). The
produced collision estimates were measured using the AV kilometers traveled (AVKT) as an
exposure metric and the incorporation of model covariates was further tested. Chapter 3
expanded on the framework introduced in Chapter 2 by utilizing more data (1,400+ hours),
modeling AV-cyclist and AV-pedestrian conflicts, applying relative collision risk to compare
conflict types, and conducting an in-depth analysis of individual cases to identify potential
issues. Then, to understand how road users act around AVs and study their preferences
during traffic interactions, a deep maximum entropy inverse reinforcement learning (DME-
IRL) model was developed (Chapter 4). The model was applied to AV-active road user
interactions, which were classified into five main categories, including parallel, opposing,
crossing, and turning (left and right). The target of implementing this approach was to study
the risk perception and decision-making strategies of road users by inferring the optimal
policies and underlying reward functions. In Chapter 5, the concept of risk-based AV
hyperawareness was explored through the use of machine learning models. Specifically, an
isolation forest - convolutional neural network - long short-term memory (IF-CNN-LSTM)
model was trained to predict conflicts encountered by the AVs in real time. This was jointly
examined along with the capabilities of the AV systems to be utilized as moving sensors that
capture conflicts of surrounding road users. The mapping and projection of all trajectories
observed by the AV were combined with a categorical TTC to measure the risk of conflicts.
In addition, the transferability of the trained conflict prediction model was investigated on
additional data under multiple levels of transfer learning to study the tradeoff between
accuracy and computational costs. Finally, to investigate the measurable effects of AV

deployment on traffic safety, collision data from across the United States were analyzed
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(Chapter 6). Low- and high-automation vehicle collisions were included, with an emphasis
on collision records from California, where the publicized AV mileage records offered an
added exposure layer. Using seasonal autoregressive integrated moving average (SARIMAX)
and Moran’s | testing, the spatial and temporal trends of AV collisions were studied to
forecast future collisions and identify risky locations. Overall, the studies included in the
five chapters address the research objectives and offer a cohesive body of research that
systematically tackles some of the pressing issues facing the smooth deployment of AVs into
traffic.

7.2 Findings and Recommendations

The findings presented within this dissertation offer novel insights into the risks and issues
associated with the early adoption of AVs, the implications on road users’ safety, and the
practicality of network-wide deployment in the future. This section presents a recap of the
most notable findings and recommendations for each of the research objectives and
corresponding chapters. The developed safety evaluation framework using extreme value
theory modeling proved reliable for the proactive assessment of AV impacts (Chapter 2). The
results of applying the model on AV-pedestrian conflicts revealed an estimate of 4 to 5.5 AV-
pedestrian collisions per million AVKT. The enhanced models with covariates related to AV
movement, conflict speeds, and data location reduced the estimated collisions to a range of
2.3 to 3.7 AV-pedestrian collisions per million AVKT with narrower confidence intervals.
When compared against vehicle-pedestrian collision rates in the United States, where most
of the AV data were collected, the number of AV-pedestrian collisions fell on the high end,
indicating an increased potential risk. Since AV datasets continue to be collected and
processed, manufacturers are encouraged to add covariate measures to fully describe the
conflicts’ characteristics. These could include information about traffic volume, traffic

control devices, and road user demographics.

The utilization of more data in Chapter 3 led to refined collision estimates and further
detailed findings. In terms of collisions, the number of AV-pedestrian collisions was
reported as 0.98 per million AVKT, while the estimated AV-cyclist collisions reached 0.76
per million AVKT. Still, the uncertainty in AV-cyclist collisions was relatively high, given the
wide confidence interval. Further assessments revealed that the number of estimated
collisions did not change significantly under clear and adverse weather conditions. Conflicts
with right-turning AVs had the highest relative risk for pedestrians, while the risk for cyclists
peaked when encountering a left-turning AV. Several issues were observed through the

detailed investigation of the observed conflicts and the speed and acceleration profiles of
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the AVs and road users involved. Overall, there was a high tendency for road user violations
around AVs. Moreover, AVs demonstrated slightly aggressive behavior around pedestrians as
indicated by the late deceleration, particularly during right turns. In other instances, AVs
failed to correctly interpret road user intentions and demonstrated sudden movements and

stops, which in turn led to higher risks for surrounding road users.

Moreover, the retrieved reward functions of active road users during interactions with AVs
(Chapter 4) indicated a tendency for AVs to be cautious during opposing and crossing
interactions, leading to added flexibility for pedestrians and cyclists. Cyclists consistently
demonstrated more aggressive behavior, which in some cases appeared to take advantage of
the AVs. Still, despite the safe approach adopted by AVs on these busy urban roads, active
road users often struggled to predict AV movements, as showcased by their hesitant behavior
during interactions. The inconsistent AV acceleration, especially during turns, had the
potential to cause indirect hazards to other road users. Overall, the applied DME-IRL
approach resulted in an accurate representation of active road user preferences, as indicated

by the rigorous validation in terms of conflict indicators and evasive actions.

As for the real-time conflict prediction model presented in Chapter 5, the results show that
the model boasted reliable performance with an overall sensitivity of 89-94% for conflicts
involving the subject AV and 82-87% for conflicts involving other road users. The
corresponding fallout values ranged between 7 and 19%, indicating a relatively low
percentage of false positives. In terms of all tested metrics, the [F-CNN-LSTM model
significantly outperformed legacy models and improved on previous LSTM-based models.
In addition, the trained model could be transferred to new data with moderate tuning and

still retain most of its initial performance.

Finally, the time-series model developed to analyze AV collisions provided a good fit and was
subsequently used to forecast eight months of future collisions (Chapter 6). The model fit
was validated using the collision data from California, where the AV mileage data were
incorporated. Overall, the forecast of AV collisions indicates a short-term plateau that
followed by a moderate increase in collisions within the prediction range. Combined with
the expected rise in market share and the available distance traveled data, these forecasts
indicate a potential improvement in safety in the long run. The spatial analysis uncovers
significant variations between the trends of AV collisions in different states. Since the quality
of the collision reports continues to improve over time, several recommendations are
presented for better modeling, such as added exposure metrics (mileage and vehicle

numbers) and faster reporting.
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7.3 Limitations and Future Work

The research components of this dissertation tackle some of the most critical issues facing
the practical integration of AVs into urban roads. While these issues are gradually
investigated and potential solutions are unveiled, several limitations persist and offer a gap
for future improvement. First and foremost, since the market share of AVs is yet to reach
widespread deployment and adoption, the true implications of AV presence cannot be fully
realized. In addition, the AV sensor data are mostly restricted to geo-fenced locations within
each of the included cities. These factors lead to nonfamiliarity with AVs for most
populations, which can negatively affect interaction behavior when road users encounter an
AV. The AV sensor data offer a substantial amount of information for studying different
scenarios during AV travel. However, due to the massive file sizes, manufacturers are forced
to release most of the sensor data as trajectory logs, with less than 5% of the data including
video and LiDAR records. While it would be impractical to release all the associated files,
research would benefit from enhanced trajectory logs with added features to better describe
the scene at each timestep. These features can include traffic volumes, road geometry, and
more thorough classification of road users. Also, more detailed categorization of traffic
conflicts by location and road user characteristics (e.g., group size and demographics) can

uncover hidden relationships and provide further information.

Most AV sensor data are collected with a test driver in the vehicle at all times to take over
when necessary. This introduces a major limitation for any study that attempts to analyze
AV behavior and the corresponding reactions of other road users. In this dissertation,
disengagement records were cross-referenced with studied conflicts and interactions to
isolate instances operated in ‘autonomous’ mode. Still, this was only possible in California
where these records are available. Other limitations relating to the analysis of traffic conflicts
include the use of road user centroids to construct the trajectories. This simplification does
not deviate from standard practice, however, recent efforts to incorporate the shape and size
of different road user groups provide a more accurate representation of the identified
conflicts. Additionally, the utilized safety indicators, i.e., the TTC and PET suffer from
certain drawbacks. While they are generally considered among the most useful surrogate
safety measures, numerous indicators have been developed to serve specific purposes and
account for more subtle characteristics that could be better suited depending on the
application. On the other hand, the AV collision data are also limited in terms of the
relatively short observation period. This issue renders variables with rare occurrences like

serious injuries and fatalities inconclusive.
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In terms of the observed behavior of road users around AVs and the conflict situations that
are discussed in this dissertation, the rapid changes in regulations and adoption are expected
to continue to impact and shape future interaction dynamics. In addition, developers of the
AV algorithms are learning from the collected data and refining the embedded travel
behavior and conflict resolution strategies. These changes indicate that the current
perceptions and preferences of road users around AVs are subject to change. Therefore, it is
reasonable to learn from existing conditions but also keep the research up to date with the
evolving traffic landscape. On top of that, the specific EVT technique used in Chapter 2 and
Chapter 3 has its limitations. Since the conception of these studies, researchers have been
refining more advanced algorithms, such as Bayesian models incorporated into traditional

EVT methods to improve the models’ resilience and prediction accuracy.

Future research can build on the presented studies and explore additional venues that relate
to the integration and operation of AVs on urban roads. In recent years, as AVs with higher
automation levels began to roam our streets, it became evident that the research should
focus on the added complexity in busy urban roads and districts, as opposed to relying solely
on freeway traffic scenarios. A comprehensive modeling of road users’ behavior around AVs
is still lacking in literature. Such modeling would be expected to account for external traffic
factors as well as the dynamic interaction between road users in AV environments.
Additionally, the collision analysis presented in Chapter 6 showcased interesting findings
but could benefit from a more detailed classification of collisions, including parameters such
as pre-collision movements and contact area. The severity of the collisions could also reveal
better insights into the characteristics of AV-related incidents and how they differ from
human drivers. As for the real-time safety algorithm presented in Chapter 5, the findings
point towards significant gains in terms of AV awareness and risk-based decision making.
This could be further developed into a well-rounded decision-making algorithm that takes

into account the predicted conflicts and adjusts the AV behavior metrics accordingly.
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