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ABSTRACT
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October 2024

Understanding the relationships between human drivers and automated systems be-
comes increasingly valuable as autonomous vehicles become common. This thesis
evaluates how trust in automation influences the driving behaviour of both beginner
and experienced drivers during a simulated driving session. The study combines eye
tracking, driving behavior analysis, and trust attitude measurements to investigate
the short-term trust dynamics of drivers interacting with a simulated autonomous
car in both critical and non-critical conditions. We expected beginner drivers to ex-
hibit a higher trust attitude towards automation compared to experienced drivers.
Twenty participants completed a 17-minute drive across three conditions: manual
driving, non-critical autonomous driving, and critical autonomous driving. Between
these driving conditions, participants performed non-driving-related tasks (NDRT)
to evaluate visual focus. The Standard Deviation of Lateral Position (SDLP) and
eye-tracking data measure driving performance. Standardized questionnaires mea-
sured participants’ trust in the automated system before and after the driving. The
findings revealed that both groups demonstrated increased trust in the automated
system post-session. However, beginners showed greater lateral position variability
in critical conditions, suggesting over-reliance on automation. Eye-tracking anal-
ysis revealed significant changes in glance behavior across driving conditions, par-
ticularly in response to critical events, with differences between groups emerging
in their visual attention patterns. These findings highlight how driver experience
shapes interactions with autonomous systems, emphasizing the importance of trust
calibration in automated driving scenarios. The thesis contributes to research on
the relationship between humans and technology in autonomous vehicle driving,
providing valuable insights for vehicle design and driver training programs.

Keywords: Trust in Automation, Automation Acceptance, Driving Simulator,
Manual, Autonomous, NDRT, Beginner, Experienced and Visual Attention.
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The AI tools utilised in my thesis and their purposes are described below:
Names and versions of AI tools:

1. SciSpace

2. Research Rabbit

3. Grammarly

4. ChatGPT

Purpose of using AI tools:

1. Research Gathering: In the initial stages of my thesis, I utilized SciSpace
and Research Rabbit to enhance my literature review process. These tools help
me to streamline my research by identifying and collecting relevant papers from
a vast array of academic sources. They also provided concise summaries of
complex articles, which proved invaluable in quickly grasping key concepts and
methodologies. This approach allowed me to conduct a more comprehensive
review of existing literature in a time-efficient manner, ensuring a foundation
for my research.

2. Language Refinement: To elevate the linguistic quality of my thesis, I em-
ployed Grammarly throughout the writing process. These tools helped me
refine my academic writing by identifying and correcting grammatical errors,
improving sentence structures, and enhancing overall clarity. By using these
tools, I was able to present my ideas more professionally, effectively reducing
language-related barriers that might have otherwise impeded the clear com-
munication of my research findings. This editing process allowed me to focus
more on the content and arguments of my thesis, confident that the language
aspect was being thoroughly examined.

3. Presentation: In the final stages of my writing, I utilized ChatGPT to refine
the structure and flow of my content. This tool assisted me in organizing my
ideas into clearer paragraphs. It suggested effective transitions, helping to
create a more clear narrative throughout the document. I was able to enhance
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the overall readability, making my work more accessible. This final layer of
refinement helped to present my research in a more polished manner while
ensuring that the core ideas and analyses remained distinctly my own.

Sections where AI tools were used:

1. Used SciSpace, Research Rabbit for literature review.

2. Grammarly and ChatGPT for refining, rephrasing content, grammar and
punctuation throughout the entire document.

I acknowledge that I am fully responsible for the entire content of my thesis, in-
cluding the parts generated by AI, and accept accountability for any violations of
ethical standards in publications.
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This thesis represents a pivotal chapter in my academic journey, documenting
months of exploring automated driving. It has been an enlightening voyage, delv-
ing into the intricate relationship between humans and machines, with a particular
focus on automotive contexts.
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I extend my heartfelt gratitude to Professor Roope Raisamo and Associate Pro-
fessor Mounia Ziat for their exceptional guidance and wisdom throughout my re-
search. Their mentorship transcended traditional supervision; they fostered my
development as a critical thinker and researcher. They taught me the skills to
formulate good research questions, approach problems methodically, and conduct
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1 Introduction
Automated vehicles are an innovative technology in the transportation sector, that
offers significant benefits when it comes to safety, performance, and convenience.
At the very core of the transition towards automation is the potential to substan-
tially reduce human error, which is the primary contributor to most road acci-
dents (Fagnant & Kockelman, 2015b). Evidence from different research highlights
the safety benefits of automated systems, demonstrating the ability to minimize
accident rates by limiting human-related errors. For instance, studies on driver-
assistance systems in Poland indicate that these technologies can significantly en-
hance road safety (Pedzierska et al., 2020). Similarly, research on Av’s using multi-
vehicle communication systems shows notable improvements in traffic efficiency and
safety, highlighting the advantages of autonomous vehicles over conventional ones
in reducing crash risks (Rahman et al., 2021).

However, shift to autonomous vehicles, requires a sophisticated understanding
of driver interaction with autonomous systems, with trust being a key factor in
promoting the adoption of this technology (Khastgir et al., 2017). Trust is critical
for the acceptance and proper functioning of automated systems, particularly re-
garding autonomous vehicles (Adnan et al., 2018; Nordhoff et al., 2019). Lee and
See (2004) also emphasizes the need of trust when developing for proper automa-
tion dependence. The connection between trust and automation use is complicated,
including concerns related to over-reliance on automation or under-utilization of
automation (Parasuraman & Riley, 1997). Recent research emphasizes the value
of trust calibration, which aligns users’ trust with the automated system’s real po-
tential (Körber et al., 2018). Trust calibration solutions aim to ensure that drivers
do not over-trust or under-trust these technologies, thereby balancing safety and
technological advancement (Gao et al., 2021; Lee & See, 2004). Excessive trust can
result in improper use and not intended applications, potentially leading to var-
ious life-threatening accidents (O’Kane, 2020). In contrast, plenty of prospective
consumers might not trust automated vehicles, which could cause them to not be
used (Smith & Anderson, 2017). However, a gap remains in our understanding of
which factors influence trust development and calibration in autonomous driving sit-
uations. While long-term trust calibration is likely a slow process (Miller & Boyle,
2019), analyzing initial trust reactions can provide useful information for building
initial user experiences with automated vehicles.

The objective of the thesis is to investigate the short-term trust dynamics of
beginner and experienced drivers as they interact with a simulated autonomous ve-
hicle in critical and non-critical conditions, thereby addressing the knowledge gap.
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To answer the following study questions, we used eye tracking, driving behavior
analysis, and trust assessment towards automation:
RQ1: How does trust with autonomous driving systems change depending on driv-
ing experience levels?
RQ2: What are the variations in visual attention patterns among beginner and
experienced drivers in autonomous and manual driving conditions?
RQ3: How do trust levels and driving behavior in beginner and experienced drivers
change under both critical and non-critical autonomous driving scenarios?

We hypothesize that, compared to experienced drivers, beginners will show a
more initial trust attitude towards automation. By focusing on the initial interac-
tions with automated driving systems, we can learn the fundamental concepts of
trust development, which in turn can guide the design of more successful human-
automation interfaces.

The thesis is organized as follows: Chapter 2 presents an in-depth exploration
of autonomous vehicles together with their evolution, levels of automation, advan-
tages, disadvantages, and ethical concerns. Chapter 3 describes trust in autonomous
vehicles by exploring drivers’ experiences with automated systems and the need for
trust in human-automation interaction. Together with the experimental design,
Chapter 4 addresses participant selection, techniques, tools, and materials used in
research. Chapter 5 presents the experimental findings, with a focus on trust mea-
surements, eye-tracking, and Standard Deviation of Lateral Position SDLP data
processing. Chapter 6 explores the challenges of driving behavior and experience,
trust dynamics and automation reliance, visual focus patterns, and design implica-
tions, addressing the impacts of the findings. It also sets up the research boundaries
and provides suggestions for future research. Chapter 7 concludes by compiling
the key results that could possibly be utilised to develop autonomous vehicle and
driver training courses. By structuring the thesis in this manner, we aim to provide
complete research on the correlation between driver experience, trust, and visual at-
tention in automated driving conditions, thereby offering insightful analysis of this
rapidly expanding field.
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2 Related Work
This chapter provides an overview of research on autonomous vehicles, discussing
their evolution, automation levels, benefits, challenges, key technologies, and eth-
ical considerations. Additionally, it also examines how trust and interaction with
autonomous systems change based on driving experience levels and visual attention
patterns.

2.1 Evolution of Autonomous Vehicle

This section explores the evolution of automotive technology, since early concepts
to recent developments. It discusses early prototypes and major developments from
the 1960s to 1990s. Following this, the section transitions to the 21st-century land-
scape, where it explores the potential future directions for autonomous vehicles,
significant tech companies, and challenges. It also looks at legal frameworks and
public perception.

2.1.1 Early Ideas and the Foundations

The idea of autonomous vehicles was imagined in the early twentieth century. Houd-
ina Radio Control’s 1925 New York City presentation of the radio-controlled ”Linr-
rican Wonder” was an early prototype of self-driven vehicles. The vehicle was given
the name of the circus magician. The first prototype, which laid the groundwork
for future remote vehicle operations, used radio frequency signals for the vehicle’s
steering (Thrun, 2010).

During the 1950s, both RCA Laboratories and General Motors GM made signif-
icant advancements. They created a prototype of a contemporary automobile that
they called the ”Firebird” and presented it for the first time at the Motorama auto
display. The automobiles were controlled by radio signals that were embedded in
the roadways, which replicated the infrastructure-based automation systems that
are used today (“Looking at cars 100 years in the future”, 2013).

In the 1960s and 1970s, the emergence of robotics and artificial intelligence
marked a significant turning point in history. John McCarthy and other Stanford
University faculty members ran the AI Lab, which researched early AI algorithms
that could sense and navigate their surroundings. An early experiment on au-
tonomous vehicles, known as the Stanford Cart, was able to successfully navigate
obstacles within a controlled environment by utilizing cameras and computing tech-
niques (Moravec, 1983).
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Concurrently, the Defense Advanced Research Programs Agency DARPA initi-
ated programs to construct vehicles that are capable of driving themselves. Shakey
the Robot was one of the first robots to be able to make decisions about their ac-
tions. It was constructed by SRI International with funding from DARPA. Although
Shakey was not a car, the technology used here has an important effect on the future
development of self-driving cars (Nilsson, 1984).

The 1980s witnessed the beginning of a transition away from controlled condi-
tions and toward more realistic scenarios. The term ”VaMoRs,” which stands for
”Vision-based Autonomous Mobile Robot,” was established as a result of a collab-
oration between Mercedes-Benz and the Bundeswehr University Munich. Since it
is equipped with computer vision and sensor-based technologies, this vehicle was
capable of effectively navigating through metropolitan surroundings. It had the ca-
pability of reaching speeds of up to 96 kilometres per hour when it was travelling
on the Autobahn (Dickmanns et al., 1994).

The Navlab project, from Carnegie Mellon University, has significant advance-
ments in comparison to earlier endeavours. The ability to navigate across complex
surroundings was demonstrated by Navlab vehicles that were fitted with a wide
variety of lidar, radar, cameras, and sensors. A modified Chevrolet van was the
basis for the Navlab 1, which was initially released in the year 1986. In terms of
the capabilities of autonomous driving, subsequent iterations of the Navlab 1 have
consistently pushed the limits of what was even remotely achievable (Thorpe et al.,
1991). This vehicle was one of the first attempts at developing a fully autonomous
driving system. Navlab 1 was fitted with a range of sensors, cameras and sonar,
as well as onboard computers for processing sensory data and making driving judg-
ments. Thorpe et al. (1988) describe the vision and navigation systems of Navlab 1,
emphasizing its capacity to follow highways and avoid obstacles through computer
vision and sensor integration. Subsequent versions of the Navlab series, such as
Navlab 2, 3, and beyond, have constantly pushed the boundaries of autonomous
driving capabilities by combining advances in computer vision, machine learning
algorithms, and sensor technologies. These developments have allowed vehicles to
negotiate more complicated surroundings, drive longer distances autonomously, and
manage a larger range of driving circumstances, thus setting new milestones in the
field of self-driving automobiles (Thorpe et al., 1991).

Through the implementation of the National Automated Highway System Con-
sortium NAHSC and the Automated Highway System AHS in the 1990s was able to
make substantial improvements in the field. The AHS initiative helped to facilitate
the adoption of autonomous driving systems, which was a significant breakthrough.
This involves developing the sensors, control systems, and communication tech-
nologies required for vehicle autonomy. These technological developments laid the
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groundwork for the current era of autonomous vehicles, improving dependability
and performance. This program’s purpose was to build a roadway infrastructure
that is capable of supporting automated driving. The program also emphasized the
relevance of merging technology related to automobiles and infrastructure (Bishop,
2000).

2.1.2 Current Landscape and Future Directions

The 21st century witnessed a movement toward economic practicality as well as
a growing interest among the general public in autonomous vehicles. Since its
inception in 2004, the DARPA Grand Challenges have played a essential role in
encouraging greater innovation. During the trials, teams were given the challenge
of designing cars capable of independently traversing difficult desert terrains. The
2005 challenge was a resounding success since it entailed five cars adeptly manoeu-
vring through unstructured circumstances, effectively demonstrating the feasibility
of autonomous navigation (Buehler et al., 2009).

Sebastian Thrun oversaw Google’s entry into the autonomous vehicle market
in 2009, which significantly accelerated the pace of advancement in the industry.
Waymo, which was once Google’s initiative to develop a self-driving car, was able to
successfully navigate through complex metropolitan environments by utilizing so-
phisticated machine learning algorithms, huge datasets, and sensor technology. By
the year 2012, Google’s fleet had amassed more than 300,000 miles of autonomous
driving, which significantly increased the level of acceptance of autonomous tech-
nologies among the general public as well as government agencies (Urmson et al.,
2008).

At the same time, both conventional automobile manufacturers and technolog-
ical companies entered the market to compete. To lay the groundwork for more
sophisticated autonomous capabilities, Tesla, under the leadership of Elon Musk,
developed Autopilot in 2014. The introduction of Autopilot in 2014 marked the
introduction of an advanced driver-assistance system (ADAS). To continuously im-
prove its system, Tesla utilized a series of techniques, including machine learning,
over-the-air upgrades, and massive amounts of data collected from real-world driv-
ing (Kalra & Paddock, 2016).

In the 2020s, the autonomous cars sector is marked by swift progress, regulatory
hurdles, and growing public fascination. Waymo, Tesla, Uber, and established au-
tomotive leaders like Ford, GM, and BMW are strongly committed to introducing
completely autonomous vehicles to the market. The utilization of these automobiles
in regulated settings, such as Waymo’s autonomous taxi service in Phoenix, Arizona,
highlights the advancements achieved (Waymo, 2021). The regulatory framework
is changing in response to the rapid growth of technology. Authorities worldwide
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are creating legislation to promote secure deployment of self-driving vehicles The
USDOT has developed rules and regulations to encourage innovation while main-
taining safety standards (Preparing for the Future of Transportation: Automated
Vehicle 3.0, 2018).

The future of autonomous vehicles depends on successfully addressing techni-
cal, legislative, and sociological obstacles. Our main areas of concentration involve
strengthening the reliability of AI algorithms, enhancing sensor technologies, and
creating durable vehicle-to-everything (V2X) communication networks. The incor-
poration of self-driving vehicles into intelligent urban environments, facilitated by
Internet of Things (IoT) devices and 5G wireless networks, signifies a highly encour-
aging path (Litman, 2020).

The continued development of autonomous vehicles demonstrates human inno-
vation and the desire for technological advancement. Autonomous vehicles have the
capability to revolutionize the transport sector by enhancing security without com-
promising efficiency and increasing mobility, irrespective of whether these vehicles
are still in development or utilising the most advanced technology. Undoubtedly, the
knowledge that has been acquired over the last century will provide essential guid-
ance for the future. The fact that we are getting closer to the point where general
acceptance becomes a real possibility makes this statement extremely useful.

2.2 SAE Levels

The levels of automation in self-driving cars are defined by a system developed
and implemented by the Society of Automotive Engineers (SAE) internationally.
From completely unautomated (Level 0) to fully automated (Level 5), SAE J3016
defines six levels of vehicle automation. The roles of the driver and the vehicle’s
autonomous systems are laid out in detail at each level, according to the various
driving scenarios. Each level’s technological attributes, functional capacities, and
transportation implications are examined in this section.

2.2.1 Level 0: No Automation

There is no form of driving automation in the Level 0 automobile. Operating the
vehicle falls entirely on the human driver, including functions like steering, accelerat-
ing, and braking. Although modern cars in this category might have lane deviation
warnings and crash alerts, these features do not take over the vehicle. The driver is
supposed to always watch over the car and act as necessary. These features, accord-
ing to SAE (International, 2021), deliver essential information that increases safety
but does not mechanize any part of the driving process.
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2.2.2 Level 1: Driver Assistance

Devices that can help with either steering or acceleration/deceleration but not both
activities at once constitute level 1 automation. Adaptive cruise control, which
adjusts the vehicle’s speed to guarantee a safe distance between it and the next
car, is a shining example of Level 1 automation. This also covers lane-keeping
assistance, which consists in minor steering changes to guarantee the vehicle stays
in its allocated lane. At this point, the human driver must keep active participation
and always be aware of their surroundings, ready to take over right away when
need (International, 2021).

2.2.3 Level 2: Partial Automation

In level 2 vehicles equipped with advanced driver assistance systems (ADAS) let the
driver control steering, speeding up and slowing down, and specific circumstances
all at the same time. General Motors’ Super Cruise and Tesla’s Autopilot are two
well-known examples. In addition, these systems can keep you in your lane, follow
other cars, and keep you safe. Still, the person who drives must be vigilant and
prepared to take over at any one moment. Human supervision is required even if
the vehicle can handle some driving duties since it is not suited to manage all driving
activities in every scenario (Kalra & Paddock, 2016).

2.2.4 Level 3: Conditional Automation

Only under certain circumstances, at this level the car’s automated system may in-
dependently undertake all driving operations without any human intervention. This
degree is sometimes referred to as ”conditional automation” since the automobile
can drive on a highway but the person in charge must be prepared to take con-
trol when the automated vehicle signals. Audi’s Traffic Jam Pilot exemplifies Level
3 automation, wherein the system is capable of managing the car in slow-moving
traffic but necessitates the driver to regain control in more intricate situations. Lit-
man (2020) states that Level 3 automation signifies notable technological progress,
but it also brings about difficulties in ensuring that the driver is ready to intervene
immediately.

2.2.5 Level 4: High Automation

The vehicle’s capacity to independently execute all driving tasks within specified op-
erational design domains(ODDs) is referred to as Level 4 automation. These ODDs
may include specific geographic areas, types of roads, or unique circumstances, such
as good weather conditions. Level 4 vehicles function autonomously within defined
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parameters, obviating the necessity for human intervention. Waymo’s autonomous
taxis operate at Level 4 autonomy, limited to specific locations in Phoenix, Arizona,
offering a clear example. Level 4 vehicles possess the capacity to independently
perform the majority of driving responsibilities. However, there are certain cir-
cumstances in which human involvement may be necessary for autonomous systems
that go outside their specified ODDs, for instance in unexplored regions or during
extremely bad weather (Waymo, 2021).

2.2.6 Level 5: Full Automation

The highest level of autonomous vehicle technology is level five, which enables a ve-
hicle to perform any driving tasks without the help from a driver, no matter what the
conditions are. With the way technology is now, there is no need for human drivers.
With advancements in technology, people are becoming increasingly dispensable in
the role of drivers. Consequently, automobiles might eliminate conventional con-
trols such as pedals and steering wheels. Level 5 vehicles can effectively control all
potential driving conditions and independently negotiate any kind of surroundings.
This degree of automation foretells a future in which human driving involvement
is eliminated, therefore transforming urban planning, mobility, and transportation
SAE (International, 2021).

The advancement through the degrees of automated processes established by
the Society of Automotive Engineers (SAE) has significant ramifications for safety,
regulatory frameworks, and societal acceptance. With the advancement of vehi-
cle autonomy, there is a greater possibility to decrease mistakes made by drivers,
which is a primary cause for accidents. Nevertheless, every level comes with distinct
obstacles which must be addressed.

To summarize, the SAE levels of automation provide a systematic framework for
understanding the evolution and functionality of self-driving car technology. Each
level of autonomy, from Level 0 when human drivers have all responsibility to Level
5 when automobiles are completely autonomous, represents a step toward a future
of greater safety, efficiency and mobility. Still, reaching high degrees of automation
presents significant technical, legal, ethical, and societal challenges. Dealing with
these challenges by performing substantial research, building comprehensive legisla-
tive frameworks, and actively involving the public would help to fully exploit the
possibilities of self-driving automobiles.
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2.3 The Benefits of Autonomous Vehicles for Urban Trans-
portation

Vehicles that drive themselves are a huge technological achievement, they have the
ability to completely transform the way urban transportation is carried out. Au-
tonomous vehicles (AVs) provide numerous benefits by integrating advanced sensors,
machine learning algorithms, and artificial intelligence. The advantages encompass
higher safety, heightened efficiency, less transportation congestion, and improved
environmental sustainability. This section explores the various advantages of au-
tonomous vehicles in urban settings, supported by current research and real-world
illustrations.

2.3.1 Enhanced Safety

One of the inherent benefits of autonomous vehicles is their ability to significantly
reduce the frequency of road accidents. According to World Health (Organization,
2018), more than 90% of all automobile accidents are caused by human error.AVS
is capable of performing real-time analysis of extensive data because it integrates
advanced sensors and machine learning algorithms. They possess the ability to make
decisions that are both accurate and expedient, thereby diminishing the likelihood
of accidents taking place. Based on the research conducted by (Kalra & Paddock,
2016), autonomous vehicles AVs can substantially decrease the occurrence of road
accidents, resulting in a decline in the number of casualties and fatalities. Au-
tonomous vehicles AVs can consistently maintain a safe distance between vehicles,
precisely follow speed limits, and avoid dangerous movements. By harnessing the
collective power of these skills, we can make substantial progress in enhancing road
safety.

2.3.2 Increased Efficiency and Reduced Congestion

Autonomous cars have the potential to enhance the effectiveness of urban trans-
portation networks. By utilizing sophisticated traffic management algorithms and
enabling vehicle-to-vehicle V2V communication, autonomous vehicles AVs can en-
hance traffic flow and minimize congestion. Shladover et al. (2012) conducted a study
that found that autonomous vehicles AVs can collaborate to limit the occurrence of
stop-and-go traffic, optimize the flow of vehicles, and ultimately decrease travel du-
ration. Additionally, autonomous vehicles AVs can employ less congested routes,
equally disperse traffic across the road network, and adjust to real-time traffic cir-
cumstances. This results in an overall improvement in transportation efficiency.
Platooning, which involves autonomous vehicles AVs travelling in close proximity
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in coordinated groups, has a chance to significantly alleviate congestion on roads
and enhance the usage of roadways. Platooning reduces the amount of aerodynamic
resistance that vehicles experience and allowing more cars to travel in a given space
without risk of collision which in turn significantly increases the overall efficiency of
urban road networks (Bhoopalam et al., 2018). As a result, urban transportation
can become more efficient overall, which can drastically cut down on trip time.

2.3.3 Environmental Benefits

Mostly in terms of reduced fuel use and a lower generation of pollutants, autonomous
vehicles have great environmental advantages. To obtain optimal performance, au-
tonomous cars AVs can maximize driving patterns, hence improving fuel economy.
Among the duties are those of maintaining ideal speeds, applying smooth acceler-
ation and deceleration, and lowering idle times. By using these policies, fuel usage
and greenhouse gas emissions might be considerably lowered. Ten to forty percent of
autonomous vehicles AVs could help lower fuel consumption, according to the results
of a Mersky and Samaras (2016) study. The degree of automation accessible and
the current driving conditions determine the exact drop in fuel usage. Electric au-
tonomous cars can boost these environmental benefits. Electric AVs emit no exhaust
emissions, reducing urban air pollution. Urban air quality and living circumstances
could improve with the widespread usage of electric autonomous vehicles AVs (Jenn
et al., 2013).

2.3.4 Improved Accessibility and Mobility

Many people, especially the elderly, the crippled, and those without access to con-
ventional transportation, would benefit greatly from the increased accessibility and
mobility that autonomous cars offer. People who are unable to drive owing to age
or physical restrictions can benefit from autonomous vehicles (AVs) since they offer
an alternative form of transportation that improves their autonomy and mobility.
Improved accessibility can improve these individuals’ well-being and allow them to
participate more completely in social, economic, and recreational activities (Harper
et al., 2016).

Furthermore, AVs have the potential to accelerate the development of more adap-
tive and efficient public transportation networks. On-demand autonomous shuttles
and shared autonomous vehicle AV services provide convenient and cost-effective al-
ternatives to traditional public transit, particularly in areas with few transportation
options. These services have the potential to improve connectivity in metropolitan
regions, allowing residents easier access to jobs, education, and healthcare (Fagnant
& Kockelman, 2015a).
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2.3.5 Economic Benefits

Implementing autonomous vehicles can potentially generate substantial economic
advantages. Autonomous vehicles AVs has a possibility to decrease the financial
burden of crash-related costs by mitigating expenditures related to medical bills,
property destruction, and insurance fees. According to a report by the RAND
Corporation, if autonomous vehicles AVs are widely used, the U.S. economy may
potentially save up to $190 billion per year in expenses linked to car accidents (Meyer
et al., 2017).

Autonomous vehicles offer various benefits to urban transportation, including
increased safety, more efficiency, less congestion, environmental sustainability, in-
creased accessibility, economic incentives, and positive effects on urban design and
land use. To make the most of autonomous vehicles (AVs) in revolutionizing urban
transportation networks, it is critical to address the associated challenges as technol-
ogy improves. By leveraging the benefits of self-driving vehicles, cities may create
transportation networks that are more efficient, ecologically friendly, and accessible,
improving the well-being of urban residents.

2.4 Autonomous Vehicles Approach to Handling Unexpected
Obstacles

Autonomous vehicles (AVs) are a huge technical innovation that has the potential to
revolutionize transportation by increasing safety, efficiency, and accessibility. The
ability of AVs to successfully negotiate unexpected obstacles is a critical constraint to
their growth and implementation. This section delves into the advanced systems and
technologies that enable self-driving cars to navigate and respond to unanticipated
hazards, drawing on recent research and technological advances.

Autonomous vehicles use powerful sensing systems as their principal defence
mechanism against unforeseen obstacles. In order to get a complete understanding
of the vehicle’s environment, these systems employ a multitude of sensors, such as
LiDAR, radar, cameras, and ultrasonic sensors. LiDAR, or Light Detection and
Ranging, uses laser pulses to generate comprehensive 3D maps of the surroundings.
This allows the vehicle to properly detect and categorize impediments (Zhang et al.,
2019). Radar improves LiDAR by providing dependable detection capabilities in
a variety of weather conditions, including rain, fog, and dust, where optical sen-
sors may struggle (Patole et al., 2017). Cameras produce high-resolution visual
data, which is essential for recognizing road signs, traffic lights, and other complex
environmental cues (Geiger et al., 2012).

The sensors continuously collect data, which is then evaluated by the vehicle’s
onboard computer to recognize and classify items. Integrating data from several
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sensors enhances the dependability and precision of obstacle detection, ensuring that
the autonomous vehicle can recognize and react to a variety of potential hazards.

Artificial intelligence (AI) and machine learning (ML) are very important for
AVs to be able to understand sensor data and make quick choices. Deep learning,
a specialized branch of ML excels in tasks that require object identification and
categorization. Convolutional neural networks CNNs are commonly used to evaluate
data gathered from recording devices to identify people, bicycles, animals, and other
obstacles (Krizhevsky et al., 2012). AI algorithms have a significant influence on
predicting the behaviours of recognized things. When the autonomous car detects
a pedestrian at a crosswalk, it must indicate whether the individual is likely to
cross the road. Autonomous vehicles rely on predictive models that is developed
using tons of data that cover a diverse variety of driving circumstances. By utilizing
historical data, autonomous vehicles can make well-informed decisions (Bojarski et
al., 2016).

Additionally, reinforcement learning, an additional branch of AI, enables AVs to
acquire optimal driving policies through trial and error in simulated environments.
This method assists AVs in the development of strategies to manage complex and
dynamic situations that may not be explicitly programmed (Lillicrap et al., 2015).

After recognizing and categorizing an obstacle, the autonomous vehicle AV must
determine how to respond. In this setting, path planning and decision-making op-
erations are guided by algorithms designed expressly to ensure safety and efficiency.
Path planning algorithms generate plausible trajectories that the vehicle can follow
to avoid obstacles. These algorithms look at things like the speed of the car, the
state of the road, and how other drivers act (Paden et al., 2016).

The decision-making process requires evaluating the proposed courses of action
and choosing the most optimal one according to predetermined safety and efficiency
standards. Probabilistic models are frequently used to support this process, as they
evaluate the probability of various possibilities (Thrun et al., 2006).

To effectively cope with unanticipated obstacles, it is necessary to consider ethical
and regulatory issues. When it is impossible to avoid all harm, autonomous vehicles
AVs must be outfitted with algorithms that enable them to make ethical decisions
even in minor harm to avoid a major accident or decide how to prioritize the safety
of different road users (Diaz-Piedra et al., 2022).

Global governments and regulatory authorities are currently developing laws and
standards to regulate the testing and implementation. Due to these constraints, it
is often important to do comprehensive testing in many settings to ensure that
autonomous vehicles can effectively navigate through a wide array of unforeseen
circumstances (NHTSA, 2021).

Case studies and practical applications provide insightful analysis of how au-
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tonomous vehicles AVs negotiate and overcome unanticipated obstacles. Waymo
and Tesla have gathered millions of kilometres of actual driving data after thorough
testing. Waymo’s autonomous cars have deftly negotiated complex urban environ-
ments, so managing unanticipated obstacles such as drivers acting recklessly and
people crossing the road unlawfully (Waymo, 2021).

Tesla’s Autopilot technology uses ultrasonic sensors, radar, and cameras to detect
and respond to hurdles. The system is intended to prevent collisions by perform-
ing emergency braking, obstacle-aware acceleration, and evasive steering maneuvers
Tesla, 2020. These real-world implementations emphasize the ability of AV tech-
nologies to overcome unforeseen obstacles, while also emphasizing the necessity of
rigorous testing and ongoing refinement (Tesla, 2020).

Autonomous vehicles combine sophisticated sensor technologies, artificial intel-
ligence, machine learning, robust path planning, and decision-making algorithms to
effectively navigate unforeseen obstacles. The safe implementation of these tech-
nologies is facilitated by ethical and legal frameworks, while reliability is guaran-
teed by the introduction of redundancy and fault tolerance. Real-world examples
demonstrate the ability of autonomous vehicles AVs to successfully navigate com-
plex environments and respond quickly to unexpected risks. With the growth of
technology, autonomous vehicles will improve their ability to manage unexpected
obstacles, resulting in safer and efficient commute networks.

2.5 Key technologies in the development of autonomous ve-
hicles

The introduction of self-driving automobiles is one of the most significant technolog-
ical advancements in the transportation business. Many key technologies are driving
this development; each one helps to make self-driving automobiles useful, safe, and
efficient.

2.5.1 Artificial Intelligence and Machine Learning

Autonomous vehicle technology relies mostly on artificial intelligence AI. AI sys-
tems receive vast amounts of information from various sensors in real time, allowing
the vehicle to comprehend its surroundings, make judgments, and carry out driving
responsibilities. A subset of artificial intelligence, machine learning lets these sys-
tems grow from experience and gradually increase their performance. This includes
advanced pattern recognition, predictive analytics, and decision-making capabilities
that are similar to human cognition but with more precision and reliability. Accord-
ing to (Giuseppe, 2017), AI’s involvement in Human-Autonomous Vehicle HAV is
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crucial with virtual assistants acting as the vehicle’s ”brain.” These systems can rec-
ognize voices, understand commands, and make judgments to keep the car running
safely and efficiently.

2.5.2 Sensor Technology

Autonomous vehicles depend largely on a range of sensors to navigate and interpret
what is happening around them. Among these sensors are ultrasonic ones, radar,
cameras, LiDAR and Ranging, and Using laser beams, LiDAR systems create finely
accurate three-dimensional visualizations of the vehicle’s environment that precisely
identify objects and estimate their distance. Radar supports LiDAR by delivering
dependable data in inclement weather like rainfall, fog, snowfall. Sensors are re-
quired for visual recognition activities such as reading traffic signs, detecting lane
lines, and identifying pedestrians. Ultrasonic sensors are commonly used for short-
range detection, which helps with tasks such as parking. The integration of these
sensors allows AVs to have a thorough picture of their environment, which is critical
for safe and autonomous navigation.

2.5.3 Vehicle-to-Everything V2X Communication

Vehicles can communicate with each other, with infrastructure, and with other road
users through vehicle-to-everything (V2X) communication technology. This technol-
ogy allows for the transfer of information regarding traffic conditions, road dangers,
and vehicle movements, which improves the safety and efficiency of autonomous
driving. V2X communication helps to prevent accidents by alerting drivers to ap-
proaching accidents and allowing several vehicles to coordinate maneuvers. For
example, if one car senses an obstruction, it can immediately advise nearby vehicles
to slow down or change lanes, decreasing the danger of an accident.

2.5.4 High-Definition Mapping and Localization

Autonomous vehicles rely on precise mapping and localization systems. Accurate
details on the road network, including lane configurations, traffic signals, and other
road features, are included in high-definition HD maps. These maps are constantly
updated to reflect real-time changes in their surroundings. Localization technology,
such as GPS and inertial measurement units IMUs, allows the vehicle to determine
its exact location on a map. This guarantees that the vehicle can accurately navigate
and stay on its intended path. HD mapping and localization technologies work
together to provide the vehicle with the spatial awareness it requires to operate
securely.
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2.5.5 Advanced Control Systems

The control systems in autonomous vehicles are in charge of carrying out driving
tasks based on data processed by AI algorithms and sensor inputs. These systems
encompass trajectory planning, motion control, and vehicle dynamics control. Tra-
jectory planning is finding the best course for the vehicle to take while taking into
account road conditions, traffic, and safety. Motion control guarantees that the vehi-
cle maintains the planned trajectory while modifying speed and steering as needed.
Vehicle dynamics control regulates the forces exerted on the vehicle to maintain
stability and control, especially during maneuvers like cornering or braking.

These technologies, when combined, have made it possible for autonomous ve-
hicles to reach new levels of sophistication. The challenge remains, still in ensuring
the security and reliability of such systems in the varied and unpredictable real
world. To solve these issues and make fully autonomous vehicles popular, research
and development must continue continuously.

2.6 Major Challenges in Autonomous Vehicles

This section explores the technical and practical challenges in developing and im-
plementing autonomous vehicles, focusing on six main ones: navigation issues, in-
tegration with smart city infrastructures, and understanding driver concerns and
mistrust. It provides insight into the limitations of autonomous systems and how
drivers of different experience levels interact with and trust them.

2.6.1 Navigate in a Complex Urban Environment

Av’s face considerable challenges while navigating complicated metropolitan land-
scapes. Urban regions have a wide range of dynamic and unpredictable features,
such as jam-packed roads, pedestrians, cyclists, and confusing roadways. Because of
autonomous vehicles AVs require advanced perception, decision-making, and control
skills to ensure secure and effective navigation.

2.6.2 3D Scene Perception and Real-Time Object Detection

A study on real-time object identification and 3D scene perception (Basit et al.,
2023) found that autonomous driving relies on the vehicle’s ability to detect and
access its surroundings effectively. The research focuses on using a vision-based
perception system with stereo camera feeds to forecast the positions of automobiles,
bicycles, and people. This system can also recognize signs on roads and traffic
signals using 2D object recognition and categorization. Implementing deep learning
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algorithms in real-time requires improving models for efficient inference utilising the
TensorRT framework and ROS interface (Basit et al., 2023).

2.6.3 GNSS/INS-Based Navigation

Availability and dependability of Global Navigation Satellite System (GNSS) and
inertial navigation system (INS) based navigation systems are other important con-
siderations. Investigating the dependability of highly integrated INS/GNSS navi-
gation systems for autonomous vehicles in city settings in densely populated cities
like Chicago’s downtown, the study by Nagai et al. (2021) finds out how long and
under what circumstances a car can keep its navigational precision. It emphasizes
the requirement for external range sources to complement navigation in GPS-denied
areas, ensuring continuous and fault-free navigation.

2.6.4 Hierarchical Control Systems

”A Hierarchical Control System for Autonomous Driving” the paper proposes a
multi-layered strategy for running AVs in urban contexts. The methodology for
making choices, route planning, and control tools are all part of this. To navigate
safely and comfortably through unstructured environments, the system employs a
real-time hybrid A* algorithm for obstacle avoidance (Nam et al., 2020).

2.6.5 Scalable Self-Driving Policies

The 2020 study by Cai et al. (2020) on scalable self-driving policies aims to create
deep learning approaches that apply to many traffic scenarios, including urban, rural,
and highway environments. This research presents a graph-based deep network that
is capable of handling various driving scenarios and has a good track record of
performance when navigating complicated urban surroundings. This technique tries
to overcome the limitations of existing modular frameworks, which struggle with
scalability and require substantial hand-tuning.

2.6.6 Integration with Smart City Infrastructures

The paper investigates the connection between smart cities and self-driving cars by
surveying the challenges faced by smart city infrastructures. Kulabukhova (2023)
investigates the success of adapting autonomous vehicles to urban mobility situ-
ations, such as unmanned logistics corridors and data management. The report
compares options to overcome these difficulties and emphasizes the necessity for
seamless integration of AVs with smart city infrastructure to improve urban mobil-
ity.
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2.7 Ethical Considerations

The ethical considerations of programming autonomous vehicles include complex
decision-making scenarios in which the vehicle must prioritize safety, equity, and
social standards. These issues of ethics are crucial for establishing public trust and
ensuring the proper deployment of AVs.

2.7.1 Decision-Making Frameworks

Ethical programming in AVs needs frameworks that guide decision-making in situa-
tions where harm is unavoidable. For example, when a collision is approaching, the
vehicle’s programming must determine how to reduce injury to all people involved.
This involves considering the safety of the passengers, pedestrians, and people on
the road. The goal is to provide transparent and consistent ethical rules that can
be built into AVs to address such dilemmas.

2.7.2 Transparency and accountability

Transparency in the AV decision-making process is critical for public trust. Users
must understand how and why an AV takes specific judgments, particularly in crit-
ical situations. This demands the design of transparent AI systems capable of pro-
viding detailed reasons for the vehicle’s conduct. Accountability measures must also
be established to identify liability in AV-related accidents.

2.7.3 Bias and Fairness

Another ethical challenge is ensuring that artificial intelligence algorithms remain
free of bias. Biases in AI systems can result in unfair treatment toward specific
groups, like minority pedestrians or individuals with impairments. To ensure that
all road users are treated fairly and equally, AV algorithms must be developed and
tested using a variety of data sets.

2.7.4 Privacy and Data Security

AVs collect and handle massive amounts of data, including personal information
about passengers and vehicle owners. Protecting this data from illegal access and
maintaining privacy are also crucial ethical considerations. To protect sensitive
information, strong data security and privacy policies must be put in place.
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2.8 Summary

Chapter 2 provides an in-depth overview of autonomous vehicles (AVs), highlight-
ing their potential benefits and the technologies driving their development. These
vehicles promise improved road safety, increased traffic efficiency, environmental
benefits, and economic advantages. AVs rely on key technologies such as sensor
systems, artificial intelligence, and Vehicle-to-Everything communication to achieve
these goals.

A crucial aspect of AV functionality is their ability to handle unexpected obsta-
cles. This is accomplished through the integration of multiple sensor data and the
implementation of ethical decision-making algorithms. However, several challenges
remain in AV implementation, including navigation in complex urban environments,
real-time object detection, and the development of scalable self-driving policies.

Beyond technical hurdles, the chapter also addresses important ethical considera-
tions surrounding AVs, including the need for transparency, accountability, and user
privacy protection. In conclusion, the successful implementation of autonomous ve-
hicles hinges on overcoming these technical challenges, addressing ethical concerns,
and ultimately gaining widespread user acceptance.

The following chapter will look at how drivers’ experience levels influence their
interactions with AVs, the importance of trust in human-automation interactions,
and how trust affects drivers’ participation with non-driving duties and efficiency in
takeover scenarios. By understanding these trust dynamics, we can better address
the challenges identified in this chapter and work towards successfully integrating
autonomous vehicles into our transportation systems.
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3 Trust in Autonomous Vehicles
This section delves into the importance of trust in the acceptance and deployment of
autonomous vehicles, specifically looking at experience level among drivers and the
dynamics of human-automation interaction. It provides the theoretical foundation
for investigating trust calibration, its impact on non-driving tasks, and its impact
on driver performance in takeover scenarios.

3.1 Drivers’ Experience with Automated Vehicles

The transition from manual to autonomous vehicles presents new difficulties and
opportunities for drivers of various levels of experience. According to research, driv-
ing experience influences how drivers interact with and adapt to automated driving
technologies. Payre et al. (2016) discovered that experienced drivers performed
better in regaining manual control from an automated system than less experienced
drivers. This shows that earlier driving expertise may be useful in adapting to new
autonomous systems. Additionally, experienced drivers benefited more from auto-
matic driving, showing improved driving behavior such as safer speed adjustment
and stronger manoeuvring skills, increasing the safety of drivers (Selander et al.,
2011).

However, Li et al. (2018) discovered that, while experienced drivers performed
better in takeover circumstances, the benefits were less obvious in challenging cir-
cumstances, implying that the benefits of experience may vary depending on the
driving situation. Furthermore, Larsson et al. (2014) explored how experience with
automated systems, specifically adaptive Cruise Control ACC, influences drivers’ re-
sponses to key occurrences. They found that drivers who had grown accustomed to
ACC exhibited more appropriate behavior in a cut-in situation than those who had
never used it before. Larsson et al. (2014) also indicated that prior familiarity with
automated systems can increase performance in critical situations. These results
highlight the need to consider driver experience when developing and implementing
autonomous vehicle systems. The effect of driver experience can also be observed
in the driver’s attention. While experienced drivers may select lower-risk secondary
tasks in automated driving, novice drivers are more likely to engage in secondary
tasks. (He & Donmez, 2019).

In our study, we expand on this line of investigation by specifically investigating
the relationship between driving experience, trust, and performance with automated
technologies. Unlike Larsson’s findings on performance Larsson et al. (2014), we
suggest that beginner drivers may initially have more trust in automation than ex-
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perienced drivers. This hypothesis is founded on the assumption that experienced
drivers are more conscious of the intricacies and possible constraints of driving ac-
tivities, resulting in a more cautious approach to new technologies. However, it is
vital to highlight that trust and performance, while related, are distinct concepts.
Higher trust does not always lead to improved performance, and vice versa.

3.2 Significance of Trust

With a growing dependency on automated vehicles, it is essential to recognize the
value and significance of trust (Hoff & Bashir, 2015). Specifically, automation has
become important in several industries, such as healthcare, transportation, produc-
tion, and computer systems (Moritz Körber, 2018). Trust in automation is described
as a person’s faith or confidence in the dependability, predictability, and competency
of automated systems Balfe et al. (2018) to do jobs successfully and safely.

The importance of trust in improving human-automation interaction for achiev-
ing performance and safety goals has been demonstrated in multiple research. Hoff
and Bashir (2015) conducted a systematic analysis concentrated on studies in which
humans engaged with automated systems to accomplish specific objectives while
investigating the association between trust and other concepts. The analysis found
that confidence in automation is similar to trust in interactions between humans
when talking of performance expectations and the requirement for openness. How-
ever, automation systems face particular obstacles in gaining confidence, such as
demonstrating consistent dependability and providing clear, meaningful communi-
cation about their operations (Hoff & Bashir, 2015). This suggests that trust in
automated systems comes from a complex interaction of circumstances. Building
confidence in automated systems requires positive user experiences, constant effi-
ciency in accomplishing user goals, and good handling of many scenarios, including
potential errors (Hancock et al., 2011; Lee & See, 2004). As users witness consistent
performance across these dimensions, their trust in the automated system grows,
allowing for more effective human-automation interaction and perhaps enhancing
overall system performance and safety. Mirnig et al. (2018) emphasize the impor-
tance of balancing trust with an understanding of automated systems’ capabilities
and limitations. The efficiency of human-automation interaction can be enhanced
by striking a balance between the two extremes of trust, which might cause ei-
ther excessive caution or carelessness. Because of its complexity and importance
in human-automation interaction, the evolving trust structure posits that trust in
autonomous vehicles changes over time and may be evaluated by interventions like
trust monitoring, driver teaching, and HMI design improvements (Gao et al., 2021).

Trust is also an important factor in the way drivers approach non-driving re-
lated tasks NDRTs, affecting handover quality and speed of response (Hergeth et
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al., 2016). In an autonomous driving scenario, visual-manual input is required for
several NDRTs, including mobile phone messaging, navigation, and media system
menus (Horberry et al., 2006). The impact of NDRTs on drivers’ ability to resume
control of partially automated vehicles has produced complex findings important for
understanding trust dynamics (Körber et al., 2018; Zeeb et al., 2016). While the
authors found that participating in visual-manual secondary tasks, such as texting
or reading on a tablet, had no significant effect on take-over time ToT, meaning the
amount of time it takes drivers to return their attention to their steering wheels dur-
ing take-over requests, such tasks did affect the quality of takeover, with distracted
drivers deviating further from the center lane. Zeeb et al. (2016) found that cognitive
load and other driver distraction factors can influence takeover performance even
when the ToT remains unchanged.

Furthermore, external traffic monitoring does not significantly enhance situation
awareness or take-over performance when compared to direct involvement within the
driving environment, emphasizing the significance of keeping a constant connection
to the road (Radlmayr et al., 2018). This implies a complicated link between NDRT
involvement, cognitive demands, and driving performance that extends beyond sim-
ple reaction times. In this work, we used eye tracking to monitor drivers’ gaze while
they engage in NDRTs. The impact of NDRTs on take-over performance changes
with task complexity and driver involvement level, emphasizing the critical impor-
tance of keeping drivers neither overly occupied nor too disengaged. The capacity
of drivers to take over manual control efficiently after engaging in NDRTs without
risking safety remains a major worry as automation levels rise. According to Jin
et al. (2020), more experienced drivers have a higher trust in automation. This does
not always transfer into better monitoring tactics, since beginner drivers, although
having less trust, may engage in NDRTs more frequently. This detail highlights
the necessity for adaptive techniques that take into account particular driver traits,
trust levels, and the context of automation used to enhance customer experience and
passenger safety in autonomous cars. Finally, the kind of NDRTs and the technique
of take-over requests, such as vibration patterns, greatly impact driver behavior and
trust, highlighting the need to create appropriate alert systems as well as knowing
the impacts of task type on driver alertness as well as security (Wan & Wu, 2018).

3.3 Summary

Chapter 3 explored the importance of trust in the acceptance and use of autonomous
vehicles (AVs). It highlighted how drivers’ experience levels influence their interac-
tion with AVs, revealing that experienced drivers often perform better in takeover
scenarios, though this advantage may vary depending on the driving situation. Trust
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emerges as a crucial factor in human-automation interaction, significantly impact-
ing the effective use of automated systems and influencing drivers’ approach to
non-driving related tasks (NDRTs).

Several key findings emerged from this chapter. Experienced drivers generally
perform better in regaining manual control from automated systems, though this
advantage may diminish in challenging situations. Familiarity with automated sys-
tems, like knowing Adaptive Cruise Control (ACC), can improve driver performance
in critical situations. Automation trust is a complicated issue that includes aspects
like system dependability, predictability, and competency. Engagement in NDRTs
affects takeover quality and response speed, with visual-manual tasks potentially
impacting the quality of takeover performance. Driver experience influences trust
levels, with more experienced drivers often showing higher levels of trust, though
this doesn’t always translate to better monitoring strategies.

These insights into trust dynamics and driver experience set the stage for Chapter
4, which describes an experimental study to further investigate these concepts. The
experiment described builds upon the theoretical foundation laid out in this chapter,
examining how driving experience, trust development, and visual interactions with
autonomous driving systems interplay in a simulated environment.

By using eye-tracking technology, incorporating NDRTs, and employing trust-
related questionnaires, the experiment in Chapter 4 aims to provide evidence for
the theories and observations discussed in this chapter. It will explore how trust
and visual attention patterns differ between beginner and experienced drivers across
various driving conditions, addressing the research questions raised in Chapter 1.

This experimental approach will allow more understanding of how the theoretical
concepts of trust and driver experience manifest in practical scenarios, potentially
offering valuable insights for the development and execution of autonomous vehicle.
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4 Experiment
The thesis’s experimental design aims to explore the interplay between driving expe-
rience, trust development, and visual interactions with autonomous driving systems.
We divided 20 participants into two groups of beginner and experienced drivers, ex-
posing them to three distinct driving conditions: manual, non-critical, and critical
autonomous, all within a simulated environment. The participants were given two
driving scenarios, Scenario1 Manual, Non-critical, and Critical and Scenario2 Man-
ual, Critical and Non-Critical in randomised order.

The methodology includes eye-tracking technology to analyze visual attention
patterns, along with Non-driving related tasks, driving data, and trust-related ques-
tionnaires. This varied approach enables us to address the research questions by
examining how trust and visual attention with autonomous systems can vary across
different levels of driving experience. To maintain consistency across the study, we
ensure that all participants complete each driving task in the same order. The exper-
iment aims to compare visual attention allocation between beginner and experienced
drivers across various driving conditions, while also investigating the evolution of
trust levels and driving behaviors in autonomous driving situations.

4.1 Participant

The study includes 20 participants 5 females and 15 males; mean age 30.61, SD
5.16. They were separated into two groups: beginner drivers 3 F and 7 M with less
than or equal to five years and experienced drivers 2 F, 8 M with more than five
years of experience. Participants must have a driver’s license for at least a year. The
average driving experience for the beginner group was 2.9 years SD = 1.28, whereas
the experienced group had their license for an average of 11.1 years SD = 5.15.

This 5-year timeframe allows for an appropriate difference between drivers who
are in their learning phase and those who are likely to have acquired the skill,
potentially affecting their interactions with and in automated vehicles. This duration
also allows drivers to experience various types of driving scenarios, which may lead
to increased skills. Several studies suggest that the 5-year mark may capture a
significant portion of the driver’s skill development period, which could be crucial in
shaping their views about automated vehicles (Mayhew et al., 2003; Xu et al., 2022).
While acknowledging that driving experience is a continuous process and individual
learning rates may vary, the 5-year threshold ensured a balanced distribution of
participants across groups in our study. All participants received a consent form
before the experiment started. In the end, they received a movie ticket as a token
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of appreciation for their time.

4.2 Procedure

The experiment had two groups: beginners and experienced drivers. It was a
between-subject design. Participants were given information about the experiment
and the driving method after they signed the consent form. Before the test, they
were asked to fill out the TiA and then sit in the driver’s seat and make it comfort-
ably fit them. Before they started the driving scenarios, the eye tracking was set
up. There was a training step to make sure that everyone was comfortable using the
driving simulator. After the training session was over, the subjects were randomly
put into two groups: Scenario 1 was a manual, non-critical, and critical condition;
and Scenario 2 was a manual, critical, and non-critical condition. People filled out
the TiA a second time after the experiment was over. The whole experiment took
about 45 minutes for each person, and the driving part took 17 minutes and 6
seconds for each scenario and 5 minutes and 42 seconds for each condition.

4.3 Apparatus and Materials

This section outlines the key components used in our autonomous driving study.
This will cover the driving simulator setup, including hardware and software, the
conditions tested, eye-tracking technology, and the trust assessment questionnaire.
This equipment allowed us to create realistic driving scenarios and measure partic-
ipants’ responses accurately.

4.3.1 Driving Simulator

The CARLA simulator was used for the experiment (CARLA, 2024; Dosovitskiy et
al., 2017), which offered a realistic driving environment. The visual interface had a
180-degree front field view and three extra screens for the rear, left, and right mirrors
see Fig. 4.2. To make the simulation real and immersive, a custom passenger
car cabin was built out of aluminium profiles. The driving controls included a
Simucube Tahko steering wheel installed on a Simucube 2 Pro wheelbase, along
with the Meca Evo1 accelerator and brake pedals. Participants were placed in a
Sparco R333 V2 seat that included a PT Actuator TensionR seatbelt for additional
safety and authenticity. The driving system provided both longitudinal acceleration
and braking and lateral steering control, allowing maneuvers such as overtaking
other vehicles. A Smart Eye Pro eye v10.1 tracker was used to collect eye movement
data and analyze driving behavior. This setup enabled driving simulation to mimic
real-world driving conditions and interactions precisely.
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Figure 4.1 The red car represents the driver’s vehicle. Condition 2 Non-Critical:
Optional lane change; Condition 3 Critical: Necessary maneuver to prevent an accident.

Stimuli

On a medium-density road with three lanes, the participants were told to go at a
speed of 90 km/h. The following three driving conditions were put into effect:

Manual driving Condition 1: Participants were advised to stay in their lane
while driving through traffic. This condition served as a baseline for the study.

Non-critical autonomous driving: Condition 2 Fig. 4.1-Left: The driver
is monitoring the road while the car is driving in the central lane. After 5 minutes,
a car from the right lane signals a safe lane change with a visual indicator. This
lane change continues for 2.5 seconds. The driver has the option to take over. If
they choose not to assume control of the vehicle, the automated driving system will
continue to monitor the road and the vehicle to ensure safe operation.

Critical autonomous driving Condition 3: Fig. 4.1-Right: In this auto-
mated condition , the driver’s car is positioned in the central lane. After 5 minutes,
a car abruptly changes lanes from the right, creating an imminent collision if the
participant’s vehicle stays in its lane. This is a critical condition, and the driver
must take control to avoid a collision.

An experimental interim was implemented during each condition in which par-
ticipants engaged in NDRT see Fig. 4.3. The NDRT consisted of a visual-manual
task requiring the identification of a song on an iPad Air 4th generation, 10.9 screen
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Figure 4.2 Area of Interest AOI in the driving simulator

size, 1640 X 2360 pixels through a list on Spotify in which participants were asked
to locate and play a specific song on this list. To complete the task, participants
had to reallocate their visual attention away from the road to the display. An eye
tracker was monitoring their gaze and whether they kept their focus on the road
while searching for the song.

Eye tracking system and parameter

Smart Eye Pro v10.1 eye tracker equipped with 3 cameras and 2 IR sources was
used to measure eye movements. The eye tracking software, developed with Python
and C#/WPF, recorded participants’ eye movements in real-time and captured the
timestamps for the onset and offset of each scenario Manual, Critical and Non-
critical, and NDRT. The windshield, three mirrors rearview, right, and left, and
central console which housed a tablet displaying NDRT were defined as Areas of
Interest AOI as shown in Fig. 4.2.
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Trust in Automation questionnaire

The questionnaire Trust in Automation TiA, which was developed by Körber (Moritz
Körber, 2018), was utilized in its English version. It comprises 19 items on a five-
point Likert scale, with 1 indicating a strong disagreement and 5 indicating a strong
agreement. The questionnaire is divided into six subscales:

• Reliability/Competence 6 items: evaluates the system’s capability to interpret
situations, reliability, the likelihood of malfunction, ability to handle complex
tasks, error rate, and confidence in system capabilities.

• Familiarity 2 items: assesses prior experience with similar systems.

• Propensity to Trust 3 items: evaluates caution with unfamiliar systems, gen-
eral trust in systems, and belief in how well-automated systems work.

• Understanding/Predictability 4 items: measures the clarity of system state,
predictability of reactions, understanding why things happen, and ease of iden-
tifying future actions.

• Intention of Developers 2 items: assesses trustworthiness of developers and
their concern for user well-being.

• Trust in Automation 2 items: directly evaluates the individual’s overall trust
in the specific automated system under evaluation.

4.4 Summary

Chapter 4 detailed the experimental design used to investigate the interplay between
driving experience, trust development, and visual interactions with autonomous
driving systems. The study involved 20 participants (5 females and 15 males; mean
age 30.61, SD 5.16) divided into two groups: beginner drivers ( 5 years of experience)
and experienced drivers (>5 years of experience).

The experiment used a between-subjects design with three different driving con-
ditions: manual, non-critical autonomous, and critical autonomous. It has two sce-
narios, which include all three conditions in different sequences, and these scenarios
were randomly allocated to participants. The study utilized the CARLA Simulator
to provide a realistic driving environment, complete with a 180-degree front field
view and three additional screens for mirrors. A custom passenger car cabin was con-
structed to enhance immersion, equipped with professional-grade driving controls
and a Smart Eye Pro eye tracker.

The driving conditions were carefully designed to test different aspects of au-
tonomous driving. The manual condition served as a baseline, while the non-critical
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Figure 4.3 Procedure and measures of the experiment: All drivers start with the manual
driving condition followed by two autonomous driving conditions with randomized order.
The TiA is given before and after the experiments. Two interim stages are introduced
during driving.

autonomous condition presented an optional lane change. The critical autonomous
condition introduced an abrupt lane change by another vehicle, necessitating driver
intervention to avoid a collision. Throughout the experiment, participants were
instructed to complete a Non-Driving Related Task (NDRT) involving song identi-
fication on an iPad, allowing researchers to observe how attention was divided be-
tween driving and secondary tasks. Data collection methods included eye-tracking
technology to analyze visual attention patterns, driving performance data, and the
Trust in Automation (TiA) questionnaire.

This comprehensive experimental setup aimed to address the research questions
by examining how trust and visual attention patterns with autonomous systems
vary across different levels of driving experience. By combining objective measures
(eye-tracking, driving data) with subjective assessments (TiA questionnaire), the
study sought to provide an understanding of driver behavior and trust development
in autonomous driving conditions.
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5 Results
This chapter presents the analysis of driving performance and behavior in au-
tonomous and manual driving conditions, focusing on both beginner and experienced
drivers. It explores three key areas: the Standard Deviation of Lateral Position
(SDLP), Trust in Automation (TiA), and eye-tracking data. The SDLP analysis
provides insights into drivers’ vehicle control, while the TiA questionnaire examines
participants’ trust in autonomous vehicles before and after the experiment. Eye-
tracking data, particularly Mean Glance Duration (MGD), offers a detailed look at
drivers’ visual attention patterns across different Areas of Interest (AOIs) during
various driving conditions and tasks. Through these analyses, the chapter aims to
uncover driver behavior and adaptation to autonomous driving systems, highlighting
the differences between beginner and experienced drivers in terms of performance,
trust, and visual attention allocation.

5.1 The Standard Deviation of Lateral Position

The Standard Deviation of Lateral Position SDLP is a metric that measures the
variability of a vehicle’s lateral position on the road while driving. It is calculated
by measuring the vehicle’s lateral position distance from the center lane at reg-
ular intervals and calculating the standard deviation of those findings. A higher
SDLP shows more variability in the vehicle’s lateral position, which can suggest
poor vehicle control or attention problems. SDLP has been frequently employed as
a sensitive predictor of driving performance in both on-road research and driving
simulator trials. It is a reliable and valid measure of driving behavior that correlates
with various indicators of driving impairment and safety (Ramaekers, 2003; Verster
& Roth, 2011).

The formula for the SDLP used is:

SDLP =

√√√√ 1

N

N∑
i=1

yi − ȳ2

Where:

• N is the number of observations in the segment,

• yi is the lateral position of the i-th observation,

• ȳ is the mean lateral position for the segment.
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Figure 5.1 Standard Deviation of Lateral Position with error bars representing 95%
confidence intervals for a Scenario 1 and b Scenario 2.

The bar plots in Fig. 5.1 depict the SDLP with 95% confidence intervals CI
for beginner and experienced drivers in both scenarios. Beginner drivers displayed
a wide confidence interval in the final driving condition Critical for Scenario 1 and
Non-Critical for Scenario 2. This could suggest that they increasingly depended on
the autonomous system over time to handle the driving conditions, whether it is
Critical or Non-Critical.

The line plots in Fig. 5.2 illustrate the SDLP against the total distance trav-
elled in 1-kilometre segments for both beginner and experienced drivers under three
different driving conditions: Manual, Critical, and Non-Critical. A notable observa-
tion is that beginner drivers consistently cover shorter distances compared to experi-
enced drivers across most conditions and scenarios. Research suggests that beginner
drivers, due to their limited experience and confidence, tend to adopt more cautious
driving behaviors, often driving at lower speeds and focusing more on safety in crit-
ical conditions (Borowsky et al., 2010). Crundall (2016) also showed that novice
drivers are less likely to predict environmental dangers during hazard perception,
leading to longer reaction times. In our scenario, where the car changes lanes at a
fixed time, beginner drivers, driving at slower speeds, are likely to encounter the car
earlier in their journey, while experienced drivers encounter it later due to covering
more distance in the same timeframe.

A second observation concerns the steering behavior when a car in the right
lane changes to the central lane. A sudden increase in SDLP was observed twice—
after abrupt and signalled lane changes for beginner drivers in the critical and non-
critical conditions respectively. These findings suggest that beginner drivers while
relying on automation, may struggle with the timely integration into active vehicle
control. This is evident from the dual peaks in SDLP; the first increase occurs
when the autonomous system was initially handling the lane change, followed by a
second increase as the driver took over to assume manual control effectively. This
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Figure 5.2 SDLP against the total distance travelled in 1-kilometre segments for both
beginner and experienced drivers under three different driving conditions: Manual, Critical,
and Non-Critical for Scenarios 1 and 2. The car icon indicates the lane change event.

delayed response and the need for a secondary adjustment period led to greater
variability in their lane positioning during transitions from automated to manual
control. In contrast, experienced drivers display a different pattern. Although their
SDLP also increases following a lane change, it occurs only once, indicating a more
seamless transition to manual control, and they demonstrate better overall vehicle
management for the remainder of the driving segment. This more stable control
is particularly noticeable during the last driving segment critical in Scenario 1 and
non-critical in Scenario 2, evidenced by shorter SDLPs after the car’s appearance in
the center lane.

5.2 Trust In Automation

Trust in Automation TiA questionnaire Moritz Körber (2018) was used to examine
various elements of participants’ trust in autonomous vehicles. A two-way mixed
Analysis of Variance ANOVA was performed on the before and after scores of two
different participant groups: beginner and experienced drivers. Only significant
results are discussed.

There was a significant difference between beginner and experienced drivers F1,
21 = 4.26, p < 0.05, η2p = 0.169 and before and after scores F1, 21 = 5.01, p < 0.05,
η2p = 0.193 for the understanding/predictability sub-scale. As shown in Fig. 5.3
Experienced drivers showed higher understanding and predictability of the system
compared to beginner drivers. Although there was no significant difference between
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Figure 5.3 Line plots with error bars representing 95% confidence intervals a Under-
standing and Predictability UP ratings before and after intervention for experienced and
beginner groups b Reliability and Competence RC and c Trust Propensity Pro before and
after intervention.

the two groups, the post-study scores for both reliability/competence Fig. 5.3b
were significantly higher for both groups compared to pre-study scores F1, 21 =
44.33, p < 0.05, η2p = 0.679. A similar trend was observed for propensity to trust
Fig. 5.3c where the scores were significantly higher after the experiment F1, 21 =
6.02, p < 0.05, η2p = 0.223.

5.3 Eye Tracking Data

From eye movement data, we estimated Mean Glance Duration MGD which repre-
sents the average duration of all gazes toward an AOI. A three-way mixed ANOVA
with the factors Conditions Manual, Critical, Non-Critical, Task Driving, NDRT,
and Group Experienced, Beginner and the MGD as a dependent variable for each
AOI as seen in Fig. 4.2. This AOI consists of a Central Console CC, Left Dash-
board LD, Rearview Mirror RV, Windshield W, Right Mirror RM, and Left Mirror
LM.

5.3.1 Central Console

The ANOVA analysis revealed a significant main effect of conditions, F 2, 36 =
13.497, p < .001, η2p = 0.429, indicating substantial differences in MGD across the
three conditions. Post hoc comparisons, using Holm’s correction, revealed significant
differences between the Manual and Critical conditions p < .001, as well as between
the Manual and Non-Critical conditions p < .001. Fig. 5.4a shows that the MGD
was significantly shorter in the manual condition compared to the two autonomous
conditions. The main effect of the Task was also significant, F 1, 18 = 48.374, p <
.001, η2p = 0.729, showing that MGD was significantly higher during the NDRT task
compared to the driving task.
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Figure 5.4 Mean Glance Duration per AOI for the driving road task and NDRT for the
a central console CC, b Left Mirror LM, c Right Mirror RM, d windshield W and e Left
Dashboard LD across manual, critical, and non-critical driving conditions.

5.3.2 Left and Right Mirrors

For the Left Mirror, MGD differed significantly F 1, 18 = 6.813, p =.018, η2p =.275
between driving and NDRT. This effect was expected, with the MGDs towards the
left mirror during NDRT almost nonexistent. Although there was no significant
difference between the conditions, the Non-Critical condition exhibits the larger
variation as shown by the large confidence interval in Fig. 5.4b, likely due to
mixing factors such as less need for vigilance or more reliance on the autonomous
system leading to varied behavior.

For the right mirror, the ANOVA revealed a significant difference in MGD for the
main factors Condition F2, 36 = 4.037, p =.026, η2p =.183 and Task F1, 18 = 6.169,
p =.023, η2p =.255. There was also an interaction effect between Condition and Task
F2, 36 = 3.405, p =0.044, η2p =0.159. To break down the interaction, simple pairwise
comparisons were performed. The post-hoc analysis with Holm’s correction revealed
significant differences between the Manual and Critical conditions p =.024. Fig.
5.4c shows that participants spent more time looking at the right mirror during the
Critical condition for the road task which suggests the sudden lane from the right side
vehicle was noticed and prompted them to look at the right mirror longer. Although
the MGD for the Non-Critical was higher than the Manual driving, this difference
was not significant. Taken together and even though drivers were not explicitly
aware that the critical level of each situation, they may have subconsciously picked
up on subtle environmental cues that signalled increased complexity or potential
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risk, leading them to monitor the right mirror more closely without fully realizing
the situation was more demanding.

5.3.3 Windshield and Dashboard

The analysis showed a significant main effect of Condition F2, 36 = 7.980, p =.001,
η2p =.307 and Task F1, 18 = 147.382, p <.001, η2p =.891. Post-hoc analysis revealed
a significant difference between the Manual condition and both Critical and Non-
Critical conditions p < .05. Fig. 5.4d shows that during manual driving, the driver
looks at the road more than in autonomous driving suggesting that this behavior
is less prominent during autonomous driving. This was even more evident during
the NDRT while drivers were monitoring the road more often during the Manual
condition. Finally, the analysis for the MGD for the Left Dashboard revealed a
significant effect of task F 1, 18 = 5.730, p =.028, η2p =.241, with longer glance
durations for the road task see Fig. 5.4e.

5.4 Summary

This chapter presented an analysis of driving performance, trust in automation,
and visual attention patterns in both autonomous and manual driving conditions,
comparing beginner and experienced drivers across various metrics. The study of
Standard Deviation of Lateral Position (SDLP) revealed significant differences be-
tween the two groups. Beginner drivers showed wider confidence intervals in critical
and non-critical conditions, suggesting increased reliance on autonomous systems
over time. They also exhibited a dual-peak pattern in SDLP during lane changes,
indicating difficulties in transitioning from automated to manual control. In con-
trast, experienced drivers demonstrated more consistent SDLP across conditions
and showed a single peak in SDLP during lane changes, suggesting better overall
vehicle management and a more seamless transition to manual control.

The Trust in Automation (TiA) questionnaire provided insights into how drivers’
perceptions changed throughout the study. Experienced drivers showed a higher
understanding and predictability of the autonomous system compared to beginner
drivers. Interestingly, both groups demonstrated significantly higher post-study
scores for reliability/competence and propensity to trust, indicating increased trust
in the autonomous system after exposure. This suggests that familiarity with au-
tonomous systems can positively influence user acceptance across different experi-
ence levels.

Eye-tracking data, analyzed through Mean Glance Duration (MGD), revealed
differences in visual attention allocation across driving conditions and tasks. MGD
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for the central console was significantly shorter in manual driving compared to au-
tonomous conditions, and higher during non-driving related tasks (NDRT) compared
to the driving task. Participants spent more time looking at the right mirror dur-
ing critical conditions, suggesting increased awareness of potential hazards. Drivers
looked at the road more during manual driving than in autonomous driving, es-
pecially during NDRTs, while longer glance durations were observed for the left
dashboard during the road task compared to NDRTs.

These findings highlight the complex interplay between driving experience, au-
tomation, and driver behavior. The study shows the importance of considering
driver experience in the development and implementation of autonomous driving
technologies. Beginner drivers may require more support in transitioning between
autonomous and manual control, while experienced drivers seem to adapt more
readily. The increase in trust scores for both groups suggests that exposure to
autonomous systems can positively influence user acceptance.

The eye-tracking data provides valuable insights into how drivers allocate their
visual attention differently across manual and autonomous driving conditions, as
well as during driving and non-driving related tasks. This information could be in-
strumental in designing future autonomous vehicle interfaces and driver monitoring
systems. Overall, this study emphasizes the need for targeted training programs to
support the safe and effective use of autonomous driving systems, taking into ac-
count the varying needs and behaviors of drivers with different levels of experience.
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6 Discussion
This study aimed to examine how beginner and experienced drivers interacted with
an autonomous driving system in terms of trust, visual attention, and driving behav-
ior. The experimental setting included a highway trip with an autonomous vehicle
and participation in an NRDT. The participants were exposed to three conditions:
condition 1 was manual driving, condition 2 was non-critical automated driving in
which a taking over was not required but was an appropriate action, and condition 3
indicated a critical condition that demanded a taking over by the driver to prevent
collision with another car.

6.1 Driving Behavior and Experience

The observed differences in driving behavior between beginners and experienced
drivers are consistent with prior research (Larsson et al., 2014; Payre et al., 2016).
The ability of experienced drivers to maintain more steady control and respond
swiftly to transitions between automated and manual driving suggests that driving
expertise is necessary for handling automated systems. It has an impact on the de-
sign and development of autonomous vehicles. It indicates that these systems may
need to be adjusted differently for drivers of different levels of experience. Beginner
drivers, for example, may benefit from more gradual transitions or increased sup-
port during takeover scenarios to compensate for their lack of experience managing
unexpected control transfers.

6.2 Trust Dynamics and Automation Reliance

Our findings on trust dynamics provide important information about how drivers
with varying levels of experience engage with automated systems. While both groups
reported increased trust after being exposed to the system, the level of this trust ap-
peared to differ. Experienced drivers have a better understanding and predictability
of the system’s behavior indicating a more calibrated trust. This is consistent with
the concept of ”appropriate trust” mentioned by (Lee & See, 2004), in which trust
is balanced with an understanding of the system’s limitations. In contrast, begin-
ner drivers’ increased trust, along with their less consistent driving ability, raises
worries about possible over-reliance on automation. This emphasises the need for
driver education programs that teach not only manual driving skills but also how
to properly interact with automated systems.
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6.3 Visual Focus

The eye-tracking data revealed interesting patterns of visual focus across various
driving conditions. The longer mean gaze durations during non-driving related tasks
in autonomous conditions indicate that drivers are more comfortable switching their
attention away from the road when the vehicle is in charge. However, raised visual
monitoring of areas central console, mirrors, and windshield during critical condi-
tions suggests that drivers maintain awareness and are prepared to take-over when
necessary. These findings have significance for the development of in-car interfaces
and driver monitoring systems. They suggest that, while automated systems may
allow some attention to be shifted to non-driving tasks, it is important that drivers
can quickly regain control when necessary. This could include developing interfaces
that can effectively transfer a driver’s attention to the road in critical situations.

6.4 Implications of Design

The differences between beginner and experienced drivers emphasize the importance
of adaptive autonomous driving systems. Such systems might potentially adapt their
behavior, and interfaces based on the driver’s experience level, providing more assis-
tance and smooth transitions for less experienced drivers while giving experienced
drivers more autonomy. Furthermore, the findings on trust and visual attention
indicate that automated driving systems should be intended to promote adequate
levels of trust while maintaining driver engagement. This may include providing
detailed information about the system’s capabilities and limitations, as well as de-
veloping measures to keep drivers situationally aware even during automation.

6.5 Limitations

Despite the hopeful results, our study has numerous limitations that should be
addressed. While driving simulators are useful for guaranteeing safety in critical
scenarios, they may impact participants’ risk-taking behavior when compared to
real-world driving (Körber et al., 2018). While simulators provide a secure environ-
ment for studying important scenarios, they may not fully reproduce the psycholog-
ical and physiological responses encountered in real-world driving conditions, which
could compromise the ecological validity of our findings.

Additionally, our sample size was small, restricting our ability to investigate
deeper individual differences, such as the effect of age or cultural background on trust
in automation (Gold et al., 2015; Rudin-Brown et al., 2014; Wiegmann et al., 2006).
A bigger and more diversified participant pool in future studies might improve the
generalizability of our findings and enable advanced assessment of individual factors
influencing human-automation interaction.
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Furthermore, trust in automation changes over time, and in this study, we mainly
examined short-term trends. Longitudinal research would provide greater insight
into how trust builds over time as drivers become more aware of automated systems
capabilities and limits (Beggiato et al., 2015; Helldin et al., 2013; Miller & Boyle,
2019). Our study’s emphasis on specific driving conditions highway driving with
an NDRT may limit the applicability of our findings to other driving conditions
or tasks. Also, while the TiA questionnaire provided useful insights, self-reported
measures of trust may be subject to bias and may not fully capture subconscious
trust dynamics. Future studies could benefit from including more objective measures
of trust and dependence on automated systems.

Another limitation of our study is the possibility of novelty effects. Because
automated driving systems are still new to many drivers, participants’ behavior and
confidence levels may have been influenced by the novelty of the experience rather
than long-term interaction with such systems (Ghazizadeh et al., 2012). This could
have resulted in inflated trust levels or increased attentiveness, which may not last
in the long-term use of automated driving systems.

The study’s emphasis on a single automated driving system design limits the
applicability of our findings. Varied interface designs, feedback systems, and au-
tomation levels may produce varied outcomes in terms of trust development and
driving behavior (Seppelt & Lee, 2007). Furthermore, our study did not con-
sider the potential implications of brand perception or prior expectations about
autonomous driving systems, which could influence trust and interaction patterns
Lee and See, 2004. Also, while we investigated visual attention using eye-tracking,
we did not include measures of cognitive effort or situational awareness. These el-
ements play important roles in how drivers engage with automated systems and
may provide more insight into the differences noticed between beginner and experi-
enced drivers (Endsley, 2017). The lack of physiological markers, such as heart rate
variability or galvanic skin response, further limits our knowledge of the stress and
cognitive demands encountered by drivers under various driving conditions (Mehler
et al., 2012).

Finally, we did not consider the potential impact of individual differences in
technological acceptance or risk perception. These parameters have a substantial
impact on how drivers engage with and trust automated systems (Choi & Ji, 2015).
The lack of a standard metric to measure prior experience with driver assistance
systems restricts our ability to distinguish between the effects of general driving
expertise and specific experience with automated features.



39

6.6 Future Work

Based on our findings and acknowledged limitations, numerous directions for fur-
ther research come up. Longitudinal studies should be done to see how trust in
automated driving systems builds over time. This could provide insights into trust
calibration processes and how drivers’ interactions with these systems evolve over
time (Beggiato et al., 2015; Helldin et al., 2013; Miller & Boyle, 2019). Future stud-
ies should investigate the impact of cultural elements on the acceptability and usage
of autonomous vehicles, as trust in technology might differ greatly across different
cultural contexts (Chien et al., 2016).

While difficult from a safety standpoint, investigations conducted in real-world
driving conditions might produce more ecologically valid data on driver behavior
and trust in automated systems. This might be supplemented by research into the
creation of adaptive autonomous driving systems that can adjust to a driver’s level
of experience, giving appropriate assistance and promoting ideal trust calibration.

Advanced driver monitoring techniques that may assess a driver’s focus and pre-
paredness to take control should be studied, possibly employing eye-tracking and
other physiological indicators. Additionally, research into trust-repair mechanisms
is critical. Researchers should investigate how system failures or faults affect trust
in automated systems, as well as design effective trust repair and recalibration pro-
cedures.

Larger-scale research is needed to investigate how individual factors other than
driving experience such as age, personality traits, and technology familiarity in-
fluence interactions with automated driving systems. Finally, as the car industry
evolves, study into mixed-traffic scenarios will be critical. Research investigating
how the presence of both automated and non-automated cars in traffic impacts
driver behavior and trust dynamics will be critical to comprehend the complexi-
ties of future road environments. Future research should also look into the impact
of various levels of automation on driver behavior and trust. Understanding how
drivers interact with different levels of automation, from driver assistance to full
autonomy, is critical for building safe and successful systems (SAE International,
2021). This might involve studies on how drivers’ mental models of automated sys-
tems develop and change with exposure to different levels of automation (Beggiato
& Krems, 2013).

Another key topic for future research is the creation of adaptive training sys-
tems for drivers of automated cars. These programs could be adjusted to drivers’
experience levels, promoting appropriate trust and enhancing takeover performance.
Research on the effectiveness of various training modalities, including the use of vir-
tual or augmented reality technologies, could provide significant insights for driver
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education (Sportillo et al., 2018). The social and ethical effects of automated driv-
ing systems must also be investigated. It should examine how the implementation
of these technologies impacts traffic dynamics, social interactions on the road, and
public perception of transportation safety (Cunningham & Regan, 2015). This could
include investigations into how pedestrians and other road users interact with and
perceive automated cars.

Another important area of future study will be the development of more sophis-
ticated driver monitoring systems. These systems could analyze the driver’s state
and readiness to take control using eye-tracking, physiological data, and behavioral
signs. Effective communication of system status and required actions to drivers,
particularly in critical situations, is crucial for increasing human-automation inter-
action in vehicles (Louw et al., 2019).

Finally, as automated driving systems become more common, further research on
their long-term effects on driving skills and behavior will be required. Longitudinal
studies on the impact of automated systems on manual driving skills, situation
awareness, and overall driving performance can inform policy-making and system
design (Skottke et al., 2014). This could involve looking at potential skill damage and
developing measures to keep important driving skills in an increasingly automated
driving environment.

In conclusion, while our research sheds light on the connection between driver
experience, trust, and behavior in autonomous driving scenarios, it also emphasizes
the complexities of human-automation interaction in cars. Future research that
addresses the limitations of this study and builds on its findings will be essential
for the safe and effective application of automated driving systems. By following
these diverse research methods, we can strive toward developing automated driving
systems that are not only technologically advanced but also well-suited to human
capabilities and limits.
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7 Conclusions
Driving experience, trust dynamics, and visual attention patterns all have significant
effects on the interaction between drivers and automated driving systems, as shown
by this thesis research. According to the study, experienced drivers have more
steady driving behavior and adjust faster to transitions between automatic and
manual control, whereas beginner drivers have higher variability in lateral position
and struggle with smooth transitions.

In addition, the study shows the significance of trust calibration in automated
driving systems. Experienced drivers demonstrated a more understanding of the
system’s capabilities, resulting in more acceptable trust levels. Beginner drivers, on
the other hand, may exhibit increased trust following exposure but are prone to over-
reliance due to a lack of understanding of the system’s capability. This shows the
necessity for adaptable automated driving systems that can accommodate drivers
of different levels of experience.

To maintain appropriate levels of trust and engagement, automated driving sys-
tems should provide clear feedback about their capabilities and limitations, imple-
ment strategies to keep drivers situationally aware during periods of automation,
and design interfaces that can effectively redirect the driver’s focus to the road dur-
ing critical situations. Additionally, it is important to set clear and real objectives
for drivers regarding when and how they should interact with the automated system,
allowing them to visualize their role in the human-automation interaction.

This study also demonstrates how important it is to consider visual attention
patterns while designing automated driving systems. It discovered that drivers have
longer mean glance durations during non-driving tasks in autonomous conditions,
but increase their awareness of critical areas during difficult scenarios. This shows
the importance of systems that can successfully manage driver attention, ensuring
they are engaged enough to take control when necessary while also letting some
attention be diverted during safe periods of automation.

Furthermore, when developing automated driving systems, it is important to
provide meaningful interactions between drivers and automated systems, allowing
drivers to learn and maintain their driving abilities in beneficial and suitable sur-
roundings. This could include adding periodic alerts for driver engagement or cre-
ating scenarios that demand occasional driver input to maintain skill levels.

Additionally, while drivers have shown improved trust and comfort with au-
tonomous driving systems, there are some worries about the system’s ability to
manage complicated driving scenarios and changing environmental conditions. In
the future, it would be good to expand the capabilities of automated driving sys-
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tems, allowing for more robust performance across a broader range of driving cir-
cumstances. This could lead to a more seamless integration of automated systems
into everyday driving, allowing drivers to rely on the system while still maintaining
their skills and situational awareness.

Furthermore, this study emphasizes the importance of comprehensive driver ed-
ucation programs that teach not only manual driving abilities but also how to com-
municate effectively with automated systems. Such programs should address the
differences in how beginner and experienced drivers interact with these technolo-
gies, encouraging appropriate trust calibration and effective takeover methods.

In the future, longitudinal research will be critical for understanding how trust
in and use of autonomous vehicle is going evolves over time. The study into adap-
tive training programs, more advanced driver monitoring systems, and the enduring
impact of automated driving on manual abilities to drive will be important. Further-
more, investigating the social and ethical aspects of widespread automated driving
adoption is critical to ensuring that such technologies are incorporated into society
in a manner which optimizes advantages while minimizing potential negatives.

In conclusion, this study reveals the interconnected relationship between driver
experience, trust, and behavior in automated driving conditions, it also highlights
the need for further research in this quickly growing sector. As automated driving
technologies evolve, our understanding of human-automation interaction must keep
up to guarantee that these systems improve rather than degrade road safety and the
overall driving experience.
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APPENDIX A. Important Links
• Informed Consent Form

• Trust in Automation Questionnaire Before

• Trust in Automation Questionnaire After

https://forms.office.com/e/Xcn0mhyqQT
https://forms.office.com/e/40KciA0S07
https://forms.office.com/e/tAqjt9mcuG
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