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Since the invention of the automobile at the end of the 19th century,
driving has continually evolved. From rudimentary vehicles consisting
of little more than an engine, a seat, and wheels, today’s cars have be-
come technological marvels equipped with hundreds of sensors and in-
telligent algorithms. Consequently, driving has transformed into a com-
plex activity involving multiple interacting entities: the human driver, the
vehicle automation, and the driving environment. Despite major tech-
nological progress, how to best combine driving automation and driver
monitoring systems to dynamically allocate driving tasks for safety and
comfort purposes remains a key research challenge. Achieving such
adaptive driving automation requires a deep understanding of the inter-
play between the driver, the vehicle, and the environment.

Part | describes the context of this thesis, tracing the evolution of
the automobile from mechanical innovation to the integration of driving
automation and driver monitoring. It also reviews the state of the art
in driver monitoring, with a particular focus on mental workload and
distraction.

Part Il presents human studies conducted in a driving simulator to
examine whether drivers’ cognitive distraction and the complexity of
the driving environment influence reliance on Adaptive Cruise Control
(ACC) and whether such reliance affects driving performance. Further-
more, it investigates whether and how physiological and behavioral in-
dicators reflect drivers’ cognitive distraction under varying traffic con-
ditions and ACC use. Specifically, three Electrodermal Activity (EDA)-
based and three gaze-based indicators were analyzed.

Part lll introduces engineering approaches for analyzing the driving
environment. In particular, it presents a novel Multi-Stream Cellular
Test-Time Adaptation (MSC-TTA) setup in which computer vision mod-
els adapt on the fly to a dynamic environment divided into cells. To eval-
uate a method derived from this setup, a new multi-stream, large-scale
synthetic semantic segmentation dataset, called DADE, was released.



In addition, a probabilistic approach to domain characterization is pro-
posed, where domains are characterized as probability distributions. A
method is presented for predicting the likelihood of different weather
conditions from images captured by vehicle-mounted cameras.

Part IV proposes a closed-loop framework, called DEV, for risk-aware
adaptive driving automation that captures the dynamic interplay be-
tween the driver, the environment, and the vehicle. The thesis con-
cludes with insights and future perspectives stemming from this re-
search, aimed at fostering safer and more adaptive human—automation
cooperation.
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Introduction

This thesis addresses the interplay between the driver, the vehicle, and
the environment in the era of driving automation. In this introduction,
Section first presents the context, outlining the evolution of the
automotive domain and driving automation—specifically, how vehicles
have gained capabilities and progressively taken over parts of the driv-
ing task—as well as the evolution of driver monitoring, which ensures
driver engagement alongside automation. Section then describes
the challenges that emerged within this context and defines the main
objectives of the thesis. Section provides an overview of the thesis’
structure and summarizes the main contributions. Finally, Sections
and list the publications on which the content of this thesis is based
and additional works published during the PhD journey, respectively.

1.1 Context

1.1.1  From Mechanical Innovation to Driving Automation

The automotive timeline begins in the late 19th century with the inven-
tion of the automobile. The first modern car and the first car produced
in series appeared in 1886, when Carl Benz developed the “Benz
Patent Motor Car”, a gasoline-powered three-wheeled automobile
(see Fig. 1.1), and manufactured several identical copies.



Figure 1.1: Benz Patent Motor Car. This car build by Carl Benz in 1886 is widely
considered the first automobile. It was a practical, marketable automobile for everyday
use. It was a two-seater vehicle powered by a gasoline engine. The compact high-
speed single-cylinder four-stroke engine was installed horizontally at the rear. The car
had a tubular steel frame and three wire-spoked wheels. (Source:

)

Early developments in automotive engineering focused primarily on
mechanical reliability and usability. A major milestone was the intro-
duction of the electric starter by Charles Kettering in 1912 [157], which
replaced the hazardous hand-crank mechanism. This advancement
not only enhanced convenience but also significantly improved safety
by reducing manual strain and risk of backfire. As vehicles became
more common, designers started focusing on aerodynamics. Stream-
lining became a design principle in the 1930s, with manufacturers such
as Chrysler and Studebaker adopting smoother body lines to reduce
drag. In the same decade, the widespread adoption of all-steel bodies
improved both safety and durability.

Although rudimentary speed regulators existed since the early
1900s, the first modern cruise control system, capable of maintaining
a constant speed without driver input, was commercialized in 1958
on the Chrysler Imperial. Invented by Ralph Teetor [318], it used a
mechanical speed sensor linked to the throttle and a dashboard dial
to set the desired speed. This innovation can be regarded as the first
driver assistance system, ie., a technology designed to assist the
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driver in operating the vehicle more safely or comfortably.

In 1959, Nils Bohlin, a Volvo engineer, patented the three-point seat
belt [30], a simple yet transformative safety device that would save
countless lives. Around the same time, Mercedes-Benz introduced the
crumple zone, typically located in the front part of the vehicle (engine
compartment), designed to absorb crash energy and reduce passen-
ger injury during collisions. Airbags, conceptualized in the 1950s, un-
derwent experimental testing by Ford and General Motors during the
1970s and appeared in production vehicles in the 1980s. These ad-
vances marked a paradigm shift toward occupant protection.

In 1971, Chrysler introduced the “Sure Brake” system on the Chrysler
Imperial, the first computer-controlled
acting on all four wheels. This technology prevented wheel lock-up
during hard braking, improving control and stability. Other manufac-
turers, such as Ford and Toyota, quickly followed and became a
standard safety feature in the following decades. Subsequent devel-
opments included traction control system, introduced in the late 1980s
by Toyota, BMW, and Mercedes-Benz to prevent wheel slip during ac-
celeration. In 1995, the introduction of electronic stability control by
Mercedes-Benz, Toyota, and General Motors further enhanced stabil-
ity by detecting skids and selectively braking individual wheels to help
drivers maintain directional stability.

The 1990s marked the emergence of

, I.e., systems that employ advanced sensors, such as
cameras, radars, or LiDARs', together with software algorithms that
enable environmental perception and decision-making capabilities to
assist the driver more actively. While earlier driver assistance systems,
such as cruise control, , or electronic stability control, relied on
vehicle-internal inputs (e.g., data from onboard

), leverage information about the surrounding environ-
ment [20]. In 1992, Mitsubishi Motors became the first manufacturer to
offer a LIDAR-based distance warning system in a production vehicle,
which alerted drivers to closing gaps with vehicles ahead. The same
model also featured the world’s first lane departure warning system,

'A camera captures images of the scene; a radar (radio detection and ranging)
uses radio waves to measure the distance and relative speed of surrounding objects;
and a LiDAR (light detection and ranging) uses laser pulses to obtain 3D distance
measurements.



which used a camera to monitor road markings and triggered an alert
if the vehicle drifted out of its lane. In 1995, Mitsubishi expanded these
concepts with the “Preview Distance Control” system, which used Li-
DAR and a camera to automatically modulate throttle and downshift to
maintain a safe following distance. Although it could not apply brakes,

this was the first system in a produc-
tion vehicle. Four years later, in 1999, Mercedes-Benz introduced “Dis-
tronic”, the first radar-based capable of actively braking to maintain

distance. This milestone marked the beginning of what the
would later define as Level 1 driving au-
tomation (driver assistance) in its J3016 taxonomy, introduced in 2014
and revised in 2021 [283]. According to this taxonomy, conventional
cruise control is not classified as Level 1, since it does not respond to
external events and thus does not provide sustained vehicle control.
Similarly, systems such as and electronic stability control provide
only momentary interventions in longitudinal and/or lateral vehicle mo-
tion control but do not perform any part of the dynamic driving task
(DDT) on a sustained basis. A detailed description of the levels of
driving automation is provided in Section in the following chapter.
The 2000s marked a period of rapid proliferation and diversifica-
tion of technologies. Forward collision warning, introduced by
Mercedes-Benz in 2000, monitored relative speed and distance to warn
drivers of potential collisions. Blind-spot monitoring, first deployed by
Volvo in 2003, used side-mounted cameras to detect vehicles in adja-
cent lanes and alert the driver. Intelligent parking assistance, launched
by Toyota in 2003, enabled semi-automatic parallel parking with mini-
mal driver input. Automatic emergency braking, introduced by Honda in
2003, automatically applied brakes when detecting imminent collisions,
significantly reducing accident severity. Cicchino [48] compared the
rates of police-reported crashes in the US from 2010 to 2014 between
passenger vehicle models with automatic emergency braking and the
same models without; and showed that automatic emergency braking
reduced front-to-rear crash rates by 43% and front-to-rear injury crash
rates by 45%. In 2004, the lane keeping assistance system released by
Toyota became the first production system to actively steer the vehicle
back into its lane when unintentional departure was detected. Finally, in
2009, traffic sign recognition systems entered production in Opel vehi-
cles, using forward-facing cameras to identify and display speed limits



and other road signs to the driver.

By the 2010s, advancements in cameras, radars, LiDARs, and on-
board computing power enabled more integrated and intelligent
functionalities. Manufacturers began combining longitudinal ( ) with
lateral support (lane centering assistance), giving rise to Level 2 partial
driving automation. Notably, Mercedes-Benz introduced “Steering As-
sist” alongside “Distronic” in 2013, while Audi and BMW offered traffic
jam assistance systems capable of simultaneously controlling steering
and speed in slow-moving traffic. A major milestone came in Octo-
ber 2015, when Tesla deployed Autopilot via a software update. This
Level 2 system used cameras, radar, and ultrasonic sensors to auto-
matically steer within a lane and maintain distance from other vehicles,
and even change lanes with the lane change assistance feature un-
der driver supervision. Tesla’s approach showcased the potential of
software-driven automation and pushed the entire industry toward more
advanced capabilities.

The late 2010s also saw significant progress in driver monitoring
and conditional automation. In 2018, General Motors introduced “Su-
per Cruise”, the first hands-free highway driving system. Using high-
definition maps and a driver-facing camera, it enabled hands-off driv-
ing on pre-mapped highways while ensuring driver alertness. In 2022,
Mercedes-Benz launched “Drive Pilot”, the world’s first certified Level 3
system for conditional automation, available to customers under certain
conditions on German highways up to 60 km/h (i.e., in heavy traffic) and
extended to 95 km/h for flowing traffic in 2025. Unlike Level 2 systems,
which require the driver to continuously supervise the environment and
remain responsible for vehicle control, a Level 3 system allows the vehi-
cle to perform the entire dynamic driving task under specific conditions.
However, the driver must remain ready to intervene upon request.

As of 2025, no highly automated passenger car (i.e., Level 4, as de-
fined by ) is available yet for private ownership, although Waymo
operates Level 4 driverless taxis in several U.S. cities within defined
geofenced areas. At this level, the vehicle is capable of performing the
entire dynamic driving task within its
without human supervision, but can only operate autonomously in re-
stricted environments (e.g., specific city zones or highways). The path
to Level 5, i.e., full automation under all conditions, remains a long-
term objective. Meanwhile, features such as automatic emer-



gency braking, lane keeping assistance, and have become stan-
dard even in mass-market vehicles, substantially improving safety and
reducing driver workload. Figure synthesizes the major milestones
of driver assistance systems in production vehicles available to private
owners.

1.1.2 From Driver Assistance to Driver Monitoring

As vehicles progressively assumed greater control of the driving task,
maintaining appropriate driver engagement became a critical safety
concern. Until full automation becomes available—if ever—even the
most advanced systems cannot guarantee safety if the driver becomes
inattentive, fatigued, or unable to take over when required.

Consequently, research and industry efforts began focusing not only
on how vehicles “perceive” = and act within their environment but also
on how they monitor and interpret the human driver’s state. This led
to the development of —technologies
designed to assess the driver’s state and issue alerts or trigger coun-
termeasures to prevent accidents. These systems fall into two main
categories: passive (indirect) and active (direct). Passive has tra-
ditionally relied on vehicle-internal parameters such as steering wheel
sensors or driving trajectory to infer the driver’s state. Active systems,
by contrast, are far more sophisticated. They use in-vehicle cameras
and sensors to directly monitor the driver’s physiological and behav-
ioral state, analyzing parameters such as eyelid closure, gaze direction,
blinking rate, or yawning.

Toyota’s luxury brand Lexus launched the world’s first active camera-
based in 2006. The initial version monitored the driver's gaze
direction, and if the driver looked away from the road when a forward
obstacle was detected, the system issued a warning. This system fo-
cused on distraction monitoring, alerting the driver to refocus on the
road ahead.

In 2007, Volvo introduced “Driver Alert Control”, the world’s first ded-
icated driver drowsiness detection system. Rather than observing the
driver’s face, it used a windshield-mounted camera and sensors to mon-

2By vehicles that perceive their environment, we mean that they use onboard sen-
sors and algorithms to gather and interpret information about their surroundings, simi-
larly to how humans use their senses.



Level O:

No —_— First automobile
Automation |
Cruise control
Anti-lock brake system (ABS)
Lane departure warning (LDW)
Electronic stability control (ESC)
Level 1: |
Driver ~——— Adaptive cruise control (ACC)
Assistance |
Forward collision warning (FCW)
Blind spot monitoring
Intelligent parking assistance
Automatic emergency braking (AEB)
Lane keeping assistance (LKA)
Traffic sign recognition (TSR)
Level 2: |
Partial ~——— Lane centering assistance (LCA), combined with ACC
Automation |
Lane change assistance
Hands-free Level-2 driving system
Levg] 8: I Hands-off-the-wheel and eyes-off-the-road Level-3
Conditional
Automation

i driving system under certain conditions

Figure 1.2: Timeline of major (advanced) driver assistance systems milestones
in production vehicles. The timeline presents key driver assistance systems and
introduced in production passenger vehicles
available to private owners, along with the first appearance of corresponding
Levels of driving automation.



itor the vehicle’s path within the lane. The system evaluated whether the
car was being driven erratically (e.g., weaving or drifting due to fatigue
or inattention). When such behavior was detected, it emitted a sound
signal and displayed a coffee cup icon, suggesting the driver take a
break. This system was considered passive, as it detected fatigue from
driving behavior rather than by directly observing the driver.

In 2009, Mercedes-Benz introduced “Attention Assist”, a driver mon-
itoring feature that analyzed steering inputs and other signals (includ-
ing road conditions, crosswinds, and driver’s interaction with vehicle
controls) to detect signs of fatigue. If the driver’s steering corrections
became inconsistent or erratic, the system sounded a warning and dis-
played a coffee cup icon on the dashboard, encouraging the driver to
rest.

Significant advances in were achieved nearly a decade later,
enabled by progress in both hardware and software. The development
of infrared, near-infrared, and low-light-sensitive cameras made it in-
creasingly feasible to install in-cabin sensors capable of reliably track-
ing the driver’s eyes and faces under variable lighting conditions. At
the same time, advances in computer vision and machine learning im-
proved the robustness of face detection, gaze estimation, and blink

recognition.
In 2017, the PSA Group (France) launched Europe’s first active
camera-based in a production vehicle, anticipating the forthcom-

ing EU safety regulations mandating fatigue monitoring. The “DS Driver
Attention Monitoring” system used an infrared camera mounted above
the steering wheel to continuously track the driver’s eyes (for blink
rate), face, and head movements, as well as the vehicle’s trajectory.
When signs of drowsiness (e.g., heavy eyelids) or distraction (e.g.,
eyes off the road) were detected, the system alerted the driver.

As “Super Cruise” enabled hands-free driving in 2018, ensuring that
the driver remained attentive and able to take over became essential.
The system therefore incorporated a driver-facing infrared camera, de-
veloped by Seeing Machines, to monitor the driver’'s head pose and eye
gaze and to verify that the driver was monitoring the road whenever
semi-autonomous mode (Level 2) was active. This marked a global
milestone, integrating driver distraction monitoring for driving automa-
tion purposes.

The years 2019-2020 saw the widespread adoption of active



across the automotive industry. By the late 2010s, driver monitoring
had become a core safety feature. BMW first added an internal camera-
based in the 2019 X5 SUV to verify that the driver’s eyes remained
open and directed toward the road, and Mercedes-Benz transitioned to
camera-based attention monitoring with the 2020-2021 S-Class, inte-
grating an infrared driver-facing camera into its system. Many other
manufacturers, such as Mazda, Nissan, Ford, Hyundai, and others, in-
troduced similar driver-facing camera systems between 2018 and 2021.
This wave of adoption represented a turning point: active driver moni-
toring moved into the mainstream, driven by the demands of Level 2/3
of driving automation and impending safety regulations.
In 2022, a major milestone was reached as became mandatory
in new vehicles in Europe. The European Union’s
2019/2144 [73], effective July 2022, requires all new pas-
senger vehicle models to include a
” system, with the obligation extending to all new cars
sold from July 2024 onward. Furthermore, an “

” system becomes compulsory for new models
launched from July 2024 and for all new vehicles from July 2026. Under
the , is defined as a system that “assesses the driver’s alert-
ness through vehicle systems analysis and warns the driver if needed”.
The law does not prescribe a specific technology. Manufacturers may
use passive systems (relying, e.g., on steering patterns or lane posi-
tioning) or active systems (with camera-based eye-tracking) to evalu-
ate drowsiness. In contrast, is defined as “a system that helps
the driver to continue to pay attention to the traffic situation and that
warns the driver when he or she is distracted”. Unlike 's focus
on fatigue, specifically monitors the driver’s gaze direction. EU
Delegated Regulation 2023/2590 [74] requires real-time gaze tracking.
For instance, the system must detect if the driver's eyes are diverted
downward (toward a phone, lap, or console) beyond a prescribed du-
ration—approximately 6 seconds at urban speeds (20-50 km/h) or 3.5
seconds at higher speeds (> 50 km/h). Warnings must combine a visi-
ble alert with audible and/or haptic signals that escalate until the driver
refocuses attention on the road. The regulation however permits drivers
to manually deactivate the system warnings at each drive. This
regulatory step cemented driver monitoring as a standard safety fea-
ture, aiming to reduce accidents caused by drowsy or distracted driving.



Europe is thus making driver-monitoring cameras as integral to modern
vehicles as seatbelts or electronic stability control once were.
Each of these milestones represents a major step in the evolution of
. From early passive methods based on vehicle trajectory or steer-
ing behavior to modern active camera-based systems, the technology
has evolved from luxury flagships to widespread adoption. Today, pro-
duction vehicles routinely integrate as a core component of ad-
vanced safety and driving automation systems. These advances have
been made with the goal of improving road safety by helping to ensure
that drivers remain alert and attentive [/3]. However, although these
systems are widely recognized to effectively detect driver fatigue and
distraction [50, ], there is still very limited evidence that they actu-
ally have a real impact on road safety [23, ]. Some studies even
question the effectiveness of the warnings issued following the detec-
tion of fatigue or distraction [21, ]. Further research is thus needed
to use s in a way that truly improve road safety.

1.2 Challenges and Objectives

Looking at the automotive timeline, it is clear that vehicle design is no
longer limited to engineering aspects such as engine performance or
aerodynamic efficiency. Increasingly, it relies on intelligent algorithms
capable of analyzing the driving environment for advanced driver assis-
tance systems that can support—or even partially take over—the driv-
ing task. In parallel, in-vehicle monitoring systems, in particular ,
are designed to assess the driver’s state in real time, aiming to miti-
gate risks associated with lapses in driving abilities due to, e.g., fatigue
or distraction. These systems monitor not only the driver while manu-
ally driving, but also when driving with automation systems to assess,
e.g., readiness to take back control if required. As a result, driving has
evolved into a complex activity involving multiple interacting entities: the
human driver, the vehicle’s automation, and the surrounding or driving
environment.

Despite significant technological progress, many challenges persist
regarding the safe and efficient integration of driving automation. A cen-
tral difficulty lies in the dynamic allocation of control between the driver
and the vehicle. Most current driving automation systems can oper-
ate only within a limited [283], defined by specific environmental,



infrastructural, and contextual conditions (e.g., road type, weather, vis-
ibility, or traffic). Therefore, automation features cannot be activated
under all circumstances, and their activation or deactivation remains
largely under the driver’s responsibility. Under these conditions, both
overtrust (or over-reliance) and undertrust in automation are problem-
atic. Drivers whose trust exceeds the system’s actual reliability may
fail to supervise the automation properly or may simply use it inappro-
priately (misuse) [150, ]. Conversely, undertrust can lead drivers to
disregard available assistance (disuse) [160, ], thereby negating po-
tential safety benefits. Related issues include mode confusion, in which
drivers are uncertain about the system’s current operational mode or
its capabilities [356]. Moreover, human performance in this context is
also strongly influenced by task demand, which is shaped by both the
level of driving automation and the driving environment. Humans per-
form optimally within a moderate range of workload [53, ]. Exces-
sive task demands—such as in sudden takeover situations or dense
urban traffic—can lead to overload, stress, and performance degrada-

tion [219], while low demands—such as during prolonged monitoring of
automation or monotonous highway driving—can result in underload,
boredom, fatigue, or reduced vigilance [/7, ]. When drivers super-

vise automation for extended periods, they tend to lose situation aware-
ness and may react more slowly when intervention is required. Ensur-
ing that the driver remains appropriately involved when interacting with
driving automation is therefore essential for safety. The interplay be-
tween the driver, the vehicle’s automation, and the driving environment
constitutes a dynamic and interdependent system that requires careful
management.

Based on the current context and identified challenges, this thesis
aims to advance our understanding of how driver monitoring can con-
tribute to reducing risk across the different levels of driving automation
and to define the degree to which the driver should remain involved in
automated driving. The goal is to promote a human-centered approach
to driving automation, in which automation serves the driver rather than
the driver adapting to automation.

A promising way to achieve this objective is through the development
of adaptive automation [36], capable of adjusting dynamically not only
to the driver state but also to the driving situation. Adaptive automa-
tion dynamically allocates control between the driver and the vehicle



according to contextual factors such as the driver state or the complex-
ity of the driving environment. Such adaptability, however, depends on
our ability to understand, analyze, and characterize both the driver and
the environment, as well as their interactions with the vehicle’s automa-
tion. This perspective therefore calls for a deeper understanding of the
interplay between the driver, the vehicle, and the environment.

With respect to the driver, it is essential not only to monitor their
states but also to understand how they interact with automation under
varying conditions. This understanding is key to designing adaptive
automation that responds to drivers’ needs and fosters both trust and
acceptance. These aspects are explored in Part || of this thesis.

Regarding the driving environment, the objective is to analyze its
content (for instance, the number of vehicles, pedestrians, or obsta-
cles) and to characterize its properties (such as weather or visibility
conditions) to assess its complexity. This characterization is essen-
tial, as environmental conditions influence both the range of driving au-
tomation features that can be safely used and the driver state. These
aspects are investigated in Part

Finally, Part |V introduces a closed-loop framework that jointly con-
siders the driver, the environment, and the vehicle to dynamically adapt
the level of automation. This framework aims to reduce risk and en-
hance safety by integrating three key components: the driver state or
level of involvement, the complexity of the environment, and the avail-
able driving automation features.

The present part, Part |, introduces the thesis before providing a com-
prehensive review of the state of the art in driver monitoring, establish-
ing the foundation for the subsequent parts of this work.

1.3 Detailed Thesis Outline, Contributions, and
Key Findings

This thesis is structured into four main parts, as synthesized in Fig.
First, Part | provides the general introduction in Chapter 1 and reviews
the state of the art in driver monitoring in Chapter 2. Then, Part !! fo-
cuses on human studies to analyze driver behavior and includes Chap-
ters 3 and 4. Part || presents engineering approaches to analyze the
driving environment and includes Chapters 5 and ©. Finally, Part
introduces an integrated framework for adaptive driving automation in



Chapter 7, and Chapter & concludes the thesis. The remainder of this
section summarizes the content of each chapter (excluding the general
introduction and conclusion) and highlights their main contributions.

Chapter 2 reviews the state of the art in driver monitoring, focusing on
how to characterize the driver state. Since driver monitoring is increas-
ingly intertwined with driving automation, the chapter first clarifies its
role across the six levels of driving automation. Then, it surveys
and synthesizes existing approaches to provide a unique, structured,
polychotomous view of the many characterization techniques, focusing
on two key dimensions of driver state: mental workload and distrac-
tion. The polychotomous view of driver monitoring is presented through
a pair of interlocked tables that relate these states to their indicators
(e.g., the eye-blink rate) and the sensors that can access each of these
indicators (e.g., a camera). The tables factor in, not only the effects
linked directly to the driver, but also those linked to the (driven) vehicle
and the (driving) environment. These tables serve as a resource for re-
searchers, equipment providers, and vehicle manufacturers to identify
available options for developing advanced and to highlight areas
for further research and innovation.

A structured overview of the role of driver monitoring across
the six levels of driving automation.

The introduction and formal definition of the notion of indica-
tor.

Two interlocked tables connecting driver states, their indica-
tors, and the sensors providing the corresponding data, ac-
companied by detailed explanations.

Chapter 3 presents a simulator study that adopts a human-centered

approach to investigate how drivers interact with . Specifically, this
chapter examines whether drivers’ cognitive state and the complexity of
the driving environment influence reliance on , and whether such

reliance affects driving performance. In this study, participants operated
a simulated vehicle equipped with across six predefined driving
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scenarios that varied in traffic conditions, while either performing a cog-
nitively demanding task or not. They were instructed to respect speed
limits and could freely activate or deactivate

The complexity of the driving environment significantly influ-
ences use, whereas cognitive load does not.

use improves lateral control and affects compliance with
speed limits but does not significantly influence lane-changing
behavior.

Overall, this chapter contributes to understanding how driver
cognitive distraction and traffic conditions shape driver
reliance on and the resulting driving performance.

Chapter 4 investigates whether and how

and gaze parameters reflect driver cognitive distraction under varying
traffic conditions and use, through a driving simulator study (the
same as in Chapter 3). Participants completed six driving scenarios
that combined two levels of cognitive distraction (presence or absence
of a mental calculation task) and three levels of driving environment
complexity (different traffic conditions). Throughout the experiment,
they were free to activate or deactivate the , resulting in two levels
of use. We analyze @ three -based indicators of cogni-
tive distraction: mean skin conductance level ( ), mean amplitude of
skin conductance responses ( amplitude), and rate of skin conduc-
tance responses ( rate); as well as @ three gaze-based indica-
tors: percent road center, horizontal gaze dispersion, and vertical gaze
dispersion.

All three -based indicators are significantly influenced
by cognitive distraction and use, whereas environment
complexity significantly influences and amplitude,

but not rate.



All three gaze-based indicators are significantly influenced by

use, whereas environment complexity only significantly
influences vertical gaze dispersion, but not percent road cen-
ter and horizontal gaze dispersion, and cognitive distraction
significantly influences percent road center and vertical gaze
dispersion, but not horizontal gaze dispersion.

Surprisingly, cognitive distraction reduces road center gaze
and increases vertical dispersion. However, complementary
analyses reveal that these effects primarily occur between
mental calculations periods, whereas active mental calcula-
tions phases are characterized by a temporary increase in
gaze concentration.

Overall, this chapter provides an analysis of physiological and
behavioral indicators of driver state, examining how they are
jointly influenced by driver cognitive distraction, environment
complexity, and use.

Chapter 5 presents a new multi-stream large-scale synthetic semantic
segmentation dataset, called DADE, motivated by a novel Multi-Stream
Cellular Test-Time Adaptation (MSC-TTA) setup in which models adapt
on the fly to a dynamic environment divided into cells. DADE was used
to evaluate a real-time adaptive student-teacher method that leverages
the multiple streams available in each cell to quickly adapt to changing
data distributions. Cells are defined based on location and weather
conditions. This multi-stream approach yields better scene analysis
performance than a single-stream baseline.

A new Multi-Stream Cellular Test-Time Adaptation (MSC-TTA)
setup in which models adapt on the fly to a dynamic environ-
ment divided into cells.

A novel real-time adaptive student-teacher method to aggre-
gate knowledge across different agents evolving in the same
cell.



A new synthetic dataset, called DADE, for the semantic seg-
mentation task on board autonomous vehicles.

Chapter © introduces a probabilistic approach to domain characteri-
zation, in which domains are characterized as probability distributions.
The chapter presents a method for predicting the likelihood of different
weather conditions from images captured by vehicle-mounted cameras,
by estimating distributions of physical parameters using normalizing
flows. Experiments conducted in the context of autonomous vehicles,
focusing on predicting the distribution of weather parameters, demon-
strate how domains can be characterized both by physical parameters
(absolute characterization) and by arbitrarily predefined domains (rela-
tive characterization). Finally, the chapter evaluates whether a system
can safely operate within a target domain by comparing it to multiple
source domains where safety has already been established.

A novel probabilistic methodology to characterize domains in
the case of autonomous vehicles driving in various weather
conditions.

Demonstration that simulation-based inference (normalizing
flows) can effectively estimate weather parameter distribu-
tions, with comparison of different backbones for features
extraction.

A method for characterizing a new target domain as a mixture
of source domains.

Chapter 7 presents the DEV framework, a closed-loop framework
for risk-aware adaptive driving automation that captures the dynamic
interplay between the driver, the environment, and the vehicle. The
framework promotes continuous adjustment of the operational level of
automation based on a risk management strategy. The real-time risk
assessment supports smoother transitions and effective cooperation
between the driver and the automation system. Furthermore, we
introduce a nomenclature of indexes corresponding to each core



component—namely driver involvement, environment complexity, and
vehicle engagement—and discuss how their interaction influences driv-
ing risk. The DEV framework provides a comprehensive perspective
to align multidisciplinary research efforts and guide the development of
dynamic, risk-aware driving automation systems.

A closed-Loop framework, called DEV, for risk-aware adap-
tive automation of driving integrating the driver, the environ-
ment, and the vehicle.

A nomenclature of indexes corresponding to each core com-
ponent of the framework: driver involvement, environment
complexity, and vehicle engagement.

1.4 Publications

Apart from the introduction and conclusion, the scientific content of this
manuscript is predominantly derived from original research contribu-
tions published in peer-reviewed venues. The manuscript is organized
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[92] Multi-Stream Cellular Test-Time Adaptation of Real-Time Models
Evolving in Dynamic Environments, Benoit Gérin’, Anais Halin’,
Anthony Cioppa’, Maxim Henry, Bernard Ghanem, Benoit Macaq,
Christophe De Vleeschouwer, and Marc Van Droogenbroeck. In
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition Workshops (CVPRW), Workshop on Autonomous Driving,
2024.

— Chapter
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] Effects of Cognitive Distraction and Driving Environment Com-
plexity on Adaptive Cruise Control Use and Its Impact on
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Droogenbroeck, and Christel Devue. In International Conference
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] Are Electrodermal Activity-Based Indicators of Driver Cognitive
Distraction Robust to Varying Traffic Conditions and Adaptive
Cruise Control Use?, Anais Halin, Marc Van Droogenbroeck,
and Christel Devue. In Adjunct Proceedings of the International
Conference on Automotive User Interfaces and Interactive Vehic-
ular Applications (AutomotiveUl), 2025.
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| Gaze-Based Indicators of Driver Cognitive Distraction: Effects
of Different Traffic Conditions and Adaptive Cruise Control Use,
Anais Halin, Adrien Deliege, Christel Devue, and Marc Van
Droogenbroeck. In Adjunct Proceedings of the International Con-
ference on Automotive User Interfaces and Interactive Vehicular
Applications (AutomotiveUl), 2025.
— Chapter

] DEV: A Driver-Environment-Vehicle Closed-Loop Framework for
Risk-Aware Adaptive Automation of Driving, Anais Halin, Christel
Devue, and Marc Van Droogenbroeck. In Adjunct Proceedings of
the International Conference on Automotive User Interfaces and
Interactive Vehicular Applications (AutomotiveUl), 2025.

— Chapter
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Monitoring the state of the driver has become a safety ne-
cessity—both to ensure that the driver remains fit to drive and to verify
that he or she correctly supervises driving automation or is ready to
resume control when required. However, states such as mental work-
load or distraction are not directly measurable. They must instead be
inferred from observable indicators captured through various sensors.
The present chapter first discusses the evolving role of driver monitor-
ing across the six levels of driving automation. It then provides
a review of driver monitoring, focusing on two key driver states: men-
tal workload and distraction, including its manual, visual, auditory, and
cognitive forms. The chapter identifies the indicators that can be used
to characterize these states and the sensors allowing access to the
values of these indicators. These elements are synthesized into two in-
terlocked tables that map the relationships between driver states, their
corresponding indicators, and the sensors used to capture them. One
of the conclusions drawn in this work is that a

should ideally monitor not only the driver (D), but also the
environment (E), and the vehicle (V). This insight shaped the structure
of the two tables in this chapter and influenced the broader direction
of my thesis: Part || focuses on the driver (analyzing both interaction
with automation and indicators of driver state), Part ||| addresses the
environment (analyzing its content and characterizing it), and Part
presents an integrated driver-environment-vehicle (DEV) framework.

A structured overview of the role of driver monitoring across
the six levels of driving automation.

The introduction and formal definition of the notion of indica-
tor.

Two interlocked tables connecting driver states, their indica-
tors, and the sensors providing the corresponding data, ac-



companied by detailed explanations.

This chapter builds upon Halin et al. [115].
The original publication discussed five driver states: drowsiness, men-
tal workload, distraction, emotions, and driving under the influence. In
the present chapter, the scope is restricted to mental workload and dis-
traction, as these are the states further investigated in this thesis (in
Chapters 2 and 4). Moreover, the survey and synthesis of the state of
the art in driver monitoring have been updated, and recent references
published after the original publication have been integrated.






2.1 Introduction

A report published in 2018 [304] provides the results of an analysis per-
formed on data about the events and related factors that led to crashes
of small road vehicles from 2005 to 2007 across the USA. It indicates
that the critical reasons for these crashes are likely attributable to the
driver (in 94% of the cases), the vehicle (2%), the environment (2%), and
unknown causes (2%). An overwhelming proportion of these crashes
is thus due to human error. It is widely recognized that most of them
could be avoided by constantly monitoring the driver [12, ], and by
taking proper, timely actions when necessary.

Monitoring the driver is thus critically important, and this applies to all
vehicles except for those that are fully autonomous, that is, where the
driver does not control the vehicle under any circumstances. Given that
the average driver will not own a fully-autonomous vehicle for decades
to come, driver monitoring will remain critically important during all this
time.

This chapter focuses on the topic of driver monitoring, which is use-
fully viewed as consisting of two successive steps. In the first, one
characterizes the driver, or more precisely the state of the driver, and,
in the second, one decides what safety actions to take based on this
characterization. For example, in the monitoring of drowsiness, the first
step might compute the level of drowsiness, whereas the second might
check whether this level is at, or will soon reach, a critical level. More
generally, the decision process should ideally fuse the various charac-
terization parameters available and predict the future state of the driver
based on them. This chapter focuses almost exclusively on the char-
acterization of the state of the driver, that is, on the first step in driver
monitoring, which is also the one that is almost exclusively considered
in the literature.

By “state of the driver” or “driver state”, we mean, in a loose way, the
state or situation that the driver is in from various perspectives, in partic-
ular physical, physiological, psychological, and behavioral. To deal with
this driver state in a manageable, modular way, we consider a specific
number of distinct facets (such as distraction) of this driver state, which
we call “driver (sub)states”. In the sequel, “state” thus refers either to
the global state of the driver or to one of its facets, or substates. The
core of the chapter focuses on the characterization of (sub)states, us-



ing indicators (of this state) and sensors (to access the values of these
indicators in real time and in real driving conditions). In the example of
the (sub)state of distraction, an indicator thereof is the gaze, and it can
be accessed using a camera.

Driver monitoring is important, whether the vehicle is equipped with
some form of driving automation (except for full automation) or not. In
future vehicles, driving automation and driver monitoring will need to in-
creasingly interact, and they will need to be designed and implemented
in a synergistic way. While the chapter focuses on driver monitoring
(and, more precisely, on its characterization part), it considers and de-
scribes, at a high-level, how driver monitoring and driving automation
interact at the various, standard levels of driving automation.

The chapter comprises two main phases: @ it reports on a system-
atic survey of the state of the art of driver monitoring conducted early
2021 (see Section 2.3); @ it provides a synthesis of the many charac-
terization techniques of driver monitoring for the (sub)states of mental
workload and distraction (see Section to Section 2.7). This synthe-
sis leads to an innovative, structured, polychotomous view of the recent
developments in the characterization part of driver monitoring. In a nut-
shell, this view is provided by two interlocked tables that involve the
main driver (sub)states, the indicators of these states, and the sensors
allowing access to the values of these indicators. The polychotomy
presented should prove useful to researchers, equipment providers,
and vehicle manufacturers for organizing their approach concerning the
characterization and monitoring of the state of the driver.

Section describes the standard levels of driving automation, and
the role played by driver monitoring for each. Section indicates the
strategy for, and the results of, our survey of the literature on driver mon-
itoring. Section describes the rationale and strategy for expressing
the characterization of the driver state as much as possible in terms
of the triad of the (sub)states, indicators, and sensors. Section
provides our innovative, structured, polychotomous view of the charac-
terization part of driver monitoring. Sections and describe, re-
spectively, two out of the five driver (sub)states that the survey revealed
as being the most important. Section summarizes, and Section
concludes the chapter.



Table 2.1: Levels and role of key actors. This table shows the role played
by each of the four key actors, i.e., driver, driver support features, automated driving
features, and driver monitoring, at each of the six Levels of driving automation
(from 0 to 5).

SAE Levels 0 1 2 3 4 5
No Driver Partial Conditional High Full
Driving Assistance Driving Driving Driving Driving
Automation Automation AL i A ion Automation
Actors
. - Driving
Driver Driving Driving (if desired) /
and when when
supervising DS features AD features AD features
request it
reach
their limits
Driver Warning and Lateral or Lateral and
N o / / /
Support temporary longitudinal longitudinal
Features support support support
Automated / / / Driving Drivin
Driving when AD features 9
Features permit it
Dr'lve!' Monitoring Monitoring Monitoring Monltor!ng /
Monitoring with relevant indicators fallback- when driver
(DM) ready driver in control

2.2 Driving Automation and Driver Monitoring

In autonomous vehicles—also called self-driving or fully-automated
vehicles—driver monitoring plays a critical role as long as the au-
tomation allows the driver to have some control over the vehicle. This
section describes the interaction between driver monitoring and driving
automation in the context of the six levels of driving automation defined
by the [283], ranging from zero
(no automation) to five (full automation).

Table 2.1, inspired by the J3016 Levels of Driving Automation
Graphic, describes the role of each of the three key actors in the driving
task, namely the driver, the driver support features, and the automated
driving features, at each of the six levels. We also integrated into
this table a fourth actor, that is, driver monitoring, as its role is crucial at
all levels except the highest, to ensure that the state of the driver allows
him/her' to perform the driving task safely, when applicable.

We now discuss some terminology. In Section 2.1, we introduced the
term “driving automation” (as a convenient, companion term for driver
monitoring) and, in the previous paragraph, the -suggested term
“automated driving”. While these two terms seem to further add to a

"Throughout, we use the inclusive pronoun “he/she” and adjective “his/her” to refer
to the driver.



jumble of terms and abbreviations, they both appear in the literature
through their corresponding systems, that is, the “

”and “ ”. An is a
system consisting of the automated driving features, and a is a
system that includes, among other things, both driver support features
and automated driving features. One could also view the driver support
features as constituting a system, but this is not needed here.

In future vehicles with progressively increasing degrees of automa-
tion, the development of s and, in particular, of s should go
hand-in-hand with the development of
The next four paragraphs complement the information in Table

At Levels 0 to 2, the driver is responsible for the driving task and
he/she may be aided by a variable number of driver support features
such as automatic emergency braking, adaptive cruise control, and
lane centering. At Level 1, the driver support features execute the sub-
task of controlling either the lateral motion or the longitudinal motion of
the vehicle (but not both), expecting the driver to perform the rest of the
driving task. At Level 2, the driver support features execute the sub-
tasks of controlling both the lateral motion and the longitudinal motion,
expecting the driver to complete the object-and-event-detection-and-
response (OEDR) subtask and to supervise these features. At Levels
0to2,a should thus be used continuously. At Levels 1 and 2, for
monitoring the state of the driver, a vehicle-related indicator of driving
performance should be either avoided or used only when compatible
with the driver support features that are engaged. The speed cannot,
for instance, be used as an indicator of the driver state when an adap-
tive cruise control is regulating this speed. As more and more driver
support features are introduced in vehicles, vehicle-related indicators
of driving performance become less and less relevant for monitoring
the state of the driver, whereas driver-related parameters (both physio-
logical and behavioral) remain reliable indicators.

At any of Levels 3 to 5, and when the corresponding automated driv-
ing features are engaged, the driver is no longer in charge of the driv-
ing task and does not need to supervise them. Additionally, at Level 3,
and at any time, the driver must, however, be fallback-ready, namely,
ready to take over the control of his/her vehicle when the automated
driving features request it (i.e., ask for it). A should, therefore,
be capable of @ assessing whether the current state of the driver



allows him/her to take over the control of his/her vehicle if requested
now or in the near future, and of @ monitoring his/her state as long
as he/she is in control. El Khatib et al. [70] discuss the potential need
for a even when the vehicle is in control and does not require
the driver to supervise the driving or to monitor the driving environ-
ment. Whenever the driver has the option of, for example, engaging in
some entertainment activity, he/she must be prepared to regain control
in due course. Therefore, at Level 3, even though the driver is allowed
to perform a secondary task, a is still necessary to ensure that
the driver is ready to take control at any time. During automated driv-
ing, drivers readily engage in [234].
Such engagement can help maintain adequate arousal levels and pre-
vent mental underload [22”]. However, performing an can impair
takeover performance because attention to the roadway environment is
reduced and drivers need to switch task and regain situation awareness
before resuming control [350]. Although findings regarding the poten-
tial benefits of engagement are sometimes contradictory [60],
Johns et al. [148] suggest that maintaining a moderate level of mental
workload while the vehicle is operated by a may enhance perfor-
mance during a transfer of control from automated to manual. Such an
optimal workload could be achieved, for instance, either by engaging
the driver in a suitable secondary task (e.g., one that supports, rather
than degrades, situation awareness) or, conversely, by keeping him/her
involved in the driving task at an appropriate level.

At Level 4, the automated driving features can only drive the vehi-
cle under limited conditions, but they will not require the driver to re-
spond within some specified time delay to a .
The specifies the conditions under
which the is specifically designed to operate, including, but not lim-
ited to, @ environmental, geographical, and time-of-day restrictions,
and/or @ the requisite presence or absence of certain traffic or road-
way characteristics. Still at Level 4, the automated driving features are
capable of automatically @ performing a fallback of the driving task
and @ reaching a minimal-risk condition (e.g., parking the car) if the
driver neither intervenes nor takes over the driving task within the de-
lay. If the driver decides to respond to the , one can assume that
the would check that his/her state allows for this, even though the

J3016 does not say so explicitly.



At Level 5, the driving is fully automated under all possible conditions,
and no is required as the driver is never in control, and becomes,
in effect, a passenger of the vehicle.

2.3 Survey of Literature on Driver Monitoring

This section presents a survey of the literature on driver monitoring and
s. The following subsections successively describe @ our strat-

egy for building an initial set of references, @ some conclusions drawn

from these references, and @ trends observable in the summary ta-
bles or in some particular references. The analysis performed in this
section guides the developments in subsequent sections.

The tables, along with comments on their design and content, are
provided in Chapter A of the appendix.

2.3.1 Strategy for Building an Initial Set of References

To build an initial set of relevant references, we used an approach in-
spired from Gutiérrez et al. [105]. The block (or flow) diagram of Fig.
describes it.

Our search focused on surveys, reviews, and similar studies about
driver monitoring and s. We independently performed two sear-
ches during February 2021. The first focused on publications from
IEEE, ScienceDirect, and Sensors, and the second on publications
from ResearchGate; these four databases appeared well-suited for pro-
viding a useful set of initial references. We used the search engine spe-
cific to each database and a boolean query equivalent to (“survey” OR
‘review”) AND (“driver” OR “driving”) AND (“detection” OR “detecting”
OR “behavior” OR ‘state” OR “monitoring”). We limited the search to
publications in English, and did not place any constraint on the dates of
publication. The two searches yielded 124 and 30 items, respectively.
After removing 16 duplicates, we obtained a set of 138 references. We
manually screened these, and only kept the ones satisfying the two
criteria of @ being in scientific journals or conference proceedings,
and @ providing a survey, review, or similar study of one or more as-
pects of the domain of interest. This screening led to 56 references. A
summary describing, for each reference, the states, the indicators, and
the sensors considered therein can be found in three separate tables
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Figure 2.1: Strategy fo building the initial set of references. The flow diagram
illustrates the strategy used for our survey of the literature on driver monitoring and

, and shows the number of publications at each stage
of the process.



in Chapter A, along with explanations about the resulting structure of
these tables. The main conclusions drawn from the preliminary analy-
sis of the initial set of references and the observed trends are described
in the following sections.

2.3.2 Conclusions from the Preliminary Analysis

The preliminary analysis of the 56 initial references led to the following
high-level conclusions:

@ To characterize the (global) state of a driver, one should consider
the five main substates of drowsiness, mental workload, distrac-
tion, emotions, and under the influence.

(2) A wide variety of parameters, which we call “indicators”, are used
to characterize each of these substates, and some indicators are
applicable to more than one substate.

(3) Ideally, a should monitor not only the driver, but also the
(driven) vehicle and the (driving) environment.

@ A value for each indicator is obtained by processing data (mainly
signals and images) obtained from sensors “observing” the driver,
the vehicle, and the environment.

@ A generally involves one or more types and/or instances of
each of the following: substate, indicator, and sensor.

These conclusions guided the structuring and writing of the bulk of the
paper [115] on which this chapter is based. However, in contrast to
[115], the present chapter specifically focuses on mental workload and
distraction.

When the context is clear, we use “state” for the global state and
each of the five substates. The phrase “state i” and the plural “states”
imply that one is talking about one substate and several substates, re-
spectively.

2.3.3 Observed Trends

The three tables summarizing the initial set of references (Table A.1, Ta-
ble A.2, and Table in Chapter A of the appendix) reveal the following
trends.



Drowsiness is the most covered state (with 44 references among the
total of 56), distraction is the second most covered (with 20 references),
and more than one (sub)state is considered in only 19 references.

Indicators are widely used in most references, in various numbers
and combinations. Subjective indicators are not frequent, which is to
be expected given the constraints of real-time operation. While sev-
eral authors, such as Dong et al. [65] and Sahayadhas et al. [284],
emphasize the importance of the environment and of its various char-
acteristics (e.g., road type, weather conditions, and traffic density), few
references—and, specifically, only 6—take them into account.

While the three columns for the sensors seem well filled (in Ta-
ble ), several references either neglect to mention the sensor(s)
they use, or cover them in an incomplete way. Some references give a
list of indicators, but do not say which sensor(s) to use to get access
to them. References simply saying that, for example, drowsiness can
be measured via a camera or an eye tracker do not help the reader.
Indeed, these devices can be head- or dashboard-mounted, and they
can provide access to various indicators such as blink dynamics,
percentage of closure (PERCLOS), and gaze parameters.

Many systems are tested in real conditions, perhaps after initial de-
velopment and validation in a simulator. Many papers do not, however,
systematically document the test conditions for each method that they
describe.

Other trends are not directly observable looking at the three tables,
but can be identified in some individual references.

Experts agree that there does not exist any globally-accepted defi-
nition for each of the first four states (that is, drowsiness, mental work-
load, distraction, and emotions). There is thus a need to define, as
precisely as possible, what the states are.

In the more recent references, one sees a trend, growing with time, in
the use of mobile devices, and in particular of smartphones [14, 42, 45,

, , : , , , ]. A smartphone is relatively low-cost,
and one can easily link it to a . This can then use the data
provided by the smartphone’s many sensors, such as its inertial de-
vices, microphones, cameras, and navigation system(s). A smartphone
can also receive data from wearable sensors (e.g., from a smartwatch),
which can provide information such as , skin tempera-
ture, and . A smartphone can also be used



for its processing unit.

2.4 Driver-State Characterization through States,
Indicators, and Sensors

Our survey of the field of driver monitoring and s led us to the idea
of synthesizing this field in terms of the three key components of states,
indicators, and sensors.

Figure shows a system block diagram that uses the terminology
introduced above, that is, sensors, indicators (and values thereof), and
states (and levels thereof). The block diagram is drawn for a single,
generic state, and one must specialize it for each of the five states of
interest (or others).

Values of
ituati ) Data indicators
( drisvl;lrla\t/leol?icle Acquire > Extract 5|  Convert Level of
envirénmen 0 ’ (via sensors) (via algorithms) ”|(via algorithms) state
e.g., signals, e.g., values of e.g., level of
images eye-blink rate, drowsiness

heart rate

Figure 2.2: Block diagram for driver-state characterization. The figure shows, for
the context of driver monitoring, the system block diagram applicable to the character-
ization of a generic (sub)state. The input is the situation of interest and the output is
the level of the state. The operation of each of the three subsystems is described in
the text.

The block diagram is self-explanatory. The input is the situation of
interest (with the driver, vehicle, and environment). One or more sen-
sors acquire data, typically signals and images. Algorithms extract the
values of the indicators that are deemed relevant for the state of in-
terest. Other algorithms convert these values into a level of the state.
The three successive subsystems are labeled with the operation they
perform, that is, acquire, extract, and convert. The input and output of
each subsystem should ideally be viewed as being functions of time.

If several states are used simultaneously, the value of a given indi-
cator can be used to compute the level of any state that this indicator
relates to.



2.4.1 States

Our survey convinced us that the (global) state of a driver should be
characterized along at least the five dimensions—called here states—
of drowsiness, mental workload, distraction, emotions, and under the
influence.

One goal of a is to determine the levels of one or more of
these states in real time, nearly continuously, and, preferably, in a non-
invasive way. We use “level” in a very general sense. The level can
take several forms, such as a numerical value or a label. The numerical
value can be on a continuous scale or on a discrete scale. A label can
be the most likely (output) class of a classifier together with its proba-
bility, likelihood, or equivalent. A level can be binary, e.g., 0 and 1, or
“alert” and “drowsy”. The levels of one or more of the five states can
then be used to issue alerts or take safety actions; this is, however, not
the object of this chapter.

It is challenging to quantify the four states of drowsiness, mental
workload, distraction, and emotions in that they are not defined in a
precise way and cannot be measured directly, by contrast with, say,
physical quantities such as voltage and power. The fifth state (under
influence) can be defined precisely, at least in the case of alcohol, but
the measurement of its level requires asking the driver to blow in a
breathalyzer and/or to submit to a blood test, both of which can be per-
formed neither in real time nor non-invasively. In short, for all practical
purposes, one cannot directly measure or obtain the level of any of the
five states in any simple way. This is the reason for having recourse to
“indicators” of each of these states.

2.4.2 Indicators

While one may have an intuitive idea of what an indicator is, it is useful
to define, as precisely as possible, what it is. In a nutshell, an indicator
must be well defined, and there must be a clear procedure for com-
puting its values (at a succession of time instants) based on input data
provided by one or more sensors.

For the purpose of this chapter and of the paper [115], a “quantity”
or “item” is called an indicator for a given (sub)state if it satisfies all the
following conditions:



@ it has a precise definition based on science (e.g., physics, me-
chanics, chemistry, biology, physiology);

(2) it can be measured, or characterized in some way, with real-time
constraint when necessary, based upon data obtained from rele-
vant sensors available in the application of interest;

@ it must take values (such as numbers or labels) within a pre-
specified domain, and these values must preferably correspond
to physical units (such as seconds or Hertz);

(4) itis not a unique and full descriptor of the state;

(5) it is recognized, in the literature, as being linked, in some mean-
ingful way, to the state or trend thereof;

(6) it is possibly useful with respect to one or more related, or unre-
lated, states;

@ it is reproducible, meaning that its value is always the same for
fixed data.

For example, the eye-blink rate (i.e., the blink rate of the left or right pair
of eyelids) is scientifically recognized as being indicative of drowsiness.
This parameter obeys all conditions above, and is thus an indicator of
drowsiness.

Similarly to the level of a state, we talk about the value of an indicator.
We use both “value” and “level” simply as a way to implicitly communi-
cate whether one is talking about an indicator or a state. Ultimately,
a set of values of the indicators of a state must be converted into a
level of this state. The conversion may require the use of an advanced,
validated algorithm.

Indicators are generally imperfect. In most cases, an indicator cannot
be guaranteed to be fully correlated with a related state. Due to the
presence of complex interrelationships between each (sub)state and
its indicators, it is important to use as many indicators as possible to
promote a valid and reliable interpretation of the (sub)state of the driver
and, ultimately, of the (global) state of the driver.

The values of indicators are obtained through algorithms applied to
data collected via sensors.



2.5 Synthesis of Driver-State Characterization
via Two Interlocked Tables

The previous section shows the key role played by the triad of states,
indicators, and sensors (also emphasized in Fig. ) in driver-state
characterization, which is the first of two key steps in driver monitoring.
The present section describes our approach to synthesizing, in terms
of this triad, the techniques for driver-state characterization found in the
literature.

Our approach aims at answering, in a simple, visual way, the two fol-
lowing questions: For a given state, what indicator(s) can one use?

@ For a given indicator, what sensor(s) can one use? We achieve this
goal by naturally providing two tables (or matrices) of “states vs indica-
tors” and “sensors vs indicators”. These two tables can be viewed as
being two-dimensional (2D) views of a 3D table (or array) of “states
vs indicators vs sensors”, as illustrated in Fig. , Where the posi-
tions shown for the three dimensions and for the “dihedral” they sub-
tend make the tables on the right appear in numerical order from top to
bottom. The figure shows visually that the tables share the “Indicators”
dimension, and are thereby interlocked. It gives a simplified represen-
tation of each of the tables that are progressively filled in Sections
and , that is, Tables and

In Fig. 2.3, the simplified representations of Tables and give
the high-level structures of these tables.

In the table summarizing the indicators of the initial set of references
(i.e., Table ), the indicators are partitioned into the three columns
“Driver”, “Vehicle”, and “Environment”. Figure shows, via the sim-
plified representations, that Tables and are also partitioned in
this way, with the corresponding abbreviations D, V, and E in the three
megarows. In the table summarizing the sensors of the initial set of ref-
erences (i.e., Table A.3), the sensors are partitioned in the same way as
the indicators. This is reflected in Fig. by the partitioning of Table
into the D, V, and E megacolumns. The figure shows that Table is
partitioned into the five megacolumns corresponding to the five states,
denoted here by Sy, ..., S5, where S; stands for “State i”. However,
unlike in our original survey paper [115], this chapter addresses only
the two states that will be further discussed in the following chapters
(specifically, Chapters = and 4).
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Figure 2.3: Overview of the two interlocked tables. The figure shows simplified
representations of key Table (states vs. indicators) and Table (sensors vs.
indicators). It also suggests that these tables can naturally be interpreted as being two
views of an underlying 3D array. S;, D, V, and E stand for “State i”, “Driver”, “Vehicle”,
and “Environment”, respectively.

The rows and columns of Tables and are further divided as
follows. The D-megarows of Tables and are subdivided as the
D-megacolumns of Table are, that is, into the rows “Physiological”,
“Behavioral”, and “Subjective”. The D-megacolumns of Table are
subdivided in a way that does not already appear in Table , that
is, into the columns “Seat”, “Steering Wheel”, “Safety Belt”, “Internal
Camera”, “Internal Microphone”, and “Wearable”. Observe that the D-
megarows and D-megacolumns are not subdivided in the same way,
even though they correspond to the driver. The V- and E- rows and
columns are also further divided as necessary.

Each lowest-level cell in both tables is destined to contain 0, 1, or
more related references.

The pair of tables allows one to answer other questions such as:
@ If one invests in the calculation of an indicator for a particular state,
what other state(s) can this indicator be useful for? @ If one invests
in a particular sensor for a particular state, what other state(s) can this
sensor be useful for?



2.5.1 Categories of Indicators and Sensors

We give examples of the various categories of indicators and sensors
that are further discussed in the next two sections. Below, we use the
self-explanatory terminology of “X-based indicators” and “X-centric sen-
sors”, where X can be replaced by driver (or D), vehicle (or V), or envi-
ronment (or E).

Indicators

D-based indicators relate to the driver. They include physiological in-
dicators (e.g., heart activity, brain activity, ), behavioral indicators
(e.g., eye blinks, gaze direction, and hands positions), and subjective
indicators (which are not suited for real-world operation, but can be
used for validation at some point in the development of a )
V-based indicators relate to how the driver controls his/her vehicle,
for example, how he/she controls the speed, steers, and brakes.
E-based indicators relate to the environment, viewed here as con-
sisting of three parts, that is, @ the outside environment (outside of
vehicle), @ the inside environment (inside of vehicle), and @ the
contextual environment (independent of the previous two). Examples
of characteristics of these parts of the environment are, respectively,
@ the road type, weather conditions, and traffic density; @ the tem-

perature and noise in the cockpit; and @ the time of day and day of
year. Each of these characteristics (e.g., road type) can be used as an
E-based indicator.

Sensors

Some D-centric sensors are placed in the seat (e.g., radar for breathing
activity), steering wheel (e.g., electrodes for ),
and safety belt (e.g., magnetic induction sensors). Some D-centric sen-
sors, in particular cameras (e.g., RGB) and microphones, are appropri-
ately placed in the cockpit to monitor the driver. We qualify these sen-
sors of “internal”, to distinguish them from similar sensors monitoring
the external environment, and qualified of “external”. Some D-centric
sensors are wearables (e.g., a smartwatch measuring and/or skin
temperature). Since the aim is to monitor the state of the driver, we



assume throughout this chapter that the seat, safety belt, and similar
items are related to the driver.

V-centric sensors are mostly sensors—whether integrated in the ve-
hicle or not—that allow for the acquisition of vehicle parameters such
as speed, steering angle, and braking level. Such parameters are of-
ten obtained via the bus. Sensors (e.g.,
accelerometers, gyroscopes) built into recent mobile devices can, how-
ever, also provide some of this information.

E-centric sensors are sensors that allow for the acquisition of param-
eters related to the environment. Cameras and radars can provide, for
example, information about the driving scene.

2.5.2 Preview of the Next Two Sections

The next two sections successively cover the two selected states—
mental workload and distraction—in detail. In general, each section
defines a state, the indicators that characterize it, and the sensors that
allow access to them, and progressively fills Table and Table
with relevant references.

At the end of the last of these two sections, both tables are complete.
They, together with the explanations in the two sections, constitute the
main contribution of this chapter.

The structures of Tables to , and were obtained after a
significant number of iterations. This implies that the ultimate structure
of Tables to was also informed by the content of Sections
to

2.6 Mental Workload

We provide a detailed description of (the state of) “mental workload”,
and we then present the indicators and sensors that can be used to
characterize it.

Description

Mental workload, also known as cognitive (work)load (or simply as
driver workload in the driving context), is one of the most important vari-
ables in psychology, ergonomics, and human factors for understanding



performance. This psychological state is, however, challenging to mon-
itor continuously [2172]. In this section, we consider “mental” and “cog-
nitive” to be synonyms.

A commonly-used definition of mental workload is the one proposed
by Hart and Staveland [119]. They define mental workload as the cost
incurred by a person to achieve a particular level of performance in
the execution of a task. It is thus the portion of an individual’s men-
tal capacity—necessarily limited—that is required by the demands of
this task [31, ], that is, the ratio between the resources required to
perform it and the available resources of the person doing it [256, ]

In the literature on mental workload, one often finds references to an-
other state called cognitive distraction. Mental workload and cognitive
distraction are two different concepts, even if they can be linked when
a driver performs secondary tasks while driving. Cognitive distraction
increases the mental workload of a driver. An increase in mental work-
load is, however, not in itself an indication of cognitive distraction. First,
mental workload can increase in the absence of distraction, for exam-
ple, when a driver is focusing to execute the primary task of driving cor-
rectly and safely. Second, mental workload can increase significantly
with an increasing complexity of the driving environment [229]. Cog-
nitive distraction is further considered later as a particular category of
(the state of) distraction.

Mental workload and stress are also linked since an increasing men-
tal workload usually induces some stress in the driver.

Indicators

In the driving context, visual tasks and mental tasks are closely linked.
Indeed, while driving, a driver is constantly perceiving his/her driving
environment and analyzing what he/she sees to make the right deci-
sions whenever required, for example, scanning a crossroad and si-
multaneously judging the time and space relationships of other road
users to decide when it is safe to cross an intersection. Therefore,
it is logical that many researchers use eye-related parameters (e.g.,
blinks, fixations, and pupil diameter) to assess the mental workload of
adriver [211].
Among the driver-based, physiological indicators, [150, 1,
[18, 89, ], and heart rate variability (HRV) [18, 39, ] are of-
ten used as indicators of mental workload. increases as a task



Table 2.2: Detailed “states vs. indicators” table, introduced in simplified form in
. Each cell in the heart of the table gives some references (if any) discussing
how the corresponding indicator is useful for characterizing the corresponding state.
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Table 2.3: Detailed “sensors vs. indicators” table, introduced in simplified form in
Fig. 2.3. Each cell in the heart of the table gives some references (if any) discussing
how the corresponding sensor is useful for characterizing the corresponding indicator.
The indicators are identical to the ones in Table 2.2, thereby allowing one to link both
tables.
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gets more difficult [278] or if other tasks are added [32].

is also a valuable indicator for studying mental
workload because it records the electrical activity of the brain itself,
but it is complex to analyze [15%9]. The pupil diameter is considered
to be an indicator of mental workload [44, 89, , , ]. Indeed,
Yokoyama et al. [269] indicate that the mental workload of a driver may
be predicted from the slow fluctuations of the pupil diameter in daylight
driving. All physiological parameters mentioned in this paragraph are,
however, also influenced by other aspects of the mental and physical
situation of the driver (e.g., drowsiness and task-related fatigue) and by
environmental situations (e.g., illumination and temperature).

Among the driver-based, behavioral indicators, Fridman et al. [55]
have shown that the visual scanning by a driver decreases with an
increasing mental workload. Furthermore, since the interval of time
between saccades has been shown to decrease as the task complex-
ity increases, saccades may be a valuable indicator of mental work-
load [44, , 1

Subjective measures of mental workload exist, like the NASA task
load index (NASA TLX) [119], which is a workload questionnaire for
self-report, and the rating scale mental effort (RSME).

Driving performance can diminish as a result of an increase in mental
workload. The vehicle-based indicators which are the most sensitive to
such an increase are and
steering wheel movement [289]. Moreover, mental workload is affected
by in-vehicle ambient temperature, with increased workload observed
at both low and high temperature [339, , ]

Palasek et al. [245] use the driving environment to estimate the atten-
tional demand required from the driver to drive. The features extracted
from the analysis of the driving environment are thus indicators of the
mental workload of the driver.

Lee et al. [177] demonstrate the benefits of combining multiple sig-
nals for mental workload estimation. Specifically, they employ a set
of raw physiological signals—including , , , electromyog-
raphy (EMG), and pupil diameter—and apply functional data analysis
methods. Similarly, Huang et al. [139] investigate multimodal measures
encompassing physiological (heart activity, brain activity, ), behav-
ioral (blink rate), and vehicle-based (speed, lateral position) indicators
to assess variations in mental workload. Zhou et al. [357] also explore



multimodal approaches, analyzing synchronized : , and gaze
parameters, among others. Recent advances in deep learning have fur-
ther facilitated the detection of mental workload by integrating multiple
indicators [138, , ]

Sandor [287] collected and analyzed the interdependencies of multi-
modal data streams, including vehicle dynamics (e.g., speed and steer-
ing angle), driver physiological responses (heart rate), and eye-tracking
metrics (blinks and fixations) to uncover patterns indicative of changes
in driver state, particularly with regard to cognitive load. The author
reported a negative correlation between vehicle speed and heart rate,
suggesting variations in physiological arousal and cognitive load across
different driving environments. Specifically, higher speeds accompa-
nied by lower heart rates were interpreted as reduced cognitive load
during highway cruising compared with city driving. Overall, this study
illustrates the potential of combining vehicle-based and driver-based in-
dicators to obtain a more comprehensive understanding of driver state
and its underlying causes. However, although these two types of indi-
cators are correlated, the driver-based ones remain more reliable, par-
ticularly as driving automation becomes more prevalent. Relying solely
on vehicle-based indicators is therefore increasingly unrealistic moving
forward.

The above information allows one to fill, in Table , the relevant
cells of the “Mental Workload” column.

Sensors

In a vehicle, the can be monitored using electrodes that can be
placed at various locations, including the steering wheel (conductive
electrodes [302]) and the seat (capacitive electrodes [152]). mon-
itoring using steering-wheel-based approaches is a feasible option for

tracking, but requires both hands to touch two different conductive
parts of the steering wheel.

Ballistocardiography also allows for monitoring the cardiac activity
unobtrusively. The underlying sensing concept uses strain-gauge bal-
listocardiography sensors in the seat or in the safety belt to detect both
the cardiac activity and the respiratory activity of the driver [361]. How-
ever, the vehicle vibrations make it difficult to use this sensor in real
driving conditions.

Information about the cardiac activity can be obtained using a



camera looking at the driver, in particular using photoplethysmography
imaging [355] or using infrared imaging [39].

Radar-based methods mainly provide information about movement,
which can of course be caused by both the cardiac activity and the
respiratory activity. Various sensor locations are possible, including in-
tegration into the safety belt, the steering wheel, and the backrest of the
seat [145].

Both heart activity and are measured through electrodes placed
on the skin of a person [267]. It can thus be measured through a wear-
able such as a smartwatch [96, ]. Concerning the other, relevant,

physiological, driver-based indicators, @ it is challenging to get the
pupil diameter in real conditions because of issues with illumination
conditions and camera resolution, among others reasons, and @ it
is nearly impossible, as of this writing, to characterize brain activity in
real time and in a non-intrusive, reliable way.

Beyond their use for physiological indicators such as [39, ]
and pupil diameter [266], cameras are widely used to assess mental
workload through driver-based, behavioral indicators.

Fridman et al. [22] describe a system for characterizing, non-inva-
sively, via a camera facing the driver, what they call his/her cognitive
load. The system exploits the well-documented, experimental observa-
tion that the angular distribution of gaze direction (often characterized
by the 2D pupil position) tends to become more concentrated, espe-
cially vertically, when the cognitive load increases. Using video im-
agery, the system classifies the cognitive load of the driver into one of
the three cognitive load levels (low, medium, high), as he/she engages
in activities other than the primary task of driving, such as a conversa-
tion or the adjustment of the infotainment system. The system extracts,
from a 90-frame, 6-second video clip, via computer vision, the face and
the region of one eye of the driver. It then uses one of two methods:

mainly active appearance models for the face, eyelids, and pupil

(when visible) to produce a sequence of pupil 2D positions, and @ one
hidden Markov model for each of the three cognitive load levels. The
second method uses a single 3D

with three output classes corresponding to these levels. The two meth-
ods thus rely on a sequence of pupil positions and on a sequence of
eye images, respectively. The output of the system is one of the three
cognitive load levels.



To develop this system, the authors first acquired training data in real-
driving conditions while imposing on the driver a secondary task of a
given cognitive load level. This imposition of a given cognitive load level
while performing a primary task (here, driving) is commonly achieved
in the literature through the standard “n-back” task, where the three
values of n, that is, n = 0, 1, and 2, are viewed as corresponding to
low, medium, and high cognitive load. For the n-back task, a sequence
of numbers is dictated to the subject, who is asked, for each number,
whether it matches the one dictated n positions earlier in the sequence.
For example, for n = 2, the subject must indicate whether the current
number is the same as the one he/she heard 2 steps before, all this
while he/she performs the primary task, here driving.

The authors indicate @ that the differences in cognitive loading for
the three levels have been validated using, among others, physiological
measurements (e.g., HE, , and pupil diameter), self-report ratings,
and detection-response tasks, and @ that these levels have been
found to cover the usual range of secondary tasks while driving, such
as manipulating a radio or a navigation system.

It is noteworthy that the data used for building the system was ac-
quired through real driving, during which the driver repeatedly per-
formed n-back tasks, while a camera was recording his/her face and
surrounding area, this by contrast with the many other developments
made using a driving simulator, in highly controlled conditions, and dif-
ficult to implement in real-life conditions.

The authors indicate that, while they use the term “cognitive load”,
the literature often uses synonyms like “cognitive workload”, “driver
workload”, and “workload”.

Musabini and Chetitah [230] describe another system that is also
based on eye-gaze dispersion. They use a camera facing the driver,
produce a heatmap representing the gaze activity, and train a support
vector machine (SVM) classifier to estimate the mental workload based
on the features extracted from this representation.

Le et al. [174] characterize the mental workload based on the invol-
untary eye movements of the driver, resulting from head vibrations due
to changing road conditions. They report that, as the mental workload
increases, these involuntary eye movements become abnormal, result-
ing in @ mismatch between the actual eye movements measured via an
eye-tracking device and the predicted eye movements resulting from a



“WVOR + OKR” model, where VOR and OKR are the abbreviations of
vestibular-ocular reflex and optokinetic response. For each driver, the
VOR parameters are estimated during the first 10 s of driving in condi-
tions of normal mental workload, whereas the OKR parameter is fixed.
The hypothesis of abnormal eye movements while driving under men-
tal workload was validated using a t-test analysis. Different levels of
mental workload were induced in a driving simulator using the n-back
task.

Palasek et al. [?45] use an external camera recording the driving
environment to estimate the attentional demand using attentive-driving
models. Indeed, the task of driving can sometimes require the pro-
cessing of large amounts of visual information from the driving environ-
ment, resulting in an overload of the perceptual systems of a human
being. Furthermore, traffic density is known to increase the mental
workload [116], so that urban environments lead to a higher mental
workload than rural and highway environments do [371], all other con-
ditions being equal.

Wei et al. [352] propose a multi-factor quantification and analysis
method to classify the driver's mental workload by combining physio-
logical (H™= and ) with environment-based indicators such as traffic
density and weather, the latter two being obtained from external cam-
eras.

Vehicle-based indicators, such as wheel steering, braking behavior,

and speed, can be retrieved from the vehicle’s bus [38, 85, ]
In addition, in-vehicle ambient temperature is also accessible via the
bus [179].

The above information allows one to fill the relevant cells of Table

TAKEAWAY MESSAGES FOR OUR OWN EXPERIMENTS: In a nutshell,
Chapters 3 and 4 describe a driving simulator study in which partici-
pants were cognitively distracted through a secondary task designed to
increase their mental workload. The study also manipulated traffic con-
ditions and automation use, both of which can influence drivers’ mental
workload. A complete description of the user study is to be found in
Sections and 4.4. In Chapter 3, we examined the effects of our three
factors (cognitive distraction, traffic conditions, and automation use) on
driving performance. To this end, we measured the and speed,
two vehicle-based indicators that can be captured with vehicle-centric



sensors. In our case, both indicators were provided directly by the driv-
ing simulator. In Chapter 4, we analyzed driver-based physiological and
behavioral indicators of mental workload, relying on driver-centric sen-
sors. Specifically, we monitored using electrodes placed on the
driver’s foot and gaze parameters using a camera facing the driver.

2.7 Distraction

By contrast with the previous section, we start with some background
information (up to Section ) on the state of distraction.

The globally accepted definition of driver distraction follows: it is a
diversion of attention, away from activities critical for safe driving (the
primary task) and toward a competing activity [272, I

Inattention, sometimes used—mistakenly—as a synonym of distrac-
tion, is defined as a diminished attention to activities that are critical for
accomplishing a primary task, but not necessarily in the presence of
a competing activity [277]. Therefore, driver distraction is one particu-
lar form of driver inattention [2/6]. Inattention is a broader term, as it
can be caused, for example, by drowsiness. It indeed occurs in a wide
range of situations in which the driver fails to attend to the demands of
driving, such as when a desire to sleep overcomes a drowsy driver.

Driver distraction can be caused by any cognitive process, such as
daydreaming, mind wandering, logical and mathematical problem solv-
ing, decision making, using any kind of in-vehicle system, for exam-
ple, for entertainment, navigation, or communication (including a cell
phone), and any other activity that may affect the driver’s attention to
driving [15]. It is helpful to distinguish between four types of distrac-
tions [65, 99]:

@ manual distraction (e.g., manually adjusting the volume of the ra-
dio);
@ visual distraction (e.g., looking away from the road);
@ auditory distraction (e.g., answering a ringing cell phone); and
@ cognitive distraction (e.g., being lost in thought).
Several distracting activities may, however, involve more than one type
of distraction (e.g., talking on the phone while driving creates at least an

auditory distraction and a cognitive distraction, under the assumption
that a hands-free system is used, thereby avoiding manual distraction).



When distracted, the driver looses awareness of the current driving
situation. Being aware of a situation (whether for driving or for some
other activity) is often called situation awareness. A loss of situation
awareness while driving results in a reduction of vigilance and in an
increase of the risk of accident. In driving, a major aspect of situation
awareness is the ability to scan the driving environment and to sense
dangers, challenges, and opportunities, in order to maintain the abil-
ity to drive safely. As a driver moves through the environment, he/she
must—to avoid getting into an accident—identify the relevant informa-
tion in rapidly changing traffic conditions (e.g., distance to other vehi-
cles, closing speed), and be prepared to react to suddenly-appearing
events (e.g., braking because of an obstacle, obeying a road sign). To
achieve situation awareness, a driver must thus perceive his/her driv-
ing environment correctly [69], be attentive, and have a working mem-
ory [355]. It follows that any distraction that harms the driver’s attention
may adversely impact situation awareness [154].

Kircher and Ahlstrdm [161] argue that existing definitions of distrac-
tion have limitations because they are difficult to operationalize, and
they are either unreasonably strict and inflexible or suffering from hind-
sight bias, the latter meaning that one needs to know the outcome of the
situation to be able @ to tell what the driver should have paid attention

to and, then, @ to judge whether he/she was distracted or not. The
authors are also concerned that distraction-detection algorithms (1) do

not take into account the complexity of a situation, and @ generally
cover only and engagement in

. They thus developed a theory, named MiRA (mini-
mum required attention), that defines the attention of a driver in his/her
driving environment, based on the notion of situation awareness. In-
stead of trying to assess distraction directly, one does it indirectly, by
first trying to assess attention. Recall that distraction is a form of inat-
tention.

According to the MiRA theory, a driver is considered attentive at any
time when he/she samples sufficient information to meet the demands
of the driving environment. This means that a driver should be classi-
fied as distracted only if he/she does not fulfill the minimum attentional
requirements to have sufficient situation awareness. This occurs when
the driver does not sample enough information, whether or not simulta-
neously performing an additional task. This theory thus acknowledges



@ that a driver has some spare capacity at his/her disposal in the less

complex driving environments, and @ that some glances toward tar-
gets other than the roadway in front of him/her may, in some situations,
be needed for the driving task (like looking at, or for, a vehicle coming
from each of the branches at a crossroad). This means that and
engagement in do not necessarily lead to driver distraction.

The MiRA theory does not conform to the traditional types of dis-
traction (manual, visual, auditory, cognitive) as it does not prescribe
what sensory channel a certain piece of information must be acquired
through.

In an attempt to operationalize the MiRA theory, Ahlstrém et al. [7]
present an algorithm for detecting driver distraction that is context de-
pendent and uses @ eye-tracking data registered in the same coor-
dinate system as an accompanying model of the surrounding environ-
ment and @ multiple buffers. Each buffer is linked to a corresponding
glance target of relevance. Such targets include: windshield, left and
right windows, (rearview) mirrors, and instrument cluster. Some tar-
gets and their buffers are always present (like the roadway ahead via
the windshield, and behind via the mirrors), while some other targets
and their buffers appear as a function of encountered traffic-regulation
indications and infrastructural features. Each buffer is periodically up-
dated, and its update rate can vary in time according to requirements
that are either “static” (e.g., the presence of a specific on-ramp that
requires one to monitor the sides and mirrors) or “dynamic” (e.g., a re-
duced speed that lessens the need to monitor the speedometer). At
each scheduled update time, a buffer is incremented if the driver looks
at the corresponding target and decremented otherwise; this is a way of
quantifying the “sampling” (of the environment) performed by the driver.
A buffer running empty is an indication that the driver is not sampling
enough of the corresponding target; he/she is then considered to be
inattentive (independently of which buffer has run empty). Until de-
clared inattentive, he/she is considered attentive.

This completes the background information on the state of distrac-
tion. We now successively consider the four types of distraction. For
each of the four corresponding substates, we provide a detailed de-
scription, and we then present the indicators and sensors that can be
used to characterize it.



2.7.1 Manual Distraction
Description

Manual distraction, also called biomechanical distraction, occurs when
the driver is taking one or both of his/her hands off the steering wheel.
The driver may do so to answer a call or send a text message, grab
food and eat, or grab a beverage and drink, all while driving. According
to the , texting
while driving is the most alarming distraction. It is mainly due to manual
distraction, but, inevitably, it also includes both visual distraction and
cognitive distraction.

Indicators

Unsurprisingly, the best indicator used to detect manual distraction is
the behavior of the driver's hands, mainly through their positions and
movements. For safe driving, these hands are expected to be, most of
the time, exclusively on the steering wheel, the gearshift, or the turn-
signal lever. On the contrary, a hand using a phone, adjusting the radio,
or trying to grab something on the passenger seat indicates a manual
distraction [321].

Vehicle-based indicators can also be used, as shown in [197]. Using
naturalistic-driving data, the authors studied the correlation between
@ performance metrics linked to the steering-wheel behavior and to

the vehicle speed, and @ manual and visual driver distractions in-
duced, for example, by texting. They found a good correlation between
the steering movements and the manual-visual distraction of the driver.

The above information allows one to fill, in Table , the relevant
cells of the “Manual Distraction” column.

Sensors

The most common solution to analyze the behavior of the driver's hands
is to use a camera placed inside the vehicle, usually near the central
mirror, looking down in the direction of the driver.

Leetal [176, ] propose an approach to detecting [176] and clas-
sifying [175] human-hand regions in a vehicle using s. Their tech-
nique for hands detection is robust in difficult conditions caused, for ex-
ample, by occlusions, low resolution, and/or variations of illumination.



Using deep s, Yan et al. [365] classify six actions involving the
driver's hands, that is, calling, eating, smoking, keeping hands on the
steering wheel, operating the gearshift, and playing on the phone. Sim-
ilarly, both Baheti et al. [19] and Masood et al. [215] use ten classes to
detect when the driver is engaged in activities other than safe driving
and to identify the cause of distraction.

Distraction caused by activities such as drinking, adjusting radio set-
tings, or looking toward the back seat and typically characterized as
manual or visual distraction is often detected using deep learning. End-
to-end approaches, which identify distraction directly from images with-
out relying on intermediate indicators, are a common choice when using
deep learning models [ , , , ]. However, these methods
tend to be less explainable and provide limited insight into the underly-
ing causes of distraction.

Vehicle-based indicators can be obtained from the bus of the
vehicle [35, 85, ]

The above information allows one to fill the relevant cells of Table

2.7.2 Visual Distraction
Description

Visual distraction occurs when the driver is looking away from the road
scene, even for a split second. It is often called , and is one of the
most common distractions for a driver. Examples of activities causing

are: @ adjusting devices in the vehicle (like a radio or naviga-
tion system); @ looking towards other seats; @ regarding a new
message on the phone or glancing at the phone to see who is calling;
and @ looking outside when there is a distraction by the roadside. All
generally result in the driver not looking straight ahead, which is what
he/she needs to be doing for safe driving.

Indicators

The gaze is the main indicator used to detect a visual distraction of a
driver. The duration of is probably the most-used metric. The
longer the duration is, the lower the situation awareness of the
driver is, and the higher the visual distraction of the driver is [364, ]



The glance pattern and the mean glance duration are other metrics [ /6,
]

Occasionally, the head direction is used to approximate the gaze di-
rection to characterize the driver’s visual distraction [56, 87]. For exam-
ple, Fridman et al. [56] classify driver gaze regions on the sole basis of
the head pose of the driver. Fridman et al. [27] compare classifications
of driver gaze using either head pose alone or both head pose and eye
gaze. They classify, based on facial images, the focus of the attention of
the driver using 6 gaze regions (road, center stack, instrument cluster,
rear-view mirror, left, and right). To do so, they consecutively perform
face detection, face alignment, pupil detection, feature extraction and
normalization, classification, and decision pruning. Vicente et al. [329]
similarly classify the driver gaze, but use 18 regions instead of 6.

Visual distraction can also be inferred using vehicle-based indicators
such as wheel steering, braking behavior, and speed. Indeed, a driver
generally slows down when distracted by a visual stimulus [72, 76, 1,
and visual distraction impairs lateral control because the driver needs
to compensate for errors made when taking his/her eyes off the road,
which leads to larger deviations in lane positioning [/ 6, , ]. Such
deviations have various causes, including drowsiness and visual dis-
traction. This re-emphasizes the need to use as many indicators as
possible. This also explains why more and more vehicles are equipped
with systems that keep the vehicle within its lane whenever possible.

Beyond the commonly used indicators described above, it is impor-
tant to acknowledge that gaze data can be coded in different ways,
each offering distinct insights into visual distraction. Three main coding
schemes exist: direction-based, target-based, and purpose-based [9,

]- Direction-based coding focuses on where the driver is looking and
is typically used to compute indicators such as . Target-based cod-
ing, by contrast, manually assigns each glance to an object or region of
interest (e.g., a bicyclist, a traffic sign, or the phone), thereby providing
a richer contextual understanding of visual behavior and indicating what
objects drivers are looking at. Finally, purpose-based coding classifies
glances according to why the driver is looking at a particular area by
defining which areas must be monitored to be considered attentive [2].
From a driver-monitoring perspective, these coding schemes provide
different information regarding visual distraction. Direction-based met-
rics capture deviations from the road scene; target-based metrics reveal



the nature of competing visual stimuli; and purpose-based metrics link
glances to the attentional requirements of the driving task.

The above information allows one to fill, in Table , the relevant
cells of the “Visual Distraction” column.

Sensors

In order to monitor driver visual distraction, one mainly uses at least one
camera facing the driver, thus as for manual distraction. The camera
can be placed in various positions as long as the head pose and/or
gaze of the driver can be obtained.

Naqvi et al. [232] use a near-infrared camera (with wavelengths
of 0.75—-1.4 um) placed in the dashboard in conjunction with a deep-
learning-based gaze-detection system, classifying the driver's gaze
into 17 gaze zones.

Mukherjee and Robertson [227], similarly to Fridman et al. [86],
present a -based model to estimate human head pose and to
classify human gaze direction. They use, however, low-resolution
RGB-depth (RGB-D), thus with a camera providing depth information.

The above information allows one to fill the relevant cells of Table

2.7.3 Auditory Distraction
Description

Auditory distraction occurs when some sound prevents the driver from
making the best use of his/her hearing, because his/her attention is
drawn to the source of the sound. Hearing a phone ringing, listening
to a passenger, listening to music, and following navigation instructions
can all lead to auditory distraction.

This component of driver distraction is the least studied in the liter-
ature, likely because @ it is often accompanied by at least one other
more-easily detectable source of distraction falling among the other
three types, and @ it poses lower safety risks in comparison to the
other types of distraction, in particular visual distraction [305].

The literature does not appear to introduce the concept of “auditory
indicators”, which would characterize @ the sounds captured both

inside and outside of the vehicle, and, preferably, @ the distraction
they create. By using several microphones (including arrays thereof)



and techniques for separating audio sources [333], one could imagine
breaking down and localizing the various sources of sounds both inside
and outside the vehicle.

Indicators

When the driver appears to be auditorily distracted, there occur
changes in pupil diameter [99, ] and blink frequency [99, ]
[292] can also be used as an indicator of auditory distraction.
Sonnleitner et al. [307] describe the impact of an auditory secondary
task on a driver during a primary driving task, and show changes in
braking reaction and brain activity.
The above information allows one to fill, in Table , the relevant
cells of the “Auditory Distraction” column.

Sensors

Obtaining the pupil diameter is challenging in real conditions due to
ilumination conditions and/or camera resolution, among others. Fur-
thermore, brain activity cannot, at this time, be measured both in real
time and in a non-intrusive, reliable way. Blink frequency can, however,
be monitored via a camera, and braking behavior via the bus.

Although microphones and, even better, arrays thereof, both inside
and outside the vehicle, would be natural sensors to provide values
for auditory indicators, we did not find any references considering such
sensors for characterizing auditory distraction. One can also envision
using the microphone(s) of a smartphone linked to a

The above information did not lead to the addition of any reference
to Table

2.7.4 Cognitive Distraction
Description

In the context of driving, cognitive distraction is defined by the

as the mental workload associated with a task that involves thinking
about something other than the (primary) driving task [227]. A driver
who is cognitively distracted due to a secondary task, such as mind
wandering, experiences an increase in his/her mental workload (the



state discussed in Section 2.6). The characterization of his/her cog-
nitive distraction could therefore be achieved @ by examining how

his/her mental workload evolves and @ by finding characteristics of
this evolution allowing one to decide whether it is caused by cognitive
distraction. The monitoring of cognitive distraction is thus, before all, a
monitoring of the mental workload and/or its time variations. Section
shows that there are @ many ways to characterize mental workload,
and @ many indicators thereof. The challenge is to be able to pinpoint
the components of, or changes in, the mental workload that are due to
distraction.

Cognitive distraction occurs when a driver is thinking about some-
thing that is not related to the driving task. In the driving context, while

visual distraction can be summarized by , cognitive distraction can
similarly be viewed as . While it is relatively easy
to monitor (with a camera facing the driver), it is difficult to monitor

. It has, however, been shown that, when a driver is cognitively
distracted, his/her visual behavior is impacted. Mind-wandering and
daydreaming are two causes of cognitive distraction.

Indicators

As cognitive distraction induces mental workload, the indicators allow-
ing one to detect and characterize these two states are similar, if not
identical. Therefore, it is difficult, if not impossible, to distinguish, in the
driving context (as well as others), between these two states since they
have nearly the same influences on the indicators.

Among the four types of distractions, cognitive distraction has proven
to be the most difficult to detect and characterize. This is because
it happens inside the brain, and, obviously, “observing” the brain of a
driver is more challenging than observing his/her hands and eye(s).

As for visual distraction, cognitive distraction can be characterized

by indicators of both driving performance and eye movements [196], in-
cluding @ vehicle-based indicators, such as speed [271], wheel steer-
ing [194], lane discipline [194, , ], and braking behavior [117],

and @ driver-based, behavioral indicators, such as gaze parameters
(e.g., fixation duration, glance frequency, and gaze distribution) [108,

, ] and head orientation. A driver makes significantly
fewer hlgh speed saccadic eye movements and spends less time look-
ing to the relevant periphery for impending hazards with increasing



complexity of the secondary task(s). He/She also spends less time
checking his/her instruments and mirrors [117].

Cognitive distraction can also be measured through various driver-
based, physiological indicators. Among these, brain activity [22, ]
and pupil diameter may be the most convincing. While Yusoff et al.
[377] reported that and show only weak relationships with cog-
nitive distraction, these signals are nonetheless recognized indicators
of mental workload, as discussed in Section 2.6. Moreover, Halin et al.
[1713] demonstrated that three -based indicators are significantly
influenced by cognitive distraction.

Fresta et al. [84] implemented an end-to-end, real-time, deep learn-
ing approach using vehicular (e.g., speed, wheel steering), eye-tracking
(e.g., pupil diameter, gaze direction), and physiological signals (-~ and

) to detect driver cognitive distraction.

Among the subjective measures, the NASA TLX [119] is commonly
used in driving-distraction studies even though it is a subjective mea-
sure of mental workload and, thus, not a measure specific to cognitive
distraction.

The above information allows one to fill, in Table , the relevant
cells of the “Cognitive Distraction” column.

Sensors

Since the main indicators of cognitive distraction are driving perfor-
mance and gaze parameters, the main sensors to characterize it are
vehicle-centric sensors [85, ] and cameras [54, I

The above information allows one to fill the relevant cells of Table

TAKEAWAY MESSAGES FOR OUR OWN EXPERIMENTS: As similarly de-
scribed at the end of the previous section, Chapters 2 and 4 report on a
driving simulator study in which participants were cognitively distracted
through a secondary task designed to increase their mental workload.
The study also manipulated traffic conditions and automation use, both
of which can influence drivers’ mental workload. A complete description
of the user study is provided in Sections and 4.4. In this context, al-
though all three factors affect mental workload, two of them (traffic con-
ditions and automation use) are intrinsic to the driving task, whereas
the third (the secondary task) is not. This distinction makes it possible



to attribute specific variations in mental workload explicitly to cognitive
distraction induced by the secondary task.

2.8 Summary

This chapter focuses on the characterization of the state of a driver,
which is the first key step for driver monitoring and . It surveys
(in Section 2.3) the relevant scientific and technical literature on driver-
state characterization, and subsequently provides a synthesis (in Sec-
tions to 2.7) of the main, published techniques for this characteriza-
tion.

The survey yielded 56 publications in scientific/technical journals and
conference proceedings. Their examination led to the conclusion that
the state of a driver should be characterized according to five main
dimensions—called here “(sub)states”™—of drowsiness, mental work-
load, distraction (further subdivided into four types qualified of manual,
visual, auditory, and cognitive), emotions, and under the influence.

In comparison with standard physical quantities, such as voltage and
power, these states are not well defined and/or are very difficult—if at
all possible—to quantify or to label, not only in a validated way, but also
in real time and non-invasively, as is required in the driving context. The
only reasonable approach, found almost universally in the literature, is
to have recourse to indicators (of each of these states), the value of
which can be obtained in a practical and validated way. Examples of in-
dicators are the eye-blink rate, the , and the outside temperature.
The values of many indicators (but not all) are obtained by applying
algorithms, often complex, to data (typically signals and images) col-
lected from sensors.

The last paragraph brings to light the three ingredients that, in our
view, lie at the heart of driver monitoring and s, that is, the triad of
states, indicators (of these states), and sensors (providing data, which
are the source of the values of these indicators). Figure links these
three ingredients.

Our survey confirmed the intuition that one should monitor, not only
the driver (D), but also the (driven) vehicle (V) and the (driving) en-
vironment (E). Accordingly, we partitioned both the indicators and the
sensors into D, V, and E categories, leading to the phrases “X-based
indicators” and “X-centric sensors”, where X can be D, V, or E. For



the D-based indicators, we further distinguished between three types:
physiological, behavioral, and subjective. The three examples of indi-
cators given earlier correspond to D, V, and E, respectively.

The major outcome of the chapter—and the paper [115] on which itis
based—is the pair of interlocked tables “states vs indicators” (Table 2.2)
and “sensors vs indicators” (Table 2.3), where each cell contains zero,
one, or more references. These tables bring together, in an organized
way, most of the useful information found in the literature, up to the time
of this writing, about driver-state characterization for driver monitoring
and s. These tables constitute an up-to-date, at-a-glance, visual
reference guide for anyone active in this field. They provide immediate
answers to key questions that arise in the design of S, such as the
four questions posed in Section

2.9 Conclusions

Back in 2021, we drew the following main conclusions from the pair of
tables (Tables and 2.3) and the references they compile, and these
conclusions still hold today:

@ Each state can be inferred from several indicators (which are often
far from perfect), thereby encouraging multimodal fusion.

@ The internal camera (possibly with several instances) appears to
be the most-commonly-used sensor.

@ Wearable sensors (e.g., smartwatches) are increasingly used to
obtain driver-based, physiological indicators and vehicle-based
indicators.

@ Environment-based indicators are often ignored, even though
there is an agreement that they should be used.

(5) Driver-based, subjective indicators, although sometimes alluded
to, cannot be used in real driving but are essential for the valida-
tion of some indicators of some states.

() Brain activity is a recognized indicator of several states, but can-
not be accessed today in a non-invasive, reliable, and inexpensive
way in real driving.



@ Several methods for characterizing each of the five states use,
without surprise, techniques of machine learning and, especially,
of deep learning.

The term “predict(ion)” often refers to a present state rather than
to a future state, and few papers describe techniques “to tell be-
forehand”, for example, the future values of indicators and levels
of states.

The next two paragraphs respectively elaborate on the last two points.
For driving safety, it is paramount that the processing and decisions
made by any algorithm used in a vehicle, including for driver monitoring,
be fully explainable (to a human being) at the time of design and certifi-
cation of this algorithm. Most algorithms using machine learning do not,
however, have this necessary feature of explainability or interpretabil-
ity, and this is certainly the case for machine-learning-based algorithms
that would learn on the fly during one or more trips. Therefore, while
machine learning algorithms and, especially, deep-learning algorithms
often provide stellar performances on specific datasets in comparison
with other types of algorithms, they are unlikely to be deemed accept-
able by an equipment provider or a vehicle manufacturer, especially if
they operate as end-to-end solutions without any form of interpretabil-
ity. There is, however, a trend toward designing machine learning algo-
rithms that produce results that can be explained [199, ]. The above
remarks apply not only to machine learning but also to any approach
whose operation cannot be explained simply. Our framework, which
implies the use of indicators and states, supports the desired explain-
ability. It indeed prevents any algorithm from going, in one fell swoop,
from (nearly-)raw sensor data to driver characterization, by forcing it to
estimate both the values of indicators and the levels of states as a step-
ping stone toward the ultimate characterization of the state of a driver.
The literature on driver monitoring focuses almost exclusively on
characterizing the “present” state of the driver. We use quotes because
the characterization is typically based on data from the recent past, for
example, in a window that extends over several tens of seconds and
butts against almost the present time. This results in a characterization
of the “recent-past” state of the driver. If the driver is in control, a
using this characterization may not have sufficient lead time

to take proper emergency action (to issue an alarm and/or to take



back the control) and, if the vehicle is in control, such a may
hand the control over to the driver even though he/she might be falling
asleep or getting distracted in a few tens of seconds or more. A major
missing link in current research and development is thus the true
prediction of the future state of the driver, at least a few tens of seconds
into the future.

On the one hand, Tables and show, at a glance, which areas
of driver-state characterization have been the object of research and
with what intensity (as measured by the number of references listed in
each cell). On the other hand, the two tables show, also at a glance,
where little or no research has been performed to date, thereby sug-
gesting new, potentially-fruitful research areas. The two tables should
thus prove to be a rich source of information for both research and
product development.

In 2021, starting from a set of 56 initial references, our exploration
of the field of driver monitoring led us to examine a total of 254 refer-
ences for the five states. While our crisscrossing of the field, at several
different times, led us to identify many relevant publications, our search
cannot, obviously, be exhaustive.

The methodology used for this survey and synthesis of the state of
the art in driver monitoring can be applied to update the tables over time
to reflect new developments—and this is precisely what has been done
during the writing of this chapter in 2025 for Tables and 2.3. Up-
dates can be made by adding and/or removing rows, columns, and/or
references, as appropriate.

Back in 2021, we concluded that characterizing the state of a driver
and, more generally, driver monitoring would remain important despite
the progressive increase in vehicle automation. Recent European reg-
ulations mandating the use of s in new vehicles further reinforce
this perspective. Level 3 enables vehicles to drive by themselves
under certain conditions, such as on a highway and in sunny weather,
but a driver must still be present and able to take back control of the
vehicle at any time and in a relatively short lapse of time. To ensure
that the driver is able to take back control, technologies for monitoring
the state of the driver become even more critical. These technologies
are also needed to monitor the driver during the time he/she is driving,
and to possibly allow the vehicle to take back control if necessary.

Once again, in 2021, we observed that some vehicle manufactur-



ers were offering s based on the behavior of the driver and/or the
behavior of the vehicle, such as the detection of steering-wheel move-
ments and lane deviations, respectively. We noted that although these
systems could be useful in vehicles with automation up to ( ) Level
2, they would become obsolete at higher levels of automation. Indeed,
when a vehicle drives autonomously, monitoring its behavior does not
provide any information about the state of the driver. Consequently,
technologies that directly monitor both the driver and the driving envi-
ronment are a necessity as long as the driver is involved in the driving
task, at least partially. Again, the recent European regulations imposing
the use of camera-based systems to monitor driver’s gaze now confirm
these earlier insights.

To date, the development of has moved at a faster pace than
has the development of s, even though interest in s has been
growing due, e.g., to the aforementioned new regulations. This imbal-
ance is, in major part, a consequence of the long-held belief by some
automotive-industry players that they would be able to easily leapfrog
Levels 3 and 4, and move on directly to Level 5, where there is no need
to monitor the driver. However, most experts now agree that it will be
decades before most privately owned vehicles are fully automated, if
ever. Along the long and winding road to Level 5, the automotive indus-
try will need to significantly boost the research on, and the development

of, s. For Levels 3 and 4, the same industry will need to develop
and s in full synergy. The future could thus not be brighter for
the field of driver monitoring and S.

Most of the conclusions we drew in 2021 therefore remain valid, and
practice has, in fact, confirmed several of our initial insights. As high-
lighted in Chapter 1, considerable attention has been devoted to S
since 2021, with, for example, new European regulations introduced in
2023 requiring camera-based systems to monitor driver’'s gaze in real
time. However, even though s have become mandatory in Europe,
we still argue that their potential goes far beyond warning functions and
that they can play a key role in fostering more effective interaction be-
tween the driver and the automation system. In this vein, we introduce
the DEV framework at the end of this dissertation, in Chapter 7, which
aims to move towards a more integrative model of driver—automation
cooperation.
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Within the scope of Part II, which investigates driver behav-
ior through human studies, this chapter examines how drivers interact
with automation. With the increasing integration of driving automation
into vehicles, driving has evolved into a cooperative task between the
human driver and the vehicle automation. However, to make this collab-
oration effective, it is essential to understand the interplay between the
driver, the vehicle, and the environment, as these three elements con-
tinuously influence one another. In the study presented in this chapter,
we examine whether drivers’ cognitive state and the complexity of the
driving environment influence reliance on , and whether such re-
liance, in turn, affects driving performance.

The complexity of the driving environment significantly influ-
ences use, whereas cognitive load does not.

use improves lateral control and affects compliance with
speed limits but does not significantly influence lane-changing
behavior.

Overall, this chapter contributes to understanding how driver
cognitive distraction and traffic conditions shape driver
reliance on and the resulting driving performance.

This chapter is adapted with minor changes
from Halin et al. [114].



3.1 Introduction

The [283] defines six levels
of driving automation, ranging from no automation ( Level 0) to
full automation ( Level 5). Vehicles currently on the market are
mainly Level 2 (partial driving automation), such as Tesla Autopi-
lot, BMW Extended Traffic Jam Assistant, Ford Blue Cruise, and many
more [295]. In 2022, Mercedes-Benz’s system called “Drive Pilot” was
the world’s first fully certified Level 3 driving system (conditional
driving automation). Initially restricted to geo-fenced areas on the Ger-
man highway at speeds up to 60 km/h, an updated version available
in 2025 extends its use to flowing traffic up to 95 km/h under certain
conditions on the entire German highway network. Despite these ad-
vancements, fully autonomous Level 5 vehicles remain a distant
reality, meaning that driving will remain a cooperation between humans
and autonomous driving systems in the foreseeable future [263]. It is
therefore essential to ensure that this cooperation is as effective as pos-
sible in terms of safety, driver comfort, and overall performance.

These levels provide a useful classification for regulatory bodies
and automotive manufacturers, enabling legal and technical classifica-
tion of vehicles based on their level of automation. Yet, they do not fully
capture how automation operates in real-world driving and offer limited
practical value for drivers. Indeed, automation capabilities do not re-
main static throughout a drive, and specific features may switch off in
some situations. For instance, in an Level 3 vehicle, control may
shift between the driver and the automation system. Moreover, even
when the driver remains responsible for driving ( Levels 0-2), they
may activate or deactivate specific assistance features (e.g.,

or lane keeping assistance) at will, dynamically
adjusting the level of automation.

For safe and effective human-automation interaction, drivers must
accurately understand their moment-to-moment responsibilities, and
the capabilities and limitations of the automation in use [28, 35, ]
However, research has shown that drivers often lack awareness of au-
tomation limitations [24], which can result in misuse, disuse, or overre-
liance. The phenomenon of autonowashing [63], where marketing ex-
aggerates automation capabilities, leading to misinterpretations of sys-
tem reliability, further compounds this issue. Given these challenges,



we argue that a dynamic operational level of automation, which fluc-
tuates over time as driving automation features are engaged or disen-
gaged, is more relevant to day-to-day driver safety than the static
Level. Moreover, this operational level of automation could be dynam-
ically adapted based on both the driver state and the driving environ-
ment, a concept known as adaptive automation [36].

The primary motivation for integrating automation into vehicles is to
enhance safety and comfort for drivers and passengers. Automation
may contribute to this objective by relieving the driver from parts of the
driving task. Yet, excessive automation may have unintended conse-
quences, leading to reduced situation awareness and disengagement
from the driving task, which in turn increase risks [20, 58]. Young and
Stanton [373] advocate for the ‘cliff-edge’ principle, which consists in
restraining automation capabilities until it can fully and reliably take
over the task at hand, and favor human-centered support rather than
technology-centered automated replacement. Given that drivers will
still be involved in the control loop for some time, they should be ac-
tively involved rather than passively supervising. Similarly, Endsley [/ 1]
emphasizes that automation should only be used where necessary and
at the lowest possible level.

Adaptive automation offers a potential solution to these concerns by
dynamically adjusting the operational automation level in response to
both the driving environment and the driver state. This approach seeks
to balance automation and driver involvement, activating automation
only when beneficial and without compromising safety. Ideally, adaptive
automation should help maintain optimal driver involvement, prevent-
ing both overreliance and underuse. Furthermore, in situations where
a high level of automation is temporarily feasible, it should allow for
a smooth transition back to driver control, providing sufficient time for
drivers to regain situation awareness. A key challenge is determining
when and how automation should take over versus when it should pro-
mote driver involvement.

In this study, we investigate how driver state and driving environment
complexity influence the use of driving automation features and how au-
tomation, in turn, impacts driving performance. Our findings contribute
to the broader discussion on adaptive automation by providing insights
into how automation can be designed to support rather than replace
human drivers, ultimately enhancing safety. Specifically, we conducted



a driving simulator study in which participants could freely activate or
deactivate ACC while driving under different conditions across six sce-
narios. These scenarios varied along two dimensions: driver state,
with two levels of cognitive distraction (i.e., presence/absence of a sec-
ondary mental calculation task), and driving environment complexity,
with three levels (i.e., increasing traffic density and addition of road con-
structions restricting the number of traffic lanes).

3.2 Related Work

3.2.1 Driving Environment Complexity

The complexity of the driving environment is influenced by many fac-
tors, such as weather conditions, road types, or traffic density. For ex-
ample, urban driving is considered more complex than rural driving [35].

The driving environment complexity influences the use of driving
automation features or systems, either because of system limita-
tions [283], regulations [295], or driver preferences [94, ]. For in-
stance, the use of driving automation features is usually recommended
only in good weather or other beneficial driving conditions [295],
and drivers tend to not activate ACC on city streets that have traffic
lights [252].

The impact of driving environment complexity is particularly studied
for Level 3 vehicles, where the driving automation system reaches
its limitations and issues a , requiring the
driver to quickly resume control. Research indicates that traffic den-
sity influences both take-over time and quality [67, 98, ], whereas
weather conditions, such as fog-induced low visibility, do not signifi-
cantly affect take-over performance [197]. Cooperative perception of
the driving environment [233] helps reduce risks associated with S.
By combining vehicle-localized environment perception (e.g., via cam-
eras and LiDARs) with information from other road users or infrastruc-
ture, it allows s to be issued earlier, giving the driver more time to
get back into the loop while the system is still active.

3.2.2 Driver State

As studied in Chapter 2, driver state is commonly categorized into five
(sub-)states: drowsiness, mental workload, distraction, emotions, and



under influence. Distraction is further divided into manual, visual, audi-
tory, and cognitive distraction.

Maintaining an optimal mental workload is important for effective task
performance, as both underload and overload are associated with de-
creased driving performance [55, , ]. The impact of driving au-
tomation on driver workload remains a topic of debate. Some stud-
ies suggest that automation reduces workload [30&], while Vasta and
Biondi [328] conducted a meta-analysis that found no significant re-
duction in mental workload between manual driving ( Level 0) and
partially automated driving ( Level 2). They argue that workload
reduction may only occur in drivers with automation experience or af-
ter extended use during long drives. However, it is widely accepted

that driving automation reduces stress [308] while also lowering situa-
tion awareness [58, ] and increasing drowsiness [10, ], distrac-
tion, and engagement in [228]. While

much research has examined how automation affects driver state, less
attention has been given to how driver state influences the use of au-
tomation.

Studies indicate that factors contributing to the complexity of the driv-
ing environment have little to no effect on driver state, while others
do. For instance, Ahlstrém et al. [5] reported that light conditions (day-
light versus darkness) had a small impact on sleepiness-related mea-
sures (e.g., subjective sleepiness, lateral position, speed, or blink dura-
tions). However, a more recent study [219] found no significant effect of
light conditions on driver sleepiness. Similarly, road environment (rural
versus suburban) was shown to have little influence on driver sleepi-
ness [6]. In contrast, other factors appear to have stronger effects.
Stanton and Young [302] found that high traffic density significantly in-
creases both driver mental workload and stress, highlighting the impor-
tance of considering these interactions when designing adaptive au-
tomation systems. Similarly, Park et al. [250] found that environmental
factors (such as visual complexity or number of objects in the visual
scene) significantly impact driver situation awareness.

3.2.3 Driving automation

Driving automation systems consist of a collection of features that can
perform all or part of the dynamic driving task, depending on the level
of automation [283]. As such systems become increasingly integrated



into production vehicles, research has expanded to investigate how
drivers interact with these features (for example, during transitions of
control [94, : 1), how cooperation between driver and automa-
tion can be supported [104, ], and how human-machine interfaces
can enhance these interactions [64].

For instance, Gershon et al. [94] analyzed how drivers leverage au-
tomation in real-world driving, focusing on levels 0, 1, and 2, and
identified driver- and systeme-initiated transfers of control. They found
that drivers frequently initiated transitions between automation levels,
and that these were not necessarily related to immediate risk mitigation,
but often due to a mismatch between system capabilities and driver ex-
pectations or preferences. While this work sheds light on drivers’ rea-
sons for engaging or disengaging automation (e.g., disengaging )s
it does not address how these decisions are modulated by the driving
environment complexity or the driver state.

The influence of driving context on automation use has been high-
lighted by Orlovska et al. [?43], who demonstrated that the relation-
ship between driver, system, and environment is highly interdependent.
However, their study also did not incorporate the impact of driver state,
such as cognitive distraction, on automation use.

3.3 Research Questions

In this study, we examined the relationships between driver state, driv-
ing environment complexity, and driving automation. Specifically, we
aimed at answering the following four research questions (RQs):

RQ1 How does driving environment complexity influence use?
RQ2 How does cognitive distraction influence use”?
RQ3 How does use influence driving performance in different

driving environments?

RQ4 How does use influence driving performance in the pres-
ence or absence of a cognitive distraction?



3.4 User Study

To analyze the relationships between driver state, driving environment
complexity, and driving automation, we conducted a within-subjects
driving simulator experiment. Participants drove the same route six
times, experiencing three levels of environmental complexity, once with
a cognitively demanding secondary task and once without (two levels
of cognitive distraction). Participants were instructed to respect traffic
laws, including speed limits, and were free to activate or deactivate the
at any time.

We investigated whether the activation or deactivation of driving au-
tomation features depended on the driver state and/or on the driving
environment complexity. We also examined whether use affected
driving performance.

3.4.1 Participants

A total of 31 participants were recruited. However, 2 participants did
not complete the experiment due to simulator sickness, leaving a final
sample of N = 29 participants (22 male, 7 female; mean age = 31.59,
SD = 10.68 years). Data from the 2 withdrawn participants were en-
tirely discarded for the analysis. Participants were recruited via posters,
word-to-mouth or social media (e.g., Facebook, LinkedIn). All partici-
pants had a valid driver’s license, on average, for 11.62 (SD = 11.18)
years. The study was approved by the ethics committee of the Faculty
of Psychology, Logopedics, and Educational Sciences of the Univer-
sity of Liege under the reference 2223-081. Participants all provided
informed and signed consent before taking part in the experiment.

3.4.2 Apparatus and Materials
Driving Simulator

The experiment was conducted in a driving simulator developed by
AISIN Europe, running a customized version of CARLA [56], which is
an open-source simulation environment based on Unreal Engine. The
setup included three large 50-inch curved screens, an adjustable car
seat, and a Fanatec system comprising a steering wheel, gear shifter,
and pedals. The driving simulator featured an automatic transmission



vehicle. Turn signals (blinkers) were controlled via buttons on the steer-
ing wheel. The vehicle was equipped with an system that not
only adapted to the speed of the preceding vehicle but also automat-
ically slowed down in curves. The implementation was inspired
by [349] and based on a carrot-chasing algorithm [220, ]. Par-
ticipants were able to engage at their current speed and adjust
it in increments or decrements of 5 km/h using dedicated buttons on
the steering wheel. could only be disengaged via these buttons;
pressing the brake pedal neither deactivated nor initiated brak-
ing while was engaged. The system did not automatically
adapt speed based on recognized speed limit signs, as no signs were
present. Instead, speed limits were communicated to participants via
a voice agent. Consequently, when using , participants were re-
sponsible for manually adjusting the set speed to comply with speed
limits (e.g., in road construction zones). Additionally, the vehicle was
equipped with a blind spot detection system. Participants also had a
small screen on their right to mimic a navigation system. Experimental
sessions were recorded using two 4K cameras capturing front and back
views, a high-resolution infrared camera positioned behind the wheel as
part of a , and a microphone for audio
recording. Figure shows the experimental setup. A custom soft-
ware suite, developed by AISIN Europe, was used to design the test
scenarios, execute the simulations, and log experimental data.

Pre-Test and Feedback Questionnaires

The pre-test questionnaire aimed at collecting demographic and study-
specific data. To gain insights on participants’ experience and habits,
we asked them to rate their familiarity with, use of, and attitude to-
ward , driving automation features and systems on five-point Likert
scales. In addition, after each scenario, participants completed a feed-
back questionnaire, collecting, e.g., information about the reasons for
engaging or not engaging the . Both questionnaires are available
in Chapter & of the appendix and at


https://osf.io/t3ug7

(a) Driving simulator

(b) Route

Figure 3.1: lllustration of the experimental setup. A participant is seated in the
driving simulator (a) and performing six scenarios on the same standardized CARLA
map named “Town 4” (b). The route consisted of a segment through a small town with
pedestrians and traffic lights, followed by an infinite loop highway section. The person
depicted provided permission.



3.4.3 Tasks
Driving Task

Participants operated a simulated vehicle in six sessions of approxi-
mately eight minutes each. The route was identical in all six sessions.
It began at a gas station in a small town with pedestrians and multiple
traffic lights, then continued onto an 8-shaped, three-lane highway be-
fore returning to the starting point. All drives took place in daylight and
clear weather conditions. A top-down view of the map, including the
route, is shown in Fig. . Participants were instructed to follow the
route provided by the navigation system, which included both oral di-
rections and a visual display on a dedicated screen. They were asked
to drive as they normally would in everyday life, i.e., aiming to reach
their destination efficiently while adhering to speed limits and maintain-
ing safe driving behavior to minimize the risk of accidents. It was up to
them to decide whether and when to engage the system.

Secondary Task

In half of the scenarios, one for each level of driving environment com-
plexity, participants had to respond orally to arithmetic calculations dic-
tated by a voice agent. These calculations were triggered based on the
vehicle’s position along the route. While the specific calculations varied
across the three levels of driving environment complexity, their overall
difficulty remained comparable. Each calculation involved the addition
of two two-digit numbers (e.g., 83 + 42). This secondary task served as
a cognitively distracting element, akin to a mentally demanding conver-
sation a driver might have with a passenger or over the phone.

3.4.4 Procedure

Participants were first equipped with electrodes on their left foot to ac-
quire and record data using a BIOPAC
MP160 system (these data were collected as part of another study, de-
scribed in Chapter 4). Next, they filled out the pre-test questionnaire.
The experimenter then introduced the driving simulator. Participants
were instructed to drive as naturally as possible while respecting the
speed limits of 50 km/h in the city and 90 km/h on the highway. They
were also informed about the possibility of road construction in certain



scenarios, where a 70 km/h speed limit would apply, and that these
would be announced by the navigation system.

Next, we trained participants on the operation of the driving simulator
and on the secondary task through two dedicated training scenarios.
The first training one served as a basic tutorial lasting approximately
five minutes, conducted on the highway within the CARLA Town 4 map.
In this scenario, participants drove alone, with no traffic, and were in-
structed by the voice agent to perform fundamental tasks such as acti-
vating turn signals to change lanes, engaging and disengaging the
at specified speeds. The second training scenario followed the same
route as in the experiment with low traffic and included a few calculation
tasks. This allowed participants to familiarize themselves with both the
driving route and the cognitively demanding secondary task before the
actual experiment.

Then, participants completed the six test scenarios, each represent-
ing different conditions based on a 3 (driving environment complexity) x
2 (cognitive distraction) design. The order of scenarios was counterbal-
anced across participants. However, two scenarios with the same level
of complexity were always presented consecutively, once with cognitive
distraction and once without. Half of the participants began with the
distraction condition for each level of driving environment complexity,
while the other half started without it. The three levels of driving envi-
ronment complexity varied in traffic conditions (i.e., number of vehicles),
as shown in Table 3.1. The highest level also featured road construction
zones along the route, restricting traffic to one or two lanes. However,
traffic kept flowing, and no standstill sections occurred. Participants
were not made aware of the specific conditions for each scenario. After
each scenario, participants completed the feedback questionnaire.

Table 3.1: Overview of the three levels of driving environment complexity
(DEC), detailing the total number of pedestrians, vehicles, and road construction

zones present on the route (Fig.

) in each corresponding scenario.

D_rlvmg Nb. of Nb. of Nb. of ro?d
environment edestrians | vehicles construction
complexity (DEC) P zones
Level 1 (low) 30 37 0
(medium) 30 80 0
Level 3 (high) 30 80 3




3.4.5 Measurements

ACC Use
The use of was evaluated using two measurements: the number
of activations and the percentage of time the was engaged

while the vehicle was in motion, excluding periods when the vehicle
was stationary. Additionally, the feedback questionnaires allowed us
to gather the reasons behind participants’ decisions to engage, disen-
gage, or refrain from engaging the in each condition.

Driving Performance

Driving performance was evaluated based on longitudinal and lateral
vehicle control. We measured the percentage of time the speed limit
was adhered to while the vehicle was in motion, thus excluding periods
when the vehicle was stationary. We considered both strict adherence
to the speed limit and the effect of allowing a margin of error, defined
as a permissible percentage exceeding the limit. For instance, if the
speed limit was 90 km/h and the margin of error was 5%, then speeds
included in the percentage of time within the speed limit had to remain
below 90 « (1 4+ 5%) = 94.5 km/h. Lateral vehicle control was analyzed
using the : was com-
puted after excluding data points corresponding to zero vehicle speed
(e.g., when the vehicle was stationary at a traffic light) and periods in-
volving overtaking maneuvers or road changes. These periods were
identified by a change in lane or road ID. To account for the full dura-
tion of these maneuvers, data were removed from 5 seconds before to
5 seconds after each identified lane or road change, as a 10-second
window encompasses 99% of lane changes according to Li et al. [189].
In addition, we also measured the number of lane changes initiated,
which serves as a complementary measurement to for assess-
ing lateral vehicle control. Finally, feedback questionnaires allowed us
to gather information on participants’ subjective experience of the dif-
ferent driving scenarios and conditions.



3.5 Results

Statistical analyses were conducted using JASP (v0.19.3) [146].
with repeated measures were conducted for

continuous balanced dependent variables. For continuous unbalanced
dependent variables, were used. For dis-
crete dependent variables (e.g., count data),

with a Poisson distribution were employed. If signifi-
cant effects were found, adequate post-hoc comparisons with Bonfer-
roni correction were performed. In such cases, adjusted p-values are
systematically reported in the text. All results are reported as statisti-
cally significant at p < .05. We preferred partial eta squared to partial
eta as a measure of effect size for within-subjects design [~ 79].

3.5.1 Insights Provided by the Pre-Test Questionnaire
Familiarity with Driving Automation Features

All participants reported that they were familiar with the concept of
cruise control before taking part in the study. One participant (3.45%)
had never driven a vehicle equipped with cruise control, fifteen par-
ticipants (51.72%) had driven a vehicle equipped with conventional
cruise control, and thirteen participants (44.83%) had driven a vehicle
equipped with adaptive or intelligent cruise control. Sixteen participants
(55.17%) reported driving a vehicle equipped with cruise control daily,
six (20.69%) several times a week, four (13.79%) several times a month,
two (6.90%) rarely, and one (3.45%) never.

Use of Driving Automation Features

Eighteen participants (62.07%) indicated using driving automation fea-
tures regularly, in particular seven (24.14%) responding ‘completely’ and
eleven (37.93%) ‘rather yes’ on a five-point scale from ‘Not at all’ to
‘Completely’ to the question ‘Do you regularly activate driving assis-
tance features (e.g., cruise control, lane-keeping assist)?’. The main
reasons given were comfort and convenience, maintaining a constant
speed or adhering to speed limits, and managing fuel consumption.
Nine participants (31.03%) indicated not using driving automation fea-
tures regularly, in particular four (13.79%) responding ‘not at all’ and five



(17.24%) ‘rather no’. Their main reasons were a dislike of driving au-
tomation features, a preference for being in full control of the vehicle, a
belief that they did not need them, or simply forgetting to engage them.
Two participants (6.90%) gave a neutral response, mainly because they
only use these features on highways.

Attitudes toward Driving Automation Features

Twenty-six participants (89.66%) stated that they were in favor of driv-
ing automation features, with fourteen (48.28%) responding ‘completely’
and twelve (41.38%) ‘rather yes’. The main reasons mentioned were
comfort and convenience, increased safety and reduced risk of acci-
dents, reduced fatigue, and the ability to focus more on other tasks.
Three participants (10.34%) responded ‘neither yes nor no’ stating that
they prefer to remain in full control of the vehicle or do not use the fea-
tures anyway.

Finally, twenty-two participants (75.86%) stated that they favored
(semi-)autonomous vehicles (namely, vehicles at Levels 3, 4 and
5), with seven (24.14%) responding ‘completely’ and fifteen (51.72%)
‘rather yes’. Similarly to driving automation features, the main reasons
included comfort and convenience, increased safety and reduced
risk of accidents. Additionally, participants mentioned time manage-
ment—allowing them to engage in other activities while driving—and
a smoother traffic flow. Four participants (13.79%) were not in favor
of (semi-)autonomous vehicles, with one (3.45%) responding ‘not at
all’ and three (10.34%) ‘rather no’. The main reasons cited were the
desire to maintain full control of the vehicle, a love of driving, and the
importance of retaining driving capacity. Three participants (10.34%)
gave a neutral response, stating that their opinion depended on the
intended use of the vehicle or that they did not fully trust autonomous
driving.

3.5.2 Effects of Driving Environment Complexity and Cog-
nitive Distraction on ACC Use (RQ1 & RQ2)
Number of ACC Activations

A with a Poisson distribution and log link function was fitted to
analyze the number of activations based on 174 observations from



29 participants each completing the 6 scenarios (29 x 6 = 174). It in-
cluded fixed effects of driving environment complexity and cognitive dis-
traction, with participant as a random intercept to account for individual
differences. Results showed no significant main effect of driving envi-
ronment complexity (y?(2) = 4.348,p = .114) or cognitive distraction
(x%(1) = .442,p = .506) on activations. Additionally, there was no
significant interaction between environment complexity and distraction
(x%(2) = .544,p = .762). Table gives the number of activations
in each scenario.

Table 3.2: Average number of activations (4 standard deviation) forthe N =
29 participants in each of the six scenarios, i.e., in the different driving environment
complexities (DEC), with and without cognitive distraction.

DEC No distraction | Distraction

Level 1 3.4+1.9 3.1+1.4
3.2+22 3.3+t1.1

Level 3 40+1.9 3.7+2.2

Percentage of ACC Engagement Time

A two-way repeated-measures was conducted to examine the
effects of driving environment complexity (Level 1, , Level 3)
and cognitive distraction (present or absent) on the percentage of
engagement time. Mauchly’s test of sphericity was significant for both
driving environment complexity (x2(2) = 6.573,p = .037) and the in-
teraction of the two factors (x2(2) = 10.654,p = .005), indicating that
the assumption of sphericity was violated. A Huynh-Feldt correction
was applied, with epsilon values of ¢ = .867 for driving environment
complexity and e = .788 for the interaction. The standard p-value with-
out correction was used for cognitive distraction, as the assumption of
sphericity applies only to factors with three or more levels.

The analysis revealed a significant main effect of driving environ-
ment complexity (F(1.734,48.546) = 4.391,p = .022,7 = .136), with
a medium effect size (see Table 3.3). Post-hoc comparisons using the
Bonferroni correction revealed that the percentages of engage-
ment time at Level 3 of driving environment complexity was significantly
smaller than at Level 1 (p = .022), while no significant difference was
found between and the two other levels (p = 1.0 for Level 1 and



p = .248 for Level 3). The main effect of cognitive distraction, as well as
the interaction between driving environment complexity and cognitive
distraction, were not significant (F'(1,28) = .005,p = .947,1712, = .0001
and F(1.576,44.115) = .271,p = .711,7;3 = .010, respectively). In other
words, engagement time is only influenced significantly by the
level of driving environment complexity but not by cognitive distraction.

Table 3.3: Average percentage of engagement time (+ standard devia-
tion) for the N = 29 participants in each of the six scenarios, i.e., in the different
driving environment complexities (DEC), with and without cognitive distraction.

DEC No distraction | Distraction
Level 1 51.6 £ 18.2 53.4+15.4
50.3 = 21.9 49.8 +£15.0
Level 3 43.3 +19.2 41.7+24.1

Rationale for ACC Use Based on Feedback Questionnaires

Participants stated that they activated in all scenarios whenever
traffic conditions allowed and to assist with maintaining speed limits.
They also reported using during cognitively demanding tasks to
help manage all tasks. Additionally, participants indicated activating

while driving on the highway. In contrast, participants reported not
activating in any scenario when traffic conditions were unsuitable.
In particular, they found it challenging to activate in complex driv-
ing environments, especially when cognitively distracted. Additionally,
they refrained from using in urban areas or situations requiring
frequent braking, such as approaching traffic lights. Finally, participants
indicated that they deactivated in all scenarios when traffic condi-
tions required it. They also disengaged at highway exits to brake.

3.5.3 Impact of ACC Use on Driving Performance (RQ3 &
RQ4)

Percentage of Time within the Speed Limit

Each of the 29 participants completed the 6 scenarios (3 driving envi-
ronment complexity x 2 cognitive distraction). Within each scenario,
they were free to activate and deactivate as often as they wished.
Thus, we expected to process 29 x 6 x 2 = 348 observations. However,
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Figure 3.2: Percentage of time within the speed limit, averaged across the six
scenarios (three levels of driving environment complexity x two levels of cognitive dis-
traction), as a function of the allowed margin of error on the speed limit, when the ACC
is engaged (ACC On, in blue) and disengaged (ACC Off, in orange). When the margin
of error is 0%, the percentage of time within the speed limit is lower when the ACC is
engaged compared to when it is not. However, as the margin of error increases, this
percentage rises more notably when the ACC is engaged, eventually surpassing the
percentage observed when the ACC is disengaged. This effect can be attributed to the
ACC'’s operation, which aims to maintain the set speed but may occasionally exceed it
slightly, or to instances where the ACC set speed is slightly above the speed limit.

6 observations were missing because participants had not engaged the
at all during an entire scenario. Such missing values led to unbal-

anced data when analyzing the effect of use on the percentage of
time participants were driving under the speed limit. Therefore, a
was fitted using , with Satterth-

waite’s method, with 342 observations from 29 participants. The model
included driving environment complexity, cognitive distraction, and

as fixed effects, with a random intercept for participants to account for
individual variability.

A margin of error was considered when comparing the vehicle’s
speed to the speed limit. In the driving simulator, when the was
set to a given speed, the system attempted to regulate the vehicle’s
speed accordingly, but some variations leading to higher speeds still
occurred. As a result, when no margin of error was allowed, the
percentage of time within the speed limit while was engaged
appeared unexpectedly low, as shown in Fig. 3.2. However, when a 5%
margin of error was permitted, the percentage of time within the speed
limit was higher when was engaged than when it was disengaged,
meaning that vehicles with engaged were more often within the
speed limit than vehicles with disengaged.

We fitted s with margins of error of 0% and 5%. When no margin



of error was considered (see Table ), the results showed significant
effects of driving environment complexity (F(2,308.61) = 30.308,p <
.001), cognitive distraction (F'(1,308.58) = 11.501,p < .001), and

use (F'(1,308.67) = 583.321,p < .001) on the percentage of time within
the speed limit. The percentage of time within the speed limit increased
as driving environment complexity increased. Post-hoc pairwise com-
parisons (using contrasts) revealed significant differences between all
levels (Level 1 — b = —.064,SE = .019,z = —3.396,p =
.002; — Level 3: b = —.082,SFE = .019,z = —4.344,p < .001;
Level 1 — Level 3: b = —.146, SE = .019,z = —7.769,p < .001). More-
over, participants drove more time within the speed limit when cogni-
tively distracted compared to when they were not distracted, and when

was disengaged compared to when it was engaged.

Table 3.4: Average percentage of time within the speed limit (+ standard devia-
tion) with (a) 0% and (b) 5% margins of error for the N = 29 participants when the

was engaged or disengaged across the six scenarios (three levels of driving environ-
ment complexity (DEC) x two levels of cognitive distraction). In other words, this corre-
sponds to the conditional probability that speed is within the limit with a margin of error,
given whether is on or off, whether the driver is distracted or not, and whether
driving environment complexity is at Level 1, , or Level 3 (e.g., P(speed <
(1 + margin of error) x speed limit| ACC=off, distraction=without, DEC=Level 1) for the
top left cell of the table).

(a) No margin of error

No distraction Distraction
DEC ACC Off ACC On ACC Off ACC On
Level1 | 92.14+14.8 | 39.4+19.6 | 95.04+9.5 | 47.7+23.2
93.3£12.1 | 50.1£15.3 | 95.0£8.8 | 61.1 +26.3
Level 3 | 94.6+10.0 | 67.8 +18.6 | 95.3+9.6 | 77.1 +18.9
(b) 5% margin of error

No distraction Distraction
DEC ACC Off ACC On ACC Off ACC On
Level1 | 96.3£125 | 98.34+7.4 | 97.5+£7.5 | 99.34+2.3
97.0 £ 8.6 99.34+£23 | 97.7+£7.0 | 99.1 £ 3.2
Level 3 98.3 6.6 99.6 1.2 | 98.1+6.6 | 99.7 1.1

When a 5% margin of error was considered (see Table
results showed a significant main effect of

10.188,p =

), the

use (F(1,308.67) =

.002) on the percentage of time within the speed limit.

However, there was no significant main effect of driving environment



complexity (F'(2,308.66) = 1.282,p = .279) or cognitive distraction
(F(1,308.65) = .778,p = .379), and no significant interaction. As
observed in Fig. and Table , when accounting for a 5% margin
of error, the percentage of time within the speed limit was higher when

was engaged compared to when it was disengaged. Although the
difference was not significant, the percentage of time within the speed
limit tended to increase as driving environment complexity increased
and when participants were cognitively distracted, compared to when
they were not distracted.

Standard deviation of lateral position (SDLP)

A was fitted using , with Satterthwaite’s method, based
on the same 342 observations. The model included driving environ-
ment complexity, cognitive distraction, and as fixed effects, with
a random intercept for participants to account for individual variability.
Results showed significant effects of driving environment complexity
(F(2,301.87) = 5.966,p = .003), cognitive distraction (F'(1,301.82) =
8.002,p = .005), and use (F(1,302.01) = 48.776,p < .001) on

. A significant two-way interaction between driving environment
complexity and use was found (F'(2,301.87) = 3.154,p = .044).
No other significant interaction was observed.

Table indicates that was lower when participants were cog-
nitively distracted than when they were not, and that it was also lower
when was engaged than when it was disengaged. Post-hoc pair-
wise comparisons (using contrasts) were conducted to explore the ef-
fect of driving environment complexity on , averaging over cog-
nitive distraction and use. Results showed that was sig-
nificantly lower at Level 1 than at (b = —.090,SE = .026,z =
—3.444,p = .002) of driving environment complexity. No significant dif-
ference was however observed between Level 3 and the two other lev-
els (Level 1: b = —.050,SE = .026,z = —1.934,p = .159;
b=.039,SE = .026,z = 1.500,p = .401). We also analyzed the signif-
icant interaction between the driving environment complexity and

use, comparing on and off within each level of environment
complexity. Results showed that significantly reduced in
Level 1 (b= .147,SE = .037,Z = 4.001,p < .001) and of driv-

ing environment complexity (b = .216, SE = .037,z = 5.821,p < .001).
In Level 3, the effect was smaller and did not reach significance (b =



085, SE = .037, 2 = 2.275, p = .069).

Table 3.5: Average (+ standard devi-
ation) for the N = 29 participants when the was engaged or disengaged across
the six scenarios, i.e., in the three levels of driving environment complexity (DEC), with
and without cognitive distraction. values are expressed in meters.

No distraction Distraction

DEC ACC Off | ACCOn | ACC Off | ACC On
Level 1 67+.21 | B14+.12 | .64+ .18 | .51 +£.08
86+ .46 | .61+.23 | .7T0£.21 | .52+ .08
Level3 | 69+.24 | 60+.13 | .654+.22 | 574 .14

Number of Lane Changes

A with a Poisson distribution and log link function was
fitted, based on the same 342 observations. The results re-
vealed a significant main effect of driving environment complexity
(x%(2) = 57.354,p < .001), but no significant effect of cognitive distrac-
tion (x?(1) = 1.310,p = .252) or use (x%(1) = 2.111,p = .146) on
the number of lane changes. A significant three-way interaction be-
tween driving environment complexity, cognitive distraction, and

use was found (x?(2) = 11.648,p = .003). However, no significant two-
way interactions were observed. We observe in Table that the num-
ber of lane changes increased with greater driving environment com-
plexity, likely due to higher traffic levels and road constructions requiring
more overtaking maneuvers. Post-hoc pairwise comparisons (using
contrasts) revealed significant differences between Level 1 and the two

other levels ( b= —-1.700,SE = .350,z = —4.860,p < .001;
Level 3: b = —2.590,SE = 375,z = —6.905,p < .001), but no
significant difference between and Level 3 (b = —.890,SF =

374,z = —2.378, p = .052). We also analyzed the significant three-way
interaction between driving environment complexity, cognitive distrac-
tion, and use. Results showed that participants significantly
changed lanes more often when the was activated than when
it was deactivated at of driving environment complexity when
they were not distracted. In all other conditions, use had no
significant effect on the number of lane changes.



Table 3.6: Average number of lane changes (+ standard deviation) forthe N = 29
participants when the was engaged or disengaged across the six scenarios, i.e.,
in the three levels of driving environment complexity (DEC), with and without cognitive
distraction.

No distraction Distraction

DEC ACC Off | ACCOn | ACC Off | ACC On
Level 1 6.1+£29 | 70£53 | 5.3+3.7 | 6.3+4.2
6.7t4.3 | 94+£54 | 86+59 | 7.24+4.2
Level3 | 934+49 | 83+52 | 9.0£4.7 | 8.6+6.6

Perceived Safety Based on Feedback Questionnaires

Regarding the subjective ratings to the statement ‘It was complicated
to drive safely’ (on a seven-point scale from @ ‘strongly disagree’ to
@ ‘strongly agree’), a two-way repeated-measures revealed
a significant main effect of driving environment complexity (F'(2,56) =
7.974,p < .001,72 = .222), with a large effect size. Post-hoc com-
parisons with Bonferroni correction showed that and Level 3
of driving environment complexity were rated as being more compli-
cated to drive safely than Level 1 (respectively, p = .042 and p = .002),
but there was no significant difference between and Level 3.
There was also a large main effect of cognitive distraction (F'(1,28) =
18.06,p < .()01,173 = .392) with people finding it more complicated to
drive safely when cognitively distracted compared to when they were
not. Finally, there was no significant interaction between the two factors
(see Table 3.7).

Table 3.7: Average subjective ratings (4 standard deviation) to the statement ‘It
was complicated to drive safely’ (on a seven-point scale from (1) ‘strongly disagree’
to (7) ‘strongly agree’) for the N = 29 participants in each of the six scenarios, i.e.,
in the different driving environment complexities (DEC), with and without cognitive dis-
traction.

DEC No distraction | Distraction

Level 1 2.6+ 1.8 34+1.6
3.3+t1.9 3.9+t1.8

Level 3 34+1.7 49+1.7




3.6 Discussion

Our results indicate that driving environment complexity influences the

percentage of engagement time, but not the number of acti-
vations (RQ1). Regardless of cognitive distraction conditions, the per-
centage of time is engaged was lower in the most complex driv-

ing environment compared to the less complex one. In line with sur-
vey studies [358], participants reported that they preferentially activated

on highways but refrained from using it in urban areas where fre-
quent braking was required, notably at traffic lights. Overall, it seems
that cognitive distraction does not influence the absolute use, ei-
ther in terms of the number of activations or overall engagement time,
even if people may feel that the more demanding situations (i.e., most
complex environment coupled with a secondary task) make the activa-
tion more challenging (RQ2).

Additionally, our study suggests that use influences driving per-
formance (RQ3 and RQ4). While use does not appear to affect
the number of lane changes, it impacts both the percentage of time the
speed limit is adhered to and the . Specifically, regarding longitu-
dinal control, whether has a positive or negative effect on speed
limit compliance depends on the margin of error allowed. Indeed, if no
margin of error is permitted, and we consider only the percentage of
time the vehicle’s speed is strictly less than or equal to the speed limit,
then driving with engaged leads to lower speed limit compliance
than driving without it. This effect may be explained by the 's im-
plementation, which aims to maintain a set speed but may occasionally
exceed it slightly, or by situations where the set speed itself is slightly
above the speed limit. In contrast, if a 5% margin of error is allowed
(meaning that the vehicle’s speed can slightly exceed the limit), then
driving with improves speed limit compliance. Therefore, allowing
a margin of error cancels this effect, resulting in nearly total compliance
within the speed limit plus the margin of error. Notably, a 5% toler-
ance is commonly accepted by speed cameras in real-world settings.
Note that participants reported in feedback questionnaires that they ac-
tivated to help them maintain speed limits. This was also one of
the main reasons cited in the pre-test questionnaire for using driving
automation features regularly in real life. In the literature, the effect
of on speed remains inconclusive. For instance, Hoedemaeker



and Brookhuis [131] found that drivers in a simulator study were driv-
ing faster with activated, while Vollrath et al. [336] observed lower
maximum speed and fewer speed limit violations when driving with
compared to manual driving. Meanwhile, Bianchi Piccinini et al. [27]
found no statistically significant effect of on traveling speed. How-
ever, as shown in our study, results highly depend on the way is
implemented and on the measures used. Besides, when considering
strict compliance (no margin of error), speed limit adherence increases
with driving environment complexity and cognitive distraction, regard-
less of use. With a 5% margin of error, no significant differences
are observed. Regarding lateral control, was lower when
was engaged compared to when it was disengaged, suggesting that
use improves lateral driving performance. was also lower
when participants were cognitively distracted than when they were not,
a finding consistent with previous studies [194, ]. Additionally, lat-
eral control was better (i.e., lower ) in the lowest driving environ-
ment complexity compared to the medium complexity level. Notably, a
significant interaction was found between driving environment complex-
ity and use, suggesting that lateral control was improved by
use in the two lowest levels of environment complexity, but not in the
most complex one.

As for lane changes, the complexity of the driving environment had
a significant effect, with more lane changes occurring in environments
with higher traffic density, likely due to more frequent overtaking ma-
neuvers. Neither cognitive distraction nor use had a significant
effect on the number of lane changes. However, a significant three-
way interaction was observed between driving environment complexity,
cognitive distraction, and use. More lane changes was observed
when was engaged compared to when it was disengaged, but only
in the medium-complexity environment and in the absence of distrac-
tion. No significant differences were found in the other conditions.

Our findings underscore the importance of adopting a dynamic op-
erational level of automation starting as early as SAE Level 1, as even
a feature like was activated and deactivated multiple times during
an eight-minute route. Moreover, the study supports the idea that adap-
tive automation, dynamically adjusting the level of automation, should
account for both driving environment complexity and driver state. While
cognitive distraction, unlike driving environment complexity, did not sig-



nificantly influence use in this study, participants reported that both
factors affected their perception of driving safety. Although participants
did not significantly modify their use in response to cognitive dis-
traction, automatically adapting the automation level based on driver
state might still improve driving performance.

3.7 Limitations

We acknowledge several limitations to our study. First, we operational-
ized driver state, driving environment complexity, and driving automa-
tion features by focusing specifically on cognitive distraction, traffic den-
sity, and , respectively. While this constitutes an important first
step, future research should explore other driver states (e.g., drowsi-
ness or visual distraction), additional aspects of driving environment
complexity (e.g., weather conditions or road types), and other driving
automation features (e.g., lane keeping assistance) to assess whether
similar conclusions can be drawn. Furthermore, traffic density was con-
strained by the computational limits of the system running CARLA, as
higher densities increased the risk of simulator crashes. Besides, it
is worth noting that the system used here could only be disen-
gaged using a designated button, as pressing the brake pedal neither
deactivated nor initiated braking while was engaged. This
differs from real-world implementations, where braking typically
deactivates the system. Second, participants were not selected based
on age, background, or driving experience. As these factors may also
influence automation use and driving behavior, their impact should be
considered in future studies to support the development of adaptive au-
tomation that is commensurate with experience or other drivers’ char-
acteristics. Of course, as with all simulator studies, the question of
transferability, reliability, and validity of the results to real-world driving
conditions arises. Although driving simulators allow for controlled ex-
perimental conditions, conclusions drawn in a simulated environment
may differ from the ones drawn in the real world.

3.8 Conclusion

With our simulator study, we investigated whether and how driving en-
vironment complexity and driver state influence reliance on driving au-



tomation features (RQ1 & RQ2), and how using such features may im-
pact driving performance (RQ3 & RQ4). N = 29 participants drove
in six different conditions, consisting of three levels of driving environ-
ment complexity and two levels of cognitive distraction, with the ability
to activate or deactivate at any time.

We found that (RQ1) the overall time of engagement was lower
in complex driving environments than in less complex ones, while the
number of activations itself was not significantly affected by the
environment. Additionally, (RQ2) we did not observe any significant
effect of cognitive distraction on use. Regarding driving perfor-
mance, our study revealed that use had an effect on the number
of lane changes only in the medium-complexity environment and in the
absence of cognitive distraction. use led to lower and thus
improved lateral control in the two lowest levels of environment com-
plexity, no matter if participants were distracted or not. Furthermore,

use did have a negative or positive impact on compliance with
speed limits, depending on whether a strict speed limit or a margin
of error was considered. Additionally, we found that (RQ3) more lane
changes occurred in more complex driving environments. The lateral
control (i.e., ) was better in the least complex driving environment.
For strict speed limit compliance, adherence was higher without
and increased with driving environment complexity, regardless of
use. However, with a 5% margin of error, speed limit adherence was
higher with than without, with no significant effect of driving envi-
ronment complexity. Finally, (RQ4) cognitive distraction did not affect
the number of lane changes. However, lateral control was better with
and with cognitive distraction than in other situations, while strict

speed limit compliance was better without and with cognitive dis-
traction. With a 5% margin of error, speed limit adherence was higher
with but with no significant effect of cognitive distraction.

In conclusion, the present study suggests that to develop adaptive
automation features that vehicle users rely on, it is essential to con-
sider both the driving environment and the driver state. This will help
ensure that driving automation systems can dynamically adjust to vary-
ing conditions and driver needs to enhance both safety and comfort.
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After examining driving performance in Chapter 3, this
chapter focuses on the characterization of the driver state with physi-
ological and behavioral indicators. Specifically, we investigate whether
and how and gaze parameters reflect
driver cognitive distraction under varying traffic conditions and

use through the driving simulator study described
in Chapter 3. We analyze @ three -based indicators of cognitive
distraction: mean skin conductance level ( ), mean amplitude
of skin conductance responses ( amplitude), and rate of skin
conductance responses ( rate); as well as @ three gaze-based
indicators: percent road center, horizontal gaze dispersion, and vertical
gaze dispersion.

All three -based indicators are significantly influenced
by cognitive distraction and use, whereas environment
complexity significantly influences and amplitude,
but not rate.

All three gaze-based indicators are significantly influenced by

use, whereas environment complexity only significantly
influences vertical gaze dispersion, but not percent road cen-
ter and horizontal gaze dispersion, and cognitive distraction
significantly influences percent road center and vertical gaze
dispersion, but not horizontal gaze dispersion.

Surprisingly, cognitive distraction reduces road center gaze
and increases vertical dispersion. However, complementary
analyses reveal that these effects primarily occur between
mental calculations periods, whereas active mental calcula-
tions phases are characterized by a temporary increase in
gaze concentration.



Overall, this chapter provides an analysis of physiological and
behavioral indicators of driver state, examining how they are
jointly influenced by driver cognitive distraction, environment
complexity, and use.

This chapter is adapted from Halin et al. [108,

], which have been merged into a single chapter. The data ana-

lyzed here were collected during the same simulator study presented in

Chapter 3. Therefore, we do not repeat the full description of the user
study but focus instead on the elements specific to this chapter.






4.1 Introduction

Until fully populate our roads entirely, en-
suring that drivers remain in an appropriate state to operate the vehicle
or to supervise driving automation features is critical for safety. Monitor-
ing the state of drivers is therefore essential to guarantee that they are
ready to perform the required actions, whether they are actively control-
ling the vehicle, supervising driving automation features, or expected to
take over control at any moment.

Cognitive distraction, a state in which drivers’ mental resources are
diverted from the driving task (e.g., talking with a passenger or on the
phone), can significantly impair performance and jeopardize safety. To
detect such a state, both physiological and behavioral signals can be
monitored [115]. However, these signals may also be influenced by
external factors such as traffic conditions and the use of driving au-
tomation features like .

In this chapter, we investigate whether and how two types of indi-
cators reflect driver cognitive distraction under varying traffic conditions
and use: @three -based physiolog-
ical indicators—mean skin conductance level ( ), mean amplitude of
skin conductance responses ( amplitude), and rate of skin conduc-
tance responses ( rate); and @ three gaze-based behavioral in-
dicators—percent road center, horizontal gaze dispersion, and vertical
gaze dispersion.

The data analyzed in this chapter were collected during the driv-
ing simulator study described in Chapter 3, in which participants could
freely activate or deactivate the at any time while driving across six
scenarios. These scenarios varied along two dimensions: @ driver
state, with two levels of cognitive distraction (i.e., presence or absence
of a mental calculation task); and @ driving environment complex-
ity, with three levels (i.e., increasing traffic density and the presence or
absence of road construction restricting the number of traffic lanes).

This work focuses on the characterization of the driver state and in-
vestigates whether and how both physiological ( -based) and be-
havioral (gaze-based) indicators reflect driver cognitive distraction un-
der varying traffic conditions and use.



4.2 Related Work

Driver state can be categorized into five (sub-)states: drowsiness, men-
tal workload, distraction (manual, visual, auditory, and cognitive), emo-
tions, and under influence [115]. aim
to characterize these states using specific indicators and appropriate
sensors that capture the corresponding signals.
Cogpnitive distraction, defined by the

[237] as the mental workload associated with
a task that involves thinking about something else apart from the driv-
ing task, is commonly characterized using behavioral and physiological
indicators, such as gaze parameters (e.g., fixation duration, gaze dis-

tribution) [311, , ], pupil diameter [369],
[377, ], and heart activity [251, ]. In this chapter, we fo-
cus on and gaze parameters.

Monitoring cognitive distraction fundamentally involves assessing
mental workload, which is influenced not only by the complexity and
demands of the driving task itself but also by any concurrent secondary
task (i.e., cognitive distraction). For this reason, we study both how
selected indicators reflect the driver's cognitive state and how these
indicators behave under varying traffic conditions and during the use of
driving automation features.

4.2.1 -Based Indicators of Cognitive Distraction

refers to autonomic changes in the electrical properties of the skin,
driven by sweat gland activity regulated by the sympathetic nervous
system [34]. is typically decomposed into @ a tonic compo-
nent, reflecting slow, baseline shifts in arousal over time, and @ a
phasic component, representing rapid, transient changes in response

to discrete stimuli or events. The most commonly studied signal
is , which can be measured via skin-surface
electrodes [225]. The measure of the tonic component is referred to
as the , While the abrupt changes in the

phasic component, called peaks, are referred to as

Li et al. [186] analyzed seventeen features extracted from SC, ,
and under varying cognitive load and identified rate as the
most influential indicator of driver arousal, while also recommending



amplitude. Radhakrishnan et al. [268] demonstrated that both
automation and the environment significantly influence rate. Sim-
ilarly, Foy and Chapman [23] found that road type significantly affects
mean and rate. However, none of these studies examined the
combined influence of cognitive distraction, driving environment com-
plexity, and use on the -based indicators to assess their relia-
bility in dynamic, real-world driving conditions. In the present study, we
analyze these influences on , amplitude, and rate.

4.2.2 Gaze-Based Indicators of Cognitive Distraction

In the driving context, visual and mental tasks are inherently inter-
twined. Drivers must continuously perceive their environment and
interpret visual information to make appropriate decisions, such as,
e.g., scanning highway lanes while simultaneously determining when
to brake or change lanes. Given this strong link between visual
perception and cognitive processing, gaze parameters have often been
used to assess drivers’ mental workload [~ 1].

Different approaches exist to code glance data, namely the direction-
based (where are drivers looking?), the target-based (what objects are
drivers looking at?), and the purpose-based (why are drivers looking
where they are looking?) coding schemes of glance data [, ]
Direction-based coding is commonly used to compute indicators like
“eyes off road” or “percent road center”, which is the percentage of
gaze data points that fall within a predefined road center area [330].
Target-based coding involves a manual coding of glance targets, which
are categorized by the target type (e.g., bicyclist, traffic sign, or mobile
phone). The purpose-based approach specifically defines which areas
a driver must acquire information from to be considered attentive [“].

Target-based approaches infer driver distraction from glances toward
targets deemed irrelevant for driving. While effective for detecting visual
distraction, they are less suited for cognitive distraction, where drivers
may maintain their gaze on the road while being mentally distracted.
By definition, purpose-based approaches might better capture cogni-
tive distraction but still face similar limitations, as drivers may appear
visually attentive while mentally disengaged (i.e., “look but not see” situ-
ations, where drivers’ eyes are on the road, but the mind is elsewhere).
Moreover, their practical implementation is complex as it requires ex-
tensive contextual information about, e.g., glance history, infrastructure



layout, or traffic regulations. Therefore, we focus on direction-based
gaze indicators of cognitive distraction, which are more accessible and
widely used. Specifically, we examine percent road center, horizontal
and vertical gaze dispersion.

Cognitive distraction has been associated with increased gaze con-
centration toward the road center, manifested as higher percent road
center [330], lower horizontal and vertical gaze dispersion, and de-
creased glance frequency to mirrors and speedometer [117, ]. Sim-
ilar patterns have also been noted under high driving task complex-
ity [330].

Let us note that percent road center areas can vary considerably
across studies: they are sometimes circular [8, , ], sometimes
rectangular[117, ], with horizontal angle of view ranging from 8 to 20
degrees. Furthermore, this area can be a fixed area on the windshield
or can be centered around the driver’s most frequent gaze angle, and
thus vary for each driver [348]. While percent road center was initially
computed based on gaze fixations, using raw gaze points (i.e., all gaze
data not clustered into fixations and saccades) was shown to give highly
correlated values [2, I

Gaze dispersion, expressed as the standard deviation of gaze points
(a.k.a., gaze variability), can be computed using the driver's gaze angle
or the projection of the gaze trail on a plane in front of the driver [330].
Furthermore, it can also be assessed separately for the horizontal and
vertical gaze positions or angles [348], or for the combined vertical
and horizontal components of gaze into a single gaze position or an-
gle [330].

In this study, we compute @ the percent road center using raw
gaze angles and a rectangular road center area with a horizontal angle
of view of 20 degrees, @ horizontal gaze dispersion, and @ vertical
gaze dispersion.

4.3 Research Questions

This work aims to answer the following overarching research question
(RQ): What are the effects of cognitive distraction on both @ physio-
logical ( -based) and @ behavioral (gaze-based) indicators under
varying traffic conditions and use? To answer this question, we
investigated the six following questions organized in two sub-series:



RQ1.1 How is the mean skin conductance level (5C!) affected by
cognitive distraction, traffic conditions, and use?

RQ1.2 How is the mean amplitude of skin conductance responses
( amplitude) affected by cognitive distraction, traffic con-
ditions, and use?

RQ1.3 How is the rate of skin conductance responses ( rate)
affected by cognitive distraction, traffic conditions, and
use?

RQ2.1 How is the percent road center affected by cognitive distrac-
tion, traffic conditions, and use?

RQ2.2 How is the horizontal gaze dispersion affected by cognitive
distraction, traffic conditions, and use?

RQ2.3 How is the vertical gaze dispersion affected by cognitive dis-
traction, traffic conditions, and use?

4.4 User Study

This study is based on data collected during a driving simulator exper-
iment designed to investigate how drivers’ cognitive state and driving
environment complexity influence their reliance on driving automation
features. Full details regarding the materials, experimental tasks, and
procedure are provided in Chapter

The present within-subjects study examines how the presence of a
cognitively distracting task affects - and gaze-based indicators un-
der varying traffic conditions and use.

4.4.1 Participants

Thirty-one individuals were initially recruited. However, two did not com-
plete the experiment due to simulator sickness, resulting in a final sam-
ple of N = 29 participants (22 male, 7 female).

For the analysis of data, one additional participant was excluded
due to generally poor signal quality and outlier values. Consequently,
the dataset included NV = 28 participants (21 male, 7 female).

All participants were recruited through posters, word of mouth, or so-
cial media, and all held a valid driver’s license. The study was approved



by the ethics committee of the Faculty of Psychology, Logopedics, and
Educational Sciences at the University of Liege, Belgium, under the
reference 2223-081. All participants provided written informed consent
before participation.

4.4.2 Apparatus and Materials
Driving Simulator

The experiment was conducted using a driving simulator developed by
AISIN Europe, running a customized version of CARLA [66], which is
an open-source simulation environment based on Unreal Engine. The
setup included three large 50-inch curved screens, an adjustable car
seat, and a Fanatec system comprising a steering wheel, gear shifter,
and pedals. The vehicle was equipped with an intelligent system
that adapted its speed to both the leading vehicle and the curvature of
the road, adjustable in 5 km/h increments via steering-wheel buttons.
A secondary, smaller screen mimicked a navigation display. A custom
software suite developed by AISIN Europe was used to design the test
scenarios, execute the simulations, and log experimental data. Verbal
responses to the cognitive distraction task were recorded via a micro-
phone.

BIOPAC MP160 System

Participants were equipped with electrodes (BIOPAC EL507A) placed
on their left foot to acquire and record data using a BIOPAC MP160
system at a sampling rate of 2,000 Hz (see Fig. 4.1). A gel (BIOPAC
GEL101A) was applied to enhance conductivity between the skin and
the electrode. To minimize driving inconvenience caused by the elec-
trodes and cables, and to reduce motion artifacts, the electrodes were
attached to the sole of the left foot, which rested on a designated area.
Since the driving simulator replicated an automatic transmission vehi-
cle, participants did not need to use their left foot to control the ped-
als. This electrodes’ placement has been employed in previous stud-
ies [264] and is known to provide reliable measurements [325].



Figure 4.1: lllustration of the setup for the acquisition of the signal. This
image shows the placement of the two electrodes on the sole of the foot, as well as the
setup with the BIOPAC to acquire the signal.

Driver Monitoring System

The was composed of a high-resolution infrared camera posi-
tioned behind the wheel (see Fig. 4.2), recording images at 60 Hz. Im-
ages were processed in real time by algorithms developed by AISIN
Europe. Face orientation (pitch, yaw, and roll, in degrees), eye-opening
(in millimeters), and gaze direction (horizontal and vertical gaze angles)
were logged.

4.4.3 Procedure and Tasks

Participants were first equipped with electrodes and completed a
pre-test questionnaire collecting demographic and study-related infor-
mation. They were then familiarized with the driving simulator and tasks
through a brief training session.

The experiment followed a within-subjects design, in which each par-
ticipant completed six driving sessions of approximately eight minutes
each. The route was identical across sessions and included both urban
segments (with traffic lights) and highway segments, all under clear
daylight conditions. Participants were instructed to follow navigation
cues, comply with traffic rules (including speed limits), and drive as
they normally would, with the option to activate or deactivate the



Figure 4.2: lllustration of the setup for the driver monitoring system. The figure
shows on the left the infrared camera positioned behind the wheel and on the right an
image acquired by the camera and processed by the algorithms developed by AISIN
Europe. The person depicted provided permission.

at any time.

Two experimental factors were manipulated: @ driving environment
complexity, with three levels based on traffic density and road construc-
tions; and (2) cognitive distraction, with or without a secondary men-
tal calculation task. Level 1 of driving environment complexity corre-
sponded to low traffic density (37 vehicles in the environment).
involved medium traffic density (80 vehicles). Level 3 maintained the
same medium traffic density (80 vehicles) but included three road con-
struction zones that reduced the number of lanes to one or two without
causing congestion. In the cognitive distraction condition, participants
performed a secondary task consisting of responding aloud to arith-
metic calculations (additions of two two-digit numbers, e.g., 83 + 42)
dictated by a voice agent at a frequency of approximately three per
minute.

The six scenarios, combining the three levels of environment com-
plexity and the two levels of distraction, were presented in a counterbal-
anced order across participants. For each level of complexity, the two
corresponding scenarios (with and without distraction) were performed
consecutively. Each scenario began with a brief calibration phase to
synchronize all recorded data streams. After each drive, participants
completed a short feedback questionnaire. Analysis of both pre-test
and feedback questionnaire data is presented in Chapter 3. The exper-
iment concluded with a five-minute relaxation period accompanied by



soothing music.

4.4.4 Measurements

-Based Indicators of Cognitive Distraction

Tonic (skin conductance level, ) and phasic (skin conductance re-
sponse, ) components of the signal were extracted using the
NeuroKit2 Python toolbox [208]. We computed @ the mean values of
the , @ the amplitude (excluding the tonic component), and
@ the rate (number of peaks per minute). These indicators were
extracted from the total duration of each session (i.e., approximately 8
minutes).

Gaze-Based Indicators of Cognitive Distraction

We analyzed @ the percent road center [330], which is the percentage
of gaze data points that fall within the road center area, and @ the

horizontal and @ vertical gaze dispersions, which are computed as the
standard deviations of horizontal and vertical gaze angles, respectively.

For each participant and each session, the road center point was
determined as the mode, or most frequent gaze angle, and the road
center area was defined as a 20 degrees (horizontal) x 15 degrees
(vertical) rectangular area centered around the road center point, as
done in [3320]. In line with prior work showing high correlation between
fixation-based and raw-data-based indicators [2, ], we used all gaze
data points to compute the indicators, without distinguishing between
fixations and saccades. However, we analyzed these indicators only
during the drive on the highway segment, which lasted approximately
5 minutes (thus removing the driving period in the city center, where
vehicles were often stopped at traffic lights).

4.5 Results

Statistical analyses were conducted using JASP (Version 0.19.3) [146].
Descriptive and inferential statistics are reported for each indicator. Re-
sults were considered statistically significant at p < .05.



4.5.1 -Based Indicators of Cognitive Distraction (RQ1)

Each of the 28 participants whose data were analyzed completed
the 6 scenarios, resulting from the combination of 3 levels of driving en-
vironment complexity and 2 levels of cognitive distraction. Within each

scenario, they were free to activate and deactivate as often as they
wished. This design was expected to yield 28 x 6 x 2 = 336 observations
(including data from both on and off conditions). However,

4 observations were missing because participants never engaged the

during an entire given scenario. These missing values resulted
in unbalanced data when analyzing the effect of use on the dif-
ferent indicators. Additionally, electrodermal data from one participant
were identified as outliers for the driving environment complexity
with no distraction conditions using a Z-score threshold of 3 and were
thus discarded. As a result, the final analysis was conducted on 330
observations from 28 participants. A was
fitted using estimation and Sat-
terthwaite’s approximation for degrees of freedom. The model included
driving environment complexity, cognitive distraction, and as fixed
effects, with a random intercept for participants to account for individual
variability.

(RQ1.1)

The analysis revealed significant main effects of cognitive
distraction (F'(1,291.01) = 11.982,p < .001), driving environment
complexity (F(2,291.01) = 7.212,p < .001), and use (F(1,
291.00) = 3.893,p = .049) on . There was no significant interaction
between cognitive distraction and driving environment complexity (F'(2,
291.01) = .160,p = .852), cognitive distraction and use (F(1,
291.01) = .170, p = .680), driving environment complexity and use
(F'(2,291.01) = .123,p = .884), and finally cognitive distraction, driving
environment complexity and use (F'(2,291.01) = .118, p = .889).
Table indicates that was higher when participants were
cognitively distracted compared to when they were not, and that
was lower when was engaged compared to when it was disen-
gaged. Post-hoc pairwise comparisons (using contrasts) were con-
ducted to explore the effect of driving environment complexity on ,
averaging over distraction and use. P-values are adjusted us-



ing Bonferroni correction. Results showed that

3.399,p = .002) and
of driving environment complexity. Thus,
environment complexity increases. No significant difference was, how-

ever, observed between Level 1 and
196, p = 1.0).

Table 4.1: Averaged

deviation) for the V = 28 participants when the
across the six scenarios, i.e., in the three levels of driving environment complexity

-related indicators of cognitive distraction (+ standard
was engaged and disengaged

(DEC), with and without cognitive distraction.

(b= .112,SE = 572,z =

(a) Skin conductance level ( )

was significantly
lower at Level 3 compared to both Level 1 (b = 1.933,SE = .569, 2z =
(b =1.821,SE = 575,z = 3.166, p = .005)
decreases as the driving

No distraction Distraction
DEC ACC Off | ACCOn | ACC Off | ACC On
Level1 | 6.34+33 | 6.1+33 | 6.7+3.5 | 6.4+3.5
6.4+35 | 56+31 | 6.7+3.6 | 6.5+3.6
Level3 | 5.8+£3.1 | 5.74+3.1 | 6.2+3.5 | 6.2+3.6

(b) Amplitude of the skin conductance responses (

amplitude)

No distraction Distraction
DEC ACC Off | ACCOn | ACCOff | ACCOn
Level1 | .16 .14 | 144+ .15 | 22+ .21 | .16+ .14
20+£.20 | (114+.13 | 234+.21 | .16 £.15
Level 3 | 22+ .22 | .18+.23 | 224+ .25 | .21+ .21

(c) Rate of the skin conductance responses ( rate)

No distraction Distraction
DEC ACC Off | ACCOn | ACCOff | ACCOn
Level1 | 57+19 | 454+1.8 | 5.8+2.0 | 5.44+2.7
57+21 | 45+22 | 54+1.7 | 48+1.8
Level3 | 5.0+24 | 4.74+26 | 5.74+24 | 55£2.8

Amplitude (RQ1.2)

The analysis revealed significant main effects of cognitive distraction
(F(1,291.03) = 7.585,p = .006), driving environment complexity (F(2,
291.03) = 3.198,p = .042), and use (F(1,291.00) = 17.304,p <
.001) on amplitude, but no significant interaction between cognitive



distraction and driving environment complexity (F'(2,291.03) = .626,p =
.535), cognitive distraction and use (F'(1,291.01) = .087,p = .769),
driving environment complexity and use (F'(2,291.01) = 1.603,p =
.203), and finally cognitive distraction, driving environment complexity
and use (F(2,291.01) = 1.046, p = .353).
Table indicates that amplitude was higher when partic-
ipants were cognitively distracted compared to when they were not.
amplitude was lower when was engaged compared to when
it was disengaged. Post-hoc pairwise comparisons showed that
amplitude was higher at Level 3 than at Level 1 of driving environment
complexity (b = —.126,SE = .052,z = —2.442,p = .044). Thus,
amplitude increases as the driving environment complexity increases.
No significant difference was, however, observed between Level 1 and
(b= —.033,SE = .052,z = —.627,p = 1.0), and and
Level 3 (b= —.094, SE = .052,z = —1.791, p = .220).

Rate (RQ1.3)

The analysis revealed significant main effects of cognitive distraction

(F(1,291.13) = 6.303,p = .013) and use (F(1,291.05) = 15.323,
p < .001) on rate. However, there was no significant effect of driv-
ing environment complexity (F(2,291.13) = .492,p = .612) on rate

and no significant interaction between cognitive distraction and driv-
ing environment complexity (F'(2,291.12) = 1.713,p = .182), cognitive
distraction and use (F(1,291.06) = 2.002,p = .158), driving envi-
ronment complexity and use (F(2,291.06) = .988,p = .373), and
finally cognitive distraction, driving environment complexity and

use (F(2,291.06) = .317,p = .728).

Table indicates that the rate was higher when participants
were cognitively distracted compared to when they were not. Similarly
to and amplitude, rate was lower when was en-

gaged compared to when it was disengaged.

4.5.2 Gaze-Based Indicators of Cognitive Distraction (RQ2)
Main Analyses

The 29 participants completed 6 scenarios (3 levels of driving complex-
ity x 2 levels of cognitive distraction) in which they could freely activate
or deactivate the , allowing for up to 348 observations (29 x 6 x 2).



However, in 7 of them, was never used or the gaze direction was
not detected at all, resulting in missing data and an unbalanced dataset
for analyses involving use, thus preventing us from conducting a
standard . Therefore, we defaulted to a

using and Satterthwaite’s approximation, based on the re-
maining 341 observations. The model included environment complexity,
cognitive distraction, and use as fixed effects, with a random inter-
cept for participants to account for individual differences.

Percent Road Center (RQ2.1)

The analysis revealed significant main effects of cognitive dis-
traction (F'(1,301.02) = 14.196,p < .001) and use (F(1,
301.04) = 27.587,p < .001) on percent road center. However, there
was no significant effect of driving environment complexity (F(2,
301.03) = 1.197,p = .303), and no significant cross-factor interaction.
As shown in Table , percent road center was lower when partici-
pants were cognitively distracted (73.3 + 12.8 globally), compared to
when they were not (76.1 + 12.8 globally). Percent road center was
also lower when was off (71.9 £+ 13.8 globally), compared to when

was on (75.8 +13.4 globally). Participants were thus looking more
often at the road center area during sessions without distraction and
when the was activated.

Horizontal Gaze Dispersion (RQ2.2)

For horizontal gaze dispersion, there was only a significant main effect
of use (F(1,301.08) = 65.531,p < .001), with greater horizontal
gaze dispersion when was deactivated (8.7 + 3.1 globally) com-
pared to when it was activated (7.3 &+ 2.3 globally) (see Table )-
Participants thus had a more concentrated horizontal gaze when

was engaged. There were no significant effects of cognitive distrac-
tion (F(1,301.05) = .023,p = .880) or driving environment complexity
(F'(2,301.06) = .226,p = .798), and no significant interactions.

Vertical Gaze Dispersion (RQ2.3)

For vertical gaze dispersion, significant main effects were found for
cognitive distraction (F'(1,301.04) = 9.645,p = .002), driving envi-
ronment complexity (F(2,301.05) = 3.974,p = .020), and use



Table 4.2: Average gaze-based indicators of cognitive distraction (+ standard
deviation) for the N = 29 participants (main analysis). Main analyses report values
for 12 conditions: ACC engaged vs. disengaged across 3 levels of driving environment
complexity (DEC, from Level 1 with low complexity to Level 3 with high complexity) and
2 levels of cognitive distraction (no distraction vs. distraction).

(a) Percent road center

No distraction Distraction

DEC ACC Off ACC On ACC Off ACC On
Level1 | 73.3+13.3 | 789+13.0 | 69.1 £14.3 | 74.9+14.2
72.7+15.8 | 7185+ 11.3 | 72.0+12.4 | 7T4.8 £13.0
Level 3 | 72.7+13.1 | 75.8+13.7 | 71.5+14.1 | 72.0+15.1

(b) Horizontal gaze dispersion

No distraction Distraction

DEC ACC Off | ACCOn | ACCOff | ACCOn
Level 1 90+£29 | 7.1+£26 | 85+3.3 | 7.24+2.3
85+3.1 | 7.1+24 | 87+29 | 7.6 2.3
Level3 | 9.0+32 | 74+24 | 89+33 | 7.1+22

(c) Vertical gaze dispersion

No distraction Distraction

DEC ACC Off | ACCOn | ACCOff | ACCOn
Level 1 6.3+20 | 6.0£22 | 7.2+£28 | 6.6 2.2
6.6+t23 | 6.1+1.7 | 6.8+24 | 6.5+2.2
Level3 | 6.7+25 | 6.7+27 | 74+3.0 | 7.1 +£2.7




Table 4.3: Average gaze-based indicators of cognitive distraction (+ standard
deviation) for the N = 29 participants (complementary analysis). Complementary
analyses focus on the sessions with cognitive distraction at each driving environment
complexity (DEC) level, comparing segments where participants performed mental cal-
culations (calculations) with interleaving segments (no calculations).

(a) Percent road center

Distraction
DEC Calculations | No Calculations
Level 1 74.7 £14.9 73.2+12.7
75.7 +£13.5 73.0+£12.6
Level 3 72.6 £14.4 71.9+12.9
(b) Horizontal gaze dispersion
Distraction
DEC Calculations | No Calculations
Level 1 6.6 £2.1 81+25
72127 84+24
Level 3 7.3+25 8.3+25
(c) Vertical gaze dispersion
Distraction
DEC Calculations | No Calculations
Level 1 6.3+1.9 71+25
6.2 +2.3 6.8 £2.3
Level 3 7.0+2.7 7.5+28




(F(1,301.07) = 4.232,p = .041), with no significant interactions. Ta-
ble shows that vertical gaze dispersion was higher under cognitive
distraction (distraction: 6.9 + 2.4; no distraction: 6.5 + 2.3, globally)
and increased with driving environment complexity (Level 1: 6.5 £ 2.2;

1 6.5+ 2.1; Level 3: 7.2+ 2.8, globally). Finally, as with horizontal
gaze dispersion, vertical gaze dispersion was greater when was
deactivated (6.8 + 2.5 globally), compared to when it was activated
(6.5 £ 2.3 globally).

Complementary Analyses of the Effects of Mental Calculation

We conducted complementary analyses to further investigate the ef-
fects of cognitive distraction on gaze-based indicators. Indeed, we ob-
served that participants directed their gaze more toward the road center
area in driving sessions without a secondary cognitive task, whereas
vertical gaze dispersion increased in sessions involving mental calcu-
lations. This contrasts with previous studies, which typically report a
concentration of gaze on the road center area under cognitive distrac-
tion [117, , ]. We hypothesized that this discrepancy may stem
from differences in the nature of the cognitive tasks. Unlike the contin-
uous n-back tasks commonly used in earlier studies, our task involved
intermittent mental calculations. Notably, addition problems are asso-
ciated with upward and rightward gaze shifts [120, ], which may
account for the observed increase in vertical dispersion.

We thus segmented gaze data from the three sessions involving cog-
nitive distraction, in each level of driving environment complexity, into
@ segments during which participants were actively solving arithmetic
problems (from the onset of the voice agent’s question to the partic-
ipant’s response, lasting approximately 7 seconds: 2 seconds for the
question and 3.5 + 1.5 seconds for the response), and @ interleaving
segments between calculations. We then computed the same gaze-
based indicators as in the main analyses. This time, we were able to
perform an with repeated measures and compute effect sizes
using partial eta squared [~ 79].

For percent road center, the analysis revealed no significant main ef-
fects of either calculation phase (F'(1,28) = 2.155,p = .153,77]3 =.071)
or driving environment complexity (F(2,56) = 1.553,p = .221,77[% =
.053), and no significant interaction. In contrast, for both horizontal
and vertical gaze dispersions, calculation phase (F'(1,28) = 24.808,p <



001,72 = .470 and F(1,28) = 12.364,p = .002, 7 = .306, respectively)
had significant effects with large effect sizes. No significant effects
were found for driving environment complexity (horizontal: F'(2,56) =
1.816,p = 172,72 = .061; vertical: F(2,56) = 3.016,p = .057,72 =
.097), and there were no significant interactions.

Table show that our initial hypothesis was incorrect. In fact, both
horizontal and vertical gaze dispersions were lower during the calcula-
tion phase, indicating a more concentrated gaze toward the road center.
The increased gaze dispersion observed in the main analyses for ses-
sions with cognitive distraction stemmed from the interleaving periods
between calculations, not from the calculations themselves. Interest-
ingly, gaze dispersion (both horizontal and vertical) tended to be higher
during non-calculation periods in sessions with distraction than in ses-
sions without distraction. Conversely, horizontal gaze dispersion was
lower during the calculation phase in sessions with distraction than in
sessions without distraction. These results suggest that mental calcula-
tions prompted gaze concentration on the road center, while the periods
between calculations were marked by more dispersed gaze patterns.

4.6 Discussion

This chapter investigated how cognitive distraction (mental calculation
task), driving environment complexity (varying traffic densities and road
construction zones), and the use of driving automation ( ) influence
physiological ( -based) and behavioral (gaze-based) indicators of
driver state.

4.6.1 Effects of Cognitive Distraction

In our study, cognitive distraction was analyzed through two levels: with
or without a secondary mental calculation task.

-based indicators. We found that all three selected -based
indicators ( , amplitude, and rate) are significantly influ-
enced by cognitive distraction. Specifically, all three indicators showed
higher values when drivers were cognitively distracted compared to
when they were not. While Li et al. [186] reported no significant ef-
fect of cognitive distraction on , our findings of increased rate
and amplitude with a cognitive load are consistent with theirs.



Gaze-based indicators. The results of the main analyses indicate
that cognitive distraction significantly affects both percent road center
and vertical gaze dispersion, but not horizontal gaze dispersion. The
percent road center is lower during drives involving cognitive distrac-
tion, and the vertical gaze dispersion is higher. These findings con-
tradict previous results reported in the literature. For instance, Victor
et al. [330] reported that cognitively distracted drivers increase their
road viewing time and spatially concentrate their gaze in the road cen-
ter area at the expense of peripheral glances. One possible explanation
for this discrepancy lies in the type of distracting task being used. Prior
studies often used continuous tasks such as the n-back, which involves
working memory. In contrast, our study used an intermittent mental
calculation task, which is known to trigger upward gaze shifts during
addition problems [120, ]

To further investigate the origin of our findings, we conducted com-
plementary analyses focusing on the sessions with cognitive distrac-
tion. We compared the gaze-based indicators from driving segments
occurring during mental arithmetic to those from the interleaving seg-
ments between calculations. It turned out that our initial hypothesis that
the increase in vertical gaze dispersion was due to cognitive distrac-
tion was incorrect. In fact, participants showed a more concentrated
gaze both horizontally and vertically during the mental calculation seg-
ments. The increased gaze dispersion observed in the main analysis
originated from the interleaving segments between calculations in the
sessions with distraction, not the calculations themselves. Participants
actually had more concentrated gaze toward the road center during cal-
culations than in sessions without distraction, whereas between calcu-
lations, their gaze was more dispersed than in distraction-free sessions.
One possible explanation is that, after a cognitively demanding episode
leading to gaze concentration, drivers may engage in increased gaze
dispersion to regain situation awareness of their driving surroundings
(like a compensation phenomenon). This hypothesis should be investi-
gated in future studies.

4.6.2 Effects of Driving Environment Complexity

In our study, driving environment complexity was analyzed through
three levels: low, medium, and high traffic densities. In addition, the
highest level also involved road construction zones.



-based indicators. and amplitude were significantly

influenced by driving environment complexity, while rate was
not. amplitude increased when the level of complexity increased,
while was unexpectedly lower in the most complex environment

(Level 3) compared to the least complex environment (Level 1). In
a previous study, Radhakrishnan et al. [263] compared two different
driving environments (rural vs. urban) and found a higher rate
in the rural environment compared to the urban one and explained
this by the higher speed limits, narrower roads, and tighter curves
associated with the rural environment. Similarly, Foy and Chapman
[23] reported that rate was influenced by road types, such as
city center multi-lane or suburban single-lane roads. Thus, although
our study did not find a significant main effect of traffic conditions
on rate, prior research suggests that other aspects of driving
environment complexity, beyond traffic density and construction zones,
may influence this indicator.

Gaze-based indicators. The main analysis reveals that driving en-
vironment complexity only influences vertical gaze dispersion, but not
the percent road center or horizontal gaze dispersion. The vertical gaze
dispersion is higher in the most complex environment than in the least
complex one. In a previous study, Victor et al. [330] found that, as driv-
ing task complexity increases, drivers increase their road viewing time
and spatially concentrate their gaze on the road center area. However,
driving task complexity in this study was analyzed by comparing rural
curves and straight sections, rural and motorway road types, simulator
and field motorways.

4.6.3 Effects of the Use of Driving Automation

In our study, the use of driving automation was analyzed through two
levels: on and off. Participants were free to activate or deac-
tivate it at any time during any of the sessions.
-based indicators. All three -based indicators ( ,
amplitude, and rate) were significantly influenced by the use of
. Their values were lower when was engaged than when it
was not. This is consistent with the findings of Radhakrishnan et al.
[268], who compared automated drives to manual drives and found a
higher rate during manual driving.
Gaze-based indicators. Similarly, we show that use signifi-



cantly influences all gaze-based indicators. When is engaged,
drivers look more often at the road center, and both horizontal and ver-
tical gaze dispersions are lower compared to when is disengaged.
While Louw and Merat [203] reported more dispersed gaze (particu-
larly horizontally) during Level 2 automation than in manual driv-
ing, we may explain the discrepancies with our findings by differences
in automation level. In our study, even with engaged, drivers re-
main responsible for lateral control, which likely kept them more visu-
ally focused on the driving task. Importantly, participants were free to
activate or deactivate at any time, meaning that comparisons be-
tween -on and -off conditions do not necessarily involve the
same road segments. This limits the ability to isolate the effect of

use from potential differences in driving context.

4.6.4 Implications and Perspectives

Overall, the results indicate that both physiological and behavioral mea-
sures are sensitive to variations in cognitive distraction, driving environ-
ment complexity, and automation use. These findings suggest that the
signal and gaze parameters can capture workload fluctuations re-
lated not only to cognitive distraction but also to traffic complexity and
the use of driving automation features. This underscores the impor-
tance of jointly accounting for the driver, the environment, and the vehi-
cle’s automation to achieve a holistic understanding of the situation.
Moreover, the consistent decrease in activity and gaze disper-
sion during use supports the idea that increasing vehicle automa-
tion can help reduce drivers’ mental workload. However, since automa-
tion also alters the driver’s role and level of involvement, continuous
monitoring of the state of drivers could support adaptive automation
strategies, i.e., systems capable of adjusting automation levels dynam-
ically based on both the driver’s state and the driving environment. To
make such systems a reality, future work is needed to further eluci-
date the complex relationships between driver state, driving environ-
ment complexity, and driving automation to determine when and how to
adapt the level of automation, and to ensure that adaptation strategies
enhance both safety and driver trust.
Besides, building on our findings regarding the effects of our sec-
ondary cognitively distracting task on gaze behavior, future studies
could more finely examine how gaze dispersion evolves during and



after periods of cognitive demand across diverse distracting tasks
performed while driving. Such investigations would help clarify the
underlying causes and mechanisms driving these gaze dynamics.

4.7 Conclusion

This chapter investigated how drivers’ cognitive state (specifically, cog-
nitive distraction), driving environment complexity (specifically, traffic
conditions), and the use of driving automation features (specifically,

) influence both physiological and behavioral indicators of driver
cognitive distraction. Data from N = 29 participants were collected in
a driving simulator across six scenarios combining three levels of driv-
ing environment complexity and two levels of cognitive distraction, with
the freedom to activate or deactivate at any time during each sce-
nario. We analyzed both signals (i.e., , amplitude, and

rate) and gaze parameters (i.e., percent road center, horizontal
and vertical gaze dispersions).

Overall, the results indicate that both physiological and behavioral
measures are sensitive to variations in cognitive distraction, traffic con-
ditions, and use. Specifically, all three -based indicators were
significantly influenced by cognitive distraction and use, while driv-
ing environment complexity significantly influenced and am-
plitude, but not rate. Similarly, gaze analyses revealed that vertical
gaze dispersion increased in more complex environments, while
use led to gaze concentration toward the road center, reflected by lower
horizontal and vertical dispersions. In cognitively distracting conditions,
drivers looked less at the road center and exhibited greater vertical dis-
persion. However, complementary analyses showed that gaze tended
to focus on the road during mental calculations, and that increased dis-
persion mainly occurred during the interleaving periods between calcu-
lations.

Together, these findings suggest that both signals and gaze pa-
rameters can capture workload fluctuations arising not only from cog-
nitive distraction but also from driving environment complexity and use
of automation features. Moreover, the consistent decrease in ac-
tivity and gaze dispersion during use supports the notion that in-
creasing automation can help reduce drivers’ mental workload. These
results highlight the potential of driver state monitoring to support adap-



tive automation systems (i.e., systems capable of adjusting their level of
automation dynamically based on both the driver state and the driving
environment).
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Following the human studies presented in Part |/, Part

shifts attention to the environment. In this chapter, we explore how per-
ception models can adapt to rapidly changing environmental conditions,



thereby enabling the analysis of the content of the driving environment.
In the era of the , objects connect through
a dynamic network, empowered by technologies like 5G, enabling
real-time data sharing. However, smart objects, notably autonomous
vehicles, face challenges in critical local computations due to limited
resources. Lightweight A models offer a solution but struggle when
confronted with diverse and evolving data distributions. To address this
limitation, we propose a novel Multi-Stream Cellular Test-Time Adap-
tation (MSC-TTA) setup where models adapt on the fly to a dynamic
environment divided into cells. Then, we propose a real-time adaptive
student-teacher method that leverages the multiple streams available
in each cell to quickly adapt to changing data distributions. We validate
our methodology in the context of autonomous vehicles navigating
across cells defined based on location and weather conditions. To facil-
itate future benchmarking, we release a new multi-stream large-scale
synthetic semantic segmentation dataset, called DADE, and show
that our multi-stream approach outperforms a single-stream baseline.
Code and data are available at

and

A new Multi-Stream Cellular Test-Time Adaptation (MSC-TTA)
setup in which models adapt on the fly to a dynamic environ-
ment divided into cells.

A novel real-time adaptive student-teacher method to aggre-
gate knowledge across different agents evolving in the same
cell.

A new synthetic dataset, called DADE, for the semantic seg-
mentation task on board autonomous vehicles.

This chapter is adapted from [92]. In line with
my personal contributions, it focuses on the dataset [1 10] and describes
the novel setup and method that motivated its development, without
detailing the experimental results.


https://github.com/ULiege-driving/MSC-TTA
https://github.com/ULiege-driving/DADE

In [92], | share first co-authorship with
Benoit Gérin and Anthony Cioppa. Our main individual contributions
are as follows: Anthony Cioppa proposed the method, Benoit Gérin
implemented the experiments, and | generated the dataset. All first
co-authors contributed jointly to the analysis of the experimental results
and to the writing of the original draft. More broadly, all major decisions
regarding the project (such as the design of the dataset and the
experiments) were made collaboratively by agreement.






5.1 Introduction

The , which enables objects to connect and
exchange data over the internet or other communication networks,
together with the advent of 5G technology, which offers high band-
width and ultra-low latency [144]), open new possibilities for smart
systems. In particular, it allows real-time transmission of visual data
for autonomous navigation. However, despite these advances, some
operations must still be executed locally, as

must perceive their surroundings and react safely even when
disconnected from the network. This constraint requires on-board
processing units, which are typically limited in both energy and com-
putational capacity. Lightweight models are
therefore particularly suitable for enabling real-time perception under
these constraints. Yet, their limited representational capacity [101]
makes them vulnerable to data distribution shifts [49], such as those
caused by changing environments or weather conditions.

With the help of localization technologies (e.g., navigation systems,

)s can estimate their position pre-
cisely and retrieve contextual information such as area type or weather.
The environment can thus be partitioned into cells, each representing a
specific data distribution. Furthermore, by leveraging and 5G con-
nectivity, a fleet of operating within similar environments can pro-
vide multi-stream data that collectively capture each cell more rapidly
and comprehensively.

In this work, we introduce the Multi-Stream Cellular Test-Time Adap-
tation (MSC-TTA) setup, in which a fleet of connected agents continu-
ously adapts their models on the fly to dynamic data distributions. We
further propose a real-time adaptive student—teacher method leverag-
ing this cell-based division of the environment: each agent processes
its own stream using a lightweight student model, while heavier com-
putations (i.e., teacher inference and student training) are offloaded re-
motely (e.g., on the cloud). Aggregated data from all agents within
the same cell are used to train specialized student models for each
cell, as illustrated in Fig. . We evaluate our approach in the con-
text of autonomous driving, where the environment is divided into cells
based on location (e.g., urban, countryside, highway) and weather con-
ditions (e.g., sunny, rainy, foggy). To support these experiments and
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Figure 5.1: Multi-Stream Cellular Test-time Adaptation (MSC-TTA) of real-time
models. We consider a set of agents (e.g., autonomous vehicles) evolving in a dy-
namic environment divided into cells (e.g., city center or suburb) that perform the same
task (e.g., semantic segmentation) in real time on their own unlabeled data stream
(e.g., recorded images) using an on-board model. We propose a first method in which
agents share part of their data stream through an loT network (e.g., a connection to
a 5G tower). Cell-based lightweight models are then trained on the fly—in our case
through an adaptive student-teacher method—, and their weights are regularly broad-
casted to the agents to improve their performance over time. When agents transition
between cells, the agent’s model is immediately switched to the one of the new cell,
effectively adapting the predictions of the transiting agent.
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future research, we release DADE, a large-scale synthetic semantic
segmentation dataset generated with the CARLA simulator [66]. Our
method outperforms a single-stream baseline, demonstrating the ben-
efits of multi-stream, cell-based adaptation.

Our main contributions are as follows: @ We introduce the Multi-
Stream Cellular Test-Time Adaptation (MSC-TTA) setup for on-the-fly
model adaptation in dynamic environments. @ We propose a real-
time adaptive student—teacher method aggregating knowledge across
agents within each cell. @ We generate and release a new synthetic
dataset, DADE, for semantic segmentation in autonomous driving, al-
lowing empirical validation showing improved performance over base-
line methods.

5.2 Related Work

5.2.1 Online Learning

Online learning is a well-studied setup [40, , , , ] formu-
lated as an iterative game between a learner and an environment gen-
erating a continuous data stream. At each step, the learner predicts
the label of the current instance based on past observations. Once the
true label is revealed, it is compared to the prediction, and the learner
incurs a regret score that penalizes its mistakes. The objective is to
minimize future regret by exploiting previously observed data and la-
bels. Several datasets have been introduced for benchmarking online
learning, such as firehose [136] for language modeling, and CLOC [37]
and CLEAR [198] for image classification involving objects whose rep-
resentations evolve. In practice, online learning is particularly rele-
vant when the true labels become available gradually, as in forecasting
tasks [200, , ]. In this work, we assess an upper bound of our
MSC-TTA method by extending the setup to multi-stream cellular online
learning (MSC-OL).

5.2.2 Test-Time Adaptation

Similarly, aims to adapt a model on a data
stream. However, the environment does not reveal the true label of
previously observed data. Several setups, characterized by the data
distribution of the stream, have been studied, such as Fully [340],



Continual [242], Non-i.i.d [100], or Practical [276], inwhich
the data stream contains distribution changes and correlated samples.
These setups are suited for real-world applications, where the true la-
bels are unavailable at test time. However, previous works only con-
sider a single stream of data. In this work, we go further by proposing
a setup for multiple streams and introducing prior knowledge on cross-
stream data distribution through the division of the environment into
cells. In addition, our methodology brings a real-time aspect, a feature
often overlooked in previous setups.

To leverage the information in the data stream, multiple methods
have been developed [193]. Some works adapt the model's param-
eters by either fitting the batch normalization layers to the target do-
main [190, , ], training the model with auxiliary tasks [672, 1,
or fine-tuning it using unsupervised objectives [275, : ]. Some
other works adapt the input data [91, : ) ] or weight the pre-
dictions of multiple models depending on the test distribution [78, ]
However, few works ensure that the adaptation is real-time.

In fact, in real-world applications, the model needs to adapt within
a limited time to leverage all samples of the data stream due to finite
computing capabilities. Alfarra et al. [13] recently proposed an evalua-
tion protocol to compare methods under those constraints. To sat-
isfy the real-time constraint, some works proposed a student-teacher
architecture with a lightweight student model [49, ]. Specifically,
ARTHuS [49] is a real-time method in which a lightweight student model
is adapted on an unlabeled data stream at test time using pseudo-labels
produced by a state-of-the-art but computationally-expensive teacher
model. The real-time constraint of the system is ensured by asyn-
chronously processing the student and teacher inference and training
at different frame rates. The fast, lightweight student model therefore
trains online on the changing data distributions using the teacher’s slow
predictions. However, in the case of rapid domain shifts, the student
needs several batches to adapt. Houyon et al. [134] later tackled this
issue by incorporating continual learning methods in the student on-
line training to avoid catastrophic forgetting in the case of cyclic domain
shifts. Nevertheless, in the case of multiple objects (e.g., autonomous
vehicles), each data stream is treated independently. In this work, we
extend ARTHuS [49] to multiple data streams and cell-divided environ-
ments.



5.2.3 Autonomous Driving

rely on advanced sensor arrays, high-resolution cameras, and
on-board computing power to perceive the environment and make
informed decisions to navigate safely. Nowadays, perception is largely
based on Al and involves several computer vision tasks such as se-

mantic segmentation [163, , , ] (which consists in assigning
a class label to each pixel of an image), object detection [29, ] or
depth estimation [43, 79, 97]. However, the road to fully self-driving

cars remains challenging. For instance, it is still complex to operate
in diverse environments, such as varying weather conditions,

traffic patterns, and other unforeseen scenarios, and to process large

amounts of data while optimizing energy consumption in

To adapt to several environments, some methods use domain adap-

tation strategies [156, , ] to enhance system versatility and re-
liability. Also, cloud computing [290] or multi-access edge comput-
ing [202, ] provide the computational power and storage capacity for

real-time data processing, enhancing energy efficiency and improving

mileage. Similarly to multi-access edge computing, our proposed
method employs a hybrid approach. On-board processing handles
immediate, low-latency operations, while resource-intensive computa-
tions are offloaded to external servers. Specifically, the heavy offloaded
computations rely on the multiple streams of the fleet, while on-board,
lightweight real-time perception is performed using models trained in
the cloud, guaranteeing adaptability in dynamic environments.

5.3 Multi-Stream Cellular Test-Time Adaptation

5.3.1 MSC-TTA Setup

Given a finite set of N agents a,, forming a connected fleet A, our pro-
posed Multi-Stream Cellular Test-Time Adaptation (MSC-TTA) aims to
adapt over time ¢ € {0,...,T} each agent’s model f} ¢ F, pretrained
on any source domain to perform a task 7, to the agent’s data stream

X, € X of online unlabeled samples X, = 20 2! .. zf .. 2l.
As in [376], the samples are drawn from a distribution P, € P shift-

ing over time following P{ , P} ..., P. .., Pl in which consecutive
samples z! 1,z ,z'! may be highly correlated. At time ¢, the model

?an? an



ft receives a batch of unlabeled samples B, = af, ,ait, .. x;j(”‘”,
where b is the batch size, on which it makes predictions. Each model
ft may be adapted to the current batch B by accumulating knowl-
edge from previous samples of the multiple streams forming the follow-
ing hyperspace ngn,Van € A xt' < (t+1b). Let us note that samples
x!, may be unavailable for some time ¢ for some agent a,,. This setup
describes the general case of multiple sensors recording data streams
and performing the same task, e.g., surveillance cameras placed in one
or several cities on which crowd counting or car segmentation needs to
be performed, with no assumptions on where the cameras are placed.
To include cross-stream prior knowledge on data distributions, we
consider the general case in which the agents evolve inside a dynamic
environment split into a non-overlapping set of C cells ¢ € E. We sup-
pose that, at time ¢, each agent is located within one cell such that
el, = c¢ € E, with agents being able to transition between cells over
time. The cells ¢ are predefined by a set of rules (e.g., based on the
location, the weather, etc.) such that the expected data distribution of
agents evolving in the same cell is similar, i.e., P! ~ P, ife, =ef
Our setup therefore allows the different data streams to share common
data distribution properties at times that can be leveraged to effectively
adapt the models. Naturally, in practice, this assumption may fail if
the cells are incorrectly defined or estimated. This setup is particularly
interesting in the real-world case of autonomous driving, in which ve-
hicles evolve in different locations (e.g., city centers, suburbs, highway,
etc.) that they analyze through various sensors. Also, vehicles driving
in the same environment may leverage the multiple streams of the fleet
to better assess and adapt to the environment.
Let us note that considering the special case of N = 1and C =1
(i.e., a single agent in a single cell) falls back to the original Practical
setup [376] in which a single model is adapted to its data stream.
The case of N > 1 and C = 1 represents a multi-stream test-time
adaptation setup without division of the environment. Finally, the case
of C =1and f! = f, ie., in which a single model is adapted for all
streams without prior knowledge on the environments, corresponds to a
setup in which samples from multiple streams are combined in the
batch. In the following, we describe our adaptive method for the general
case N > 1 and C > 1. To stay close to a real-world scenario, we add
an extra real-time constraint on the method, i.e., no delay accumulation



or sample skipping when processing the multiple data streams.
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Figure 5.2: Pipeline of our multi-stream cellular test-time adaptation of real-time
models. Our method is composed of a fast route for inference and a slow route for
online training, as defined in [49, ]. In the fast route, each agent a,, processes a
stream of data samples z/, and predicts labels . = fi (x%,) in real time (i.e., at
the data stream rate rx). Agents located within a cell ¢ send a subset of their data
samples at a slower rate r to a slow route operating on a remote server (e.g., on the
cloud) dedicated for each cell. In the slow route, a teacher model 7?/ predicts pseudo
labels on the received data and stores them in a replay buffer RY . The replay buffer is
then used to train on the fly a cell-specific student model S atarate rs. After each
training epoch on the replay buffer, the parameters of S, are transferred to all agent
models f,, located within that cell. Finally, agents transiting between two cells have
their model switched instantly.

5.3.2 Real-Time MSC-TTA Method

Our method, illustrated in Fig. , produces a stream of predictions
for every agent following ¢ = fI (!, ), with the model f! operating
in real time (i.e., at the rate ) on the data stream X, . To do so, we
extend the adaptive real-time student-teacher method, ARTHuUS, of
Cioppa et al. [49], in which a lightweight student model S is adapted
on the fly using pseudo labels produced by a state-of-the-art but
computation-expensive teacher model 7. Particularly, we leverage
the multiple streams and the division of the environment into cells.
We allow agents evolving within the same cell to share their own data
stream to produce a cell-specific data stream X! = Uzl Va, | e} =c
at a frame rate rr, producing samples z* .

Our method is composed of a fast route and a slow route. In the fast
route (inference), student models for each agent produce predictions



gt =8t (af ) = fi (2, ) at the rate rx. In parallel in the slow route
(training), a slow but high-performance teacher model 7’;’ for each cell
produces pseudo-ground truths 4% = 7' (z%) at the rate ;- on the cell
data streams. The pair of data (=, 7 ) are then stored in a replay buffer
th/ of size R using a First-In-First-Out (FIFO) strategy. One student
model per cell S¥ is trained on the updated replay buffer RY using a

loss function
R

L= L(SI(xl), ), (5.1)
=1

where L is a dissimilarity measure suited for task 7. After training for
one epoch on the replay buffer, the weights of students in the fast route
are updated with the weight of the environment students in the slow
route such that S! = S!,Va,lel, = ¢, at a slower rate rs. Since the
slow route gathers information from several agents, the heavy teacher
inference and student training processes can be offloaded to a dedi-
cated server (e.g., on the cloud). Hence, agents only perform the real-
time inference with a lightweight model, greatly reducing computation
requirements and saving precious battery power in the case of . Fi-
nally, considering the special case C' = N with each agent defining its
own cell is equivalent to the original ARTHUS method [49], serving as a
baseline in our experiments.

5.4 Driving Agents in Dynamic Environments
Dataset

To study our new Multi-Stream Cellular Test-Time Adaptation (MSC-
TTA) setup and evaluate the performance of our real-time method, we
need a dataset that meets the following four criteria.

@ Multi-agent long videos: the dataset should consist of long
video sequences captured by multiple agents operating within
the same dynamic environment.

(2) Environment division: the environment should be heteroge-
neous or dynamic to be spatially and/or temporally divided into
cells, e.g., encompassing various driving locations, such as rural,
urban, and highway settings, or a broad spectrum of weather



conditions, including, e.g., day, night, clear, rainy, and foggy
scenarios.

(3) Cell connection: each agent's connection to a cell should be
precisely estimated, for instance using
coordinates for the location or a weather service
for the weather conditions.

@ Available ground truths: for evaluation purposes, we need to
have access to ground-truth annotations for our semantic seg-
mentation task.

Unfortunately, publicly available datasets do not meet these criteria.
Existing datasets, such as [52, , ], typically feature short video
sequences, lack multi-agents, or often do not include ground-truth an-
notations or a diverse range of weather conditions. While the SHIFT
dataset [315] contains varying weather conditions and ground truths, it
is not a multi-agent dataset, and its average sequence length is under
160 seconds, which is too short for evaluating the long-term impact of
our method.

Therefore, we generated and publicly released our own Driving
Agents in Dynamic Environments (DADE) dataset, meeting all the
above criteria. To have access to ground-truth annotations and
precisely control the environment, we used the CARLA simulator [66]
(version 0.9.14) to generate the dataset. CARLA enables the syn-
chronization and calibration of sensors, the collection of semantic
segmentation ground truths, and fine-grained control over the weather.
Furthermore, the Town12 map offers several visually distinct locations.
We deployed several agents (ego vehicles) driving through the map,
each equipped with a front-facing camera capturing the forward view
in a “Cityscapes”like setup, as shown in Fig. . We collected the
video sequences taken by an RGB camera, the semantic segmentation
ground-truth masks, the position of each agent, as well as the
overall weather information. All signals were acquired at the framerate
of 1 frame per second, with a high-resolution (i.e., 1280 x 720 pixels)
definition.

To the best of our knowledge, our dataset, large of 150 GBytes, is
unique in that it provides long videos of multiple agents evolving in di-
verse driving locations and weather conditions with ground-truth labels
for the task of semantic segmentation. Our video sequences contain



Figure 5.3: Comparison between the real ground truth and the ground truth used
in our experiments. (a) An RGB image with (b) its corresponding semantic segmen-
tation ground truth from CARLA, and (c) the semantic segmentation ground truth that
we used to evaluate our method. The black pixels in image (c) correspond to ignored
classes or regions, such as the hood of the ego vehicle.

between 188 and 7,200 frames acquired at 1 frame per second (fps),
with an average sequence length of 40 minutes.

To align our dataset with current benchmarks in the semantic seg-
mentation field, we generated two versions of the semantic segmenta-
tion ground truths in the dataset: @ the ones directly collected from

the CARLA simulator, and (2) the intersection of the semantic classes
available in CARLA and the semantic classes from the Cityscapes [5~]
dataset. For consistency with previous works, we choose the latter ver-
sion in our experiments, as most state-of-the-art models for seman-
tic segmentation in driving environments are trained on Cityscapes.
Nevertheless, the discrepancies between the two versions are mini-
mal and could be interchanged depending on the user’s preferences.
Figure shows an RGB image alongside the two versions of the
semantic segmentation ground-truth masks (Fig. and Fig. )
As can be seen, the “road line” class in the CARLA labels, visible in
Fig. , is simply merged into the “road” class in Fig. . Also, the
“car hood” is ignored (indicated by black pixels) in the second version.
More details about the labels definition can be found in Chapter C of
the appendix.

To study different cell divisions of the environment, our DADE dataset
is composed of two parts. The first part, DADE-static, is acquired with
static weather conditions (clear day) and contains 100 video sequences,
as shown in Fig. . The second part, DADE-dynamic, is acquired
with varying weather conditions (ranging from day to night, with clear,
rainy, or foggy conditions) and contains 300 video sequences, as shown
in Fig. . For both parts, each sequence is acquired by one agent
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Figure 5.4: Characteristics of the video sequences in DADE-static and DADE-
dynamic datasets. For each sequence of (b) DADE-static and (c) DADE-dynamic,
the color of the line corresponds to the location of the agent at a given time. The differ-
ent locations are forest, countryside, , highway, low density residential,
community buildings, and high density residential. Given the x and y coordinates of
an agent, (a) provides its corresponding location. We can see that the sequences are
evenly distributed across the entire 5-hour time frame. For DADE-dynamic, C, R, and
F respectively correspond to clear, rainy, and foggy weather, and night/day represent
the daylight conditions.
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(one ego vehicle) running for some time within a 5-hour time frame,
amounting to a total of 990k frames for the entire dataset. In Fig. ,
we show a top view of the various locations in the Town12 map of the
CARLA simulator in which the agents evolve, namely forest, country-

side, , highway, , community build-
ings, and high density residential. Images captured in each location can
be seen in Fig. . Finally, Fig. illustrates the 6 different weather
conditions, in the high density residential location, encountered in the
DADE-dynamic dataset.

Let us note that due to the limitations of the CARLA simulator running
the Town12 map, there are no pedestrians on the streets, only vehicles
such as cars, motorcycles, bicycles, or trucks. Also, the quantity of ve-
hicles (traffic) is independent on the location. The vehicles spawned in
the map move randomly through the seven locations. Finally, the differ-
ent sequences are collected sequentially. In the following, we provide
some statistics about both parts of our DADE dataset.

5.4.1 DADE-static

This first part of our dataset is composed of 100 sequences, acquired in
the Town12 map of CARLA with a static, clear, sunny weather during the
day. Each sequence contains between 271 and 7,200 frames acquired
at 1 fps, for a total of 270,527 frames, amounting to more than 75 hours
of video. The average sequence length is 45 minutes (more details
about the distribution of the sequence length can be found in appendix
in Chapter C). Figure indicates the locations of the 100 agents over
time. We can see that, for most sequences, the agents evolve through
several locations, and that the start and end times vary significantly
from one agent to another.

Figure provides an analysis of the number of agents in each
location over time. Particularly, it shows that there is a high imbalance
between the locations, which is expected in real-world scenarios. For
instance, it is realistic to encounter many more vehicles in city centers
than in the countryside. Table summarizes those values and splits
the number of images acquired during the first two hours (used for pre-
training) and the last three hours (used for testing). Interestingly, data
originating from the high density residential location constitute over half
of our DADE-static dataset. We can also see that, during the first two
hours, over a thousand images are collected in each location, constitut-
ing a sufficient pretraining set.
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Figure 5.5: Locations in DADE. We define 7 different locations based on the GNSS
data and show some images captured by the agent in each location. From left to right,
we display the name of the location, an overview of the location, and six images from

DADE-static.
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Figure 5.6: Weather and daylight conditions in DADE-dynamic. The images show
the 6 different weather and daylight conditions in the same high density residential
location. The images correspond respectively, from left to right and top to bottom, to
clear day, rainy day, foggy day, clear night, rainy night, and foggy night.

Table 5.1: Number of images per location within the DADE-static dataset during the
pretraining time (two first hours), the test time (three last hours), and the overall time
(the five hours), as well as the proportion of images originating from each location in
comparison to the entire dataset.

- . Proportion
. Pretraining | Testing Overall .
Location of the entire
(2 hours) (3 hours) | (5 hours) dataset
Forest 2,176 2,796 4,972 1.84%
Countryside 2,442 1,215 3,657 1.35%
Rural farmland 3,608 6,089 9,697 3.58%
Highway 7,018 19,159 26,177 9.68%
Low density 11,187 36,658 | 47,845 17.69%
residential
Community 2,357 20,404 | 22,761 8.41%
buildings
High density 50,034 105,384 | 155,418 57.45%
residential
Total 78,822 191,705 270,527 100%
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Figure 5.7: Number of agents per location over time. The colors of the plots cor-
respond to the 7 locations (cf. Fig. 5.5). The same trends can be observed in both
datasets, with three times as many agents in (b) DADE-dynamic as in (a) DADE-static.
Note that there is at all time at least one agent in the high density residential location
in both datasets and in the low density residential in the DADE-dynamic. Conversely,
forest, countryside, and locations exhibit the least agent presence, often
remaining empty of agents for extended periods.
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5.4.2 DADE-dynamic

This second part of our dataset is acquired during a period of time of
5 hours with varying weather conditions as shown in Fig. . Par-
ticularly, it is composed of 300 sequences containing between 188 and
7,200 frames acquired at 1 fps, for a total of 719,742 frames or 200 hours
of videos. The average sequence length is 40 minutes (see Chapter

in appendix for more details on the distribution of the sequence length).

To generate diverse weather conditions, we dynamically varied the
weather parameters over time for the entire map, i.e., all agents experi-
enced the same weather at any given time regardless of their location.
The weather condition was changed every 10 minutes, alternating ar-
bitrarily between clear, rainy, and foggy conditions, with smooth transi-
tions lasting 10 seconds. For the daylight cycle, the 5-hour time frame
started at night and progressed to sunrise after one hour, with sunset
occurring during the final hour. The 5 hours thus consist of approxi-
mately 2 hours of nighttime and 3 hours of daytime conditions. During
the entire 5 hours, there are 4 ten-minute periods for each weather con-
dition (i.e., clear, rainy, and foggy) during the night and 6 during the
day, as shown in Fig. . To better visualize the transitions, Fig.
provides a close-up of the first thirty minutes, during which the weather
evolves from clear to rainy, and finally foggy conditions.

Figure shows the number of agents in each location. Similarly to
DADE-static, there is also a high imbalance between the different loca-
tions. Table provides a summary of the number of images captured
in each location, weather, and daylight conditions during the first two
hours (used for pretraining) and the last three hours (used for testing).
We can see that the proportion of images in each location is similar
to the one of our DADE-static dataset. However, upon further division
based on both weather and daylight conditions, we can see a significant
decrease in the number of images for each cell. Notably, this division
results in the absence of pretraining data for the clear day weather con-
dition in the countryside location.

5.5 Overview of Experimental Results

This section summarizes the main results of the experiments conducted
to evaluate our MSC-TTA setup and method on the proposed DADE
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Figure 5.8: Evolution of the weather parameters over time. The weather switches
arbitrarily every 10 minutes between clear, rainy, and foggy weathers with a smooth
transition of 10 seconds. The parameters for the daylight conditions are related to
the sun position, i.e., sun altitude angle and sun azimuth angle, which vary smoothly
over time, respectively between —15 and 45 degrees, and between 0 and 360 degrees.
We consider that it is nighttime during the first hour and the last hour, when the sun’s
altitude is below 5 degrees, and that it is the daytime in between during three hours, i.e.,
when the sun’s altitude is over 5 degrees. In total, the clear, rainy, and foggy weathers
each occur 10 times; 4 times during the night and 6 times during the day, as shown in
(a). (b) zooms in on the first thirty minutes. During the first ten minutes, the weather
is clear, then there is a smooth transition of 10 seconds towards a rainy weather and
finally, after 20 minutes there is again a smooth transition of 10 seconds towards foggy
weather.



Chapter 5. Test-Time Adaptation in Dynamic Environments

Table 5.2: Number of images per location (Part 1) within the DADE-dynamic
dataset during the pretraining time (two first hours), the test time (three last hours),
and the overall time (the five hours), as well as the proportion of images originating
from each location in comparison to the entire dataset.

. . Proportion
Location P?Hamlng ;’c;stmg ? ;erall of the entire
(2 hours) (3 hours) | (5 hours) dataset
Forest 3,174 5,973 9,147 1.27%
Clear night 845 695 1,540
Rainy night 303 477 780
Foggy night 585 602 1,187
Clear day 381 1,467 1,848
Rainy day 572 1,675 2,247
Foggy day 488 1,057 1,545
Countryside 3,525 4,283 7,808 1.09%
Clear night 279 1,247 1,526
Rainy night 1,137 130 1,267
Foggy night 887 795 1,682
Clear day 0 194 194
Rainy day 1,020 1,312 2,332
Foggy day 202 605 807
Rural farmland 4,605 9,242 13,847 1.92%
Clear night 736 2,631 3,367
Rainy night 1,134 265 1,399
Foggy night 2,059 2,699 4,758
Clear day 221 1,268 1,489
Rainy day 418 926 1,344
Foggy day 37 1,453 1,490
Highway 27,573 40,275 67,848 9.43%
Clear night 4,676 4,878 9,554
Rainy night 4,809 4,508 9,317
Foggy night 6,052 4,876 10,928
Clear day 3,533 7,575 11,108
Rainy day 4,235 9,757 13,992
Foggy day 4,268 8,681 12,949
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Table 5.2: Number of images per location (Part 2) within the DADE-dynamic
dataset during the pretraining time (two first hours), the test time (three last hours),
and the overall time (the five hours), as well as the proportion of images originating
from each location in comparison to the entire dataset.

- . Proportion
Location Pr2etr:'a|n|ng ;'t;stlng 50 xerall of the entire
(2 hours) (3 hours) | (5 hours) dataset
Low density | g6 4 0g 84,990 | 141,098 19.60%
residential
Clear night 7,348 9,214 16,562
Rainy night 6,957 7,381 14,338
Foggy night 7,673 8,190 15,863
Clear day 11,486 22,607 34,093
Rainy day 11,736 17,570 29,306
Foggy day 10,908 20,028 30,936
Community 23,965 42,205 66,170 9.19%
buildings
Clear night 3,648 4,984 8,632
Rainy night 3,746 3,532 7,278
Foggy night 3,386 4,121 7,507
Clear day 4,838 9,096 13,934
Rainy day 4,210 9,539 13,749
Foggy day 4,137 10,933 15,070
Highdensity | 15/ 208 | 249,116 | 413,824 57.50%
residential
Clear night 26,627 38,134 64,761
Rainy night 31,006 25,618 56,624
Foggy night 28,064 33,440 61,504
Clear day 26,260 48,795 75,055
Rainy day 26,830 53,676 80,506
Foggy day 25,921 49,453 75,374
Total 283,658 436,084 719,742 100%



dataset. The experimental settings and detailed results are described
in Chapter C of the appendix.

On DADE-static, our experiments demonstrate the benefits of using
multiple streams when adapting models, compared to using a single
stream from an agent. Furthermore, we show that leveraging cellular
information (i.e., spatial division based on the seven defined locations)
leads to improved model performance. We also highlight the advan-
tages of adapting the model online. Indeed, adapting the models during
the last three hours (testing set) yields better performance than a model
trained only on the first two hours of training data and not adapted fur-
ther using the testing data.

On DADE-dynamic, the spatial division based on locations also pro-
vides the best results, outperforming in this case temporal divisions
based on weather and/or daylight conditions. We hypothesize that this
outcome is due to over-dividing the environment relative to the available
data per condition. Increasing the amount of data, e.g., by extending
the time frame or adding more sequences, could mitigate this issue.

5.6 Conclusion

The novel Multi-Stream Cellular Test-Time Adaptation (MSC-TTA)
setup addresses multi-stream model adaptation in dynamic environ-
ments. We focus on environments where data distribution shifts pose
significant challenges. To do so, we divide the environments into cells,
characterized by similar conditions such as location and weather. Then,
we propose a real-time method based on an adaptive student-teacher
approach, leveraging the multiple streams and cellular information.
Experimental validation on autonomous vehicles illustrates the benefits
of our MSC-TTA setup, showcasing better performance compared
to a single-stream baseline. Our novel DADE dataset supports our
experiments and provides a comprehensive benchmark for future
studies in test-time adaptation of semantic segmentation models for
autonomous vehicles. This work represents a significant step forward
in the field of test-time adaptation, holding promise for substantial
contributions to and autonomous driving.
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In the previous chapter, we developed a method for an-
alyzing urban scenes that adapts to the content of the environment.
The results showed the importance of considering the specific char-
acteristics of the environment. This is also why we developed DADE,
a dataset illustrating different environments. In this chapter, we seek
to characterize the environment through probabilistic domain represen-
tations. Characterizing domains is essential for systems operating in
dynamic environments, as it enables them to adapt to changing condi-
tions or to delegate the task to backup systems when facing conditions
outside their operational domain. Existing solutions typically character-
ize a domain by solving a regression or classification problem, which
limits their applicability as they only provide a limited summarized de-
scription of the domain. In this chapter, we propose a novel approach to
domain characterization by characterizing domains as probability distri-
butions. Specifically, we develop a method to predict the likelihood of
different weather conditions from images captured by vehicle-mounted
cameras by estimating distributions of physical parameters using nor-
malizing flows. To validate our proposed approach, we conduct experi-
ments in the context of autonomous vehicles, focusing on predicting the
distribution of weather parameters to characterize the operational do-
main. This domain is characterized by physical parameters (absolute
characterization) and arbitrarily predefined domains (relative character-
ization). Finally, we evaluate whether a system can safely operate in a
target domain by comparing it to multiple source domains where safety
has already been established.

A novel probabilistic methodology to characterize domains in
the case of autonomous vehicles driving in various weather
conditions.

Demonstration that simulation-based inference (normalizing
flows) can effectively estimate weather parameter distribu-
tions, with comparison of different backbones for features
extraction.

A method for characterizing a new target domain as a mixture
of source domains.



This chapter is adapted with minor changes
from Halin et al. [112].

The work presented in this chapter results
from a collaboration between researchers from four Walloon universi-
ties (ULiége, UCLouvain, ULB, and UMons) and the Multitel research
and innovation center. The University of Liége led the project, and
the conceptualization of the work was primarily carried out by myself,
Sébastien Piérard (lead), and Renaud Vandeghen. The majority of the
paper was written by the two co-first authors, myself and Sébastien
Piérard. | was personally involved in the project from its definition
through its development to its publication. More specifically, | con-
tributed to the overall conceptualization and methodological design,
generated the complete set of synthetic data used in all experiments
across the three tasks using the CARLA simulator, and participated in
several aspects of the experiments, including the posterior predictive
check analysis for the first task. | also contributed to the analysis and
visualization of the results and was involved in drafting the original ver-
sion of the manuscript.






6.1 Introduction

Advances in computer vision allow widespread camera monitoring, but
diverse weather conditions lead to visually different data, sometimes
impacting the performance of high-level tasks like object detection and
surveillance. Current solutions often lack generalizability across multi-
weather scenarios, highlighting the need for adaptive methods that can
process visual data under diverse conditions.

More specifically, weather conditions significantly affect the percep-
tion capabilities of autonomous driving systems [254], particularly un-
der harsh conditions, such as heavy rain or fog, which can compromise
their ability to operate safely. Therefore, it is essential to develop reliable
approaches to analyze the environment, irrespective of the weather
conditions. Detecting critical circumstances such as extreme weather
events allows the system to respond appropriately within and outside its

, defined by International [2573]
as the “operating conditions under which a given driving automation
system, or feature thereof, is specifically designed to function, includ-
ing, but not limited to, environmental, geographical, and time-of-day
restrictions, and/or the requisite presence or absence of certain traffic
or roadway characteristics”.

However, predicting exact weather conditions is challenging due to
the many ambiguous cases. A single observation of the environment
(e.g., recorded by a vehicle-mounted camera) could be characterized
by multiple sets of weather parameters. Figure presents two syn-
thetic images, generated using the CARLA software [56], that appear
nearly identical but were captured under different weather conditions.
This shows the ambiguities inherent to characterizing the domain based
on a single observation (i.e., image).

Current methods predict weather conditions through regression or
classification [141, , ]. However, those approaches only pro-
duce a single crisp answer, lacking the insight about the ambiguities
of characterizing the weather conditions. Figure illustrates how the
two scenarios from Fig. 6.1, when processed with an intermediate set
of values, result in very different visual representations.

In this work, we propose a novel solution based on a probabilistic
characterization of the weather. Historically, statistical inference re-
lying on likelihood estimation was intractable when dealing with high-
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cloudiness 100 %

fog density 12,5%
precipitation 0%
precipitation deposits 0 %
sun azimuth angle 45°
wind intensity 10 %

Figure 6.1: Ambiguous cases. The two synthetic images, A and C, generated us-
ing the CARLA software, appear almost identical, despite being acquired under very
different weather conditions. This highlights the challenge of information loss from sen-
sors like cameras when dealing with weather-related physical parameters. As a result,
predictions that diverge from the ground truth in such ambiguous cases should not be
penalized during evaluation.

fogginess

030 025 000 025 050
cloudiness

Figure 6.2: Regression. Considering the images A and C from Fig. 6.1, generating
an image B for the arithmetically averaged parameters, leads to an image very different
from A and C. In other words, there are images 7 such that the probability P(I =i, W =
w(4)) of the pair (image, estimated weather) is zero when the estimated weather is
the expected value of the weather knowing the image, w(i) = E[W|I = 1], as done
in regression. Working with distributions of weather parameters (as shown using a
contour plot on the right-hand side), as proposed in this work, rather than predicting
specific values for each parameter, i.e., regression (as shown on the left-hand side),
avoids this problem.
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dimensional data [54]. Recently, one class of density estimation tech-
niques based on neural networks called normalizing flows [164, ,
] has become quite popular to solve this kind of problem. These
models learn invertible transformations to go from complex distributions
to more handy ones, and can therefore be used for modeling weather
parameters from highly complex image and weather distributions.

These novel techniques allow us to express the domain of an image
by a probabilistic distribution, e.g., weather conditions, compared to cur-
rent deterministic approaches. More specifically, we show on three con-
secutive tasks how various weather conditions can be predicted based
@ on a single color image acquired in front of a vehicle, @ on a bag
of color images (absolute characterization), and @ how the current
domain is related to arbitrarily chosen source domains (relative charac-
terization).

Notions similar to are very common in other fields where equiv-
alent terms are used, such as Operational Envelope for maritime and
Operational Context for railroad [322]. Additionally, other fields are fac-
ing domain shifts, such as in medical imagery from different acquisition
devices [93]. We argue that our approach could serve a large range
of practical applications. For example, determining the most suitable
model for a given scenario within a fleet of lightweight Al models able to
analyze the environment, as proposed in previous works [92, , 1,
detecting significant domain transitions to collect new data for domain
adaptation methods that rely on buffers or adaptable internal statis-
tics [ , , , , , ] or activating adaptation mechanisms
based on clustering [32, , , ].

We summarize our contributions as follows: @ We propose a novel
probabilistic methodology to characterize domains in the case of au-
tonomous vehicles driving in various weather conditions. @ We
demonstrate that simulation-based inference (normalizing flows) is ad-
equate to obtain distributions for weather parameters that are used to
characterize the domain and compare different backbones for feature
extraction.  (3) Based on this weather domain characterization, we
show how to characterize a new target domain as a mixture of source
models.



6.2 Related Work

6.2.1 Predicting Weather Conditions from Images

Prediction of weather conditions from images was first formulated as a
single-label classification task (e.g., sunny, cloudy, or foggy). In 2014,
Lu et al. [204] proposed a binary classification task between sunny and
cloudy weathers, using features extracted from visual cues such as the
sky, shadows, reflections, contrast, and haze. Later, Villarreal Guerra
et al. [332] proposed a multi-class dataset extending the scope of the
classification task to rain, snow, and fog. Recent works focus on opti-
mizing to obtain strong features
for common and uncommon weather conditions [192, ]. However,
weather conditions can hardly be represented by crisp classification
due to their continuous nature.

To reach a more realistic description of intricate relations between
weather conditions, recent methods simultaneously regress several
physical parameters [141, ]. To increase interpretability, Li et al.
[188] also assign cues of weather characteristics to each pixel.
However, these methods still lack the ability to represent ambiguous
scenarios (see Fig. ). In this work, we predict the joint distribu-
tion of weather parameters by proposing a novel method based on
normalizing flows.

6.2.2 Handling Weather Conditions for Autonomous Driv-
ing

Autonomous car driving systems need to be efficient under all weather
conditions. Some methods propose to integrate a generalization step
into the model to remove the environmental influences on the acquired
images by introducing a style layer inspired by image style-transfer neu-
ral networks [2/4] or through adversarial training [154]. Generalized
features obtained from alignment of source and target domains tend
to be suboptimal, as they do not consider the task. To improve the
estimation, a solution is to add a domain adaptation step [151]. Jeon
et al. [147] further improved their estimation by adding an unsupervised
domain adaptation step after domain alignment.
Many studies have also highlighted the importance of a strong

definition to properly assess the ability of automatic driving systems to



work in given conditions regarding weather, location, other vehicles on
the road, state of the car sensors, and many other environmental pa-

rameters [51, , ]. Many strategies have been proposed to eval-
uate different situations according to specific evaluations of potential
damage cost [178, ] and define the boundaries of the . In this

work, we characterize the domain by a probability distribution focusing
on weather parameters in an autonomous driving environment.

6.2.3 Probabilistic Modeling of Parameters Distributions

We propose to leverage recent observations in the

literature [54, ] for domain characterization. This
literature has seen a rapid expansion thanks to new density estima-
tion techniques in problems where likelihood estimation was often in-
tractable, especially for high-dimensional data. One class of these
density estimation techniques based on neural networks is normalizing

flows [246]. The principle consists in transforming an arbitrarily chosen
distribution (e.g., a Gaussian) into the desired distribution. Different
types exist, such as the type [68] that can be

used in two ways: @ to determine the value of the

at a given point and @ to draw samples at random.
Different techniques can be used to learn them, e.g. the

technique [103, I
There are a few techniques to analyze the performance of models
predicting distributions. Coverage Plots [126] show, objectively and

quantitatively, whether the distribution prediction models are undercon-
fident (i.e., conservative), calibrated, or overconfident. Another tech-
nique, specific for parameter distributions (e.g., weather parameters)
predicted from an observation (e.g., an image) and widespread in the
field of , IS known as Posterior Predictive Check [250]. It consists of
drawing parameters at random from a predicted distribution, injecting
these parameters into a simulator or physical system, and comparing
the resulting observations with the one from which the distribution was
predicted. In this work, we leverage those analysis techniques for as-
sessing the quality of our weather characterization models.



6.3 The Three Fundamental Tasks Behind the
Physically Interpretable Probabilistic Domain
Characterization

Our experiments are organized around three different tasks, involving a
prediction of the distribution of weather conditions given some images
acquired by color cameras placed in front of vehicles. Before elaborat-
ing on these tasks in Sections to , we briefly introduce our
framework in Section

6.3.1 Framework
Mathematical Modeling

We denote the set of all possible values for the physical parameters
(e.g., weather conditions) by W and the set of all observations of in-
terest (e.g., images) by I. We adopt the probability theory of Kol-
mogorov [165, ] and consider a measurable space (€2, X) as well
as the (generalized) random variables W : Q@ — W for the physical pa-
rameters and I : 2 — I for the observation. Following the mathematical
modeling introduced in [256], we consider the set D(q 5,y of domains d
in which there is a probability measure P, on (2, %). We see the

of a given autonomous system as the set of domains in which it can
be used safely, no matter if this has been established by design or by
testing. Thus, ODD C D(q y).

Data

All our experiments are performed on data generated using the CARLA
software [66], an open-source simulator for autonomous driving re-
search. All images are acquired by a simulated camera placed in front
of a vehicle called the ego vehicle. The weather is controlled through
13 real-valued parameters (see Table ©.1). There are 6 parameters for
which we make predictions. Thus, W C RS.



Table 6.1: Weather parameters. In CARLA, the weather is controlled through 13
physical parameters. This table shows the range of values that we consider in our
experiments and indicates, for each of them, if they are considered in our predictions.

parameter range | predicted |
cloudiness (cloud) 0 to 100% yes
fog density (fog) 0 to 100% yes
precipitation (rain) 0 to 100% yes
sun azimuth angle 0° to 360° no
sun altitude angle (sun) —90° to 90° yes
wind intensity (wind) 0 to 100% yes
precipitation deposits (deposit) 0to 100% yes
fog distance fixed to 0.75 no
fog falloff fixed to 0.1 no
mie scattering scale fixed to 0.03 no
rayleigh scattering scale fixed to 0.033 no
scattering intensity fixed to 1.0 no
wetness fixed to 0.0 no

6.3.2 Task I: Predicting Distributions of Physical Parame-
ters

The first task (see Fig. 6.3) consists in predicting how likely various
physical parameters are, jointly. As these parameters cannot, in gen-
eral, be measured directly, it is necessary to estimate the likelihood, i.e.,
the distribution of plausible values, based on an indirect observation.

Case Study

We study here the particular case in which the physical parameters
are relative to the weather conditions and the observations are color
images i € I acquired by cameras placed in front of vehicles. We aim
at learning, offline, a deep learning model i +— PdR(W]I = i), where
dr denotes a domain of reference in which the probability measure on
(Q,%) is P4,. This domain is arbitrarily chosen in such a way that P,
has a large support.
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Figure 6.3: Task I. The aim of the first task is, based on an image, to predict the joint
distribution of the weather parameters. For this purpose, (1) we generate data using
the CARLA software for uniformly distributed weather parameters (offline), (2) we train
a model using the learning set of our generated data (offline), and (3) we infer,
given an image from the test set, the estimated weather distribution (normalizing flow)
and show the result on a corner plot.

Figure 6.4: Excerpt of the images in our dataset generated with the CARLA sim-
ulator. The ground-truth weather parameters are drawn at random for each image,
following a uniform distribution with the bounds given in Table

Data

We use CARLA to generate a dataset with 635k images and the corre-
sponding ground-truth values for the weather parameters. The dataset
(Fig. 6.4) is split into a learning set with 600k images (500k for the train-
ing set and 100k for the validation set) and a test set with 35k images.
Letting the model of the ego vehicle, the map, the number of pedestri-
ans, and the number of vehicles vary brings a touch of diversity to our
data.



Method

We consider three different (frozen) backbones to extract features from
the input images: ResNet-50 [123], DINOv2 [241], and CLIP [265]. We
use the libraries LAMPE [252] and ZUKO [2&1] to learn a model (of type

) and to manipulate the normalizing flows (of type ), respec-
tively. All predicted weather distributions are posteriors relative to the
weather priors in the learning set. Note that LAMPE and ZUKO were
not developed for domain characterization, but rather for . Also, to
the best of our knowledge, these libraries have only been used once
with very high-dimensional input data [527].

Evaluation and Results

Five different analyses are carried out.

1ST ANALYSIS: HISTOGRAMS (FIG. ). Due to their physical mean-
ing, the weather parameters are easily interpretable. This paves the
way to a first, subjective, evaluation. We draw samples at random out
of the predicted weather distributions ﬁdR(W|I = i), for some images i
arbitrarily chosen in the test set, and conduct a visual inspection of the
histograms for the 6 marginals. The most credible weather parameters
(a.k.a. highest density credibility sets, highest density regions, plausible
sets, etc.) are highlighted for a credible level [ = 68.27%. For any input
image i, these weathers are those such that the predicted

is above some threshold ¢(i) and the predicted
probability of the setis [ [140].

2ND ANALYSIS: CORNER PLOTS (FIG. ). A corner plot is a trian-
gular array of plots. Those on the diagonal show the n marginals of a
n-D distribution. Those below the diagonal depict the highest density
credibility regions delimited at some arbitrarily chosen credibility levels
(in this paper: 68.27%, 95.45%, and 99.73%), for each pair of param-
eters. We observe on the corner plots wide distributions, meaning that
there is a large uncertainty for the weather parameters given an image.
However, when analyzing the results, this uncertainty is explainable,
and the following analysis shows that this uncertainty is not excessive,
i.e., our models are not underconfident.
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| weather parameter | ground-truth value |
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fog 8
rain 51
sun 54
wind 43
deposit 76

(a) An input image 7 and the corresponding ground-truth values.
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(b) Histograms for the 6 marginals of the predicted weather distribution for :.
Figure 6.5: Task I: results obtained (Part 1), with the model learned with the ResNet-

50 backbone on 500k learning samples, for an arbitrarily chosen input image in the test
set.
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(d) Posterior predictive check.

Figure 6.5: Task I: results obtained (Part 2), with the model learned with the ResNet-
50 backbone on 500k learning samples, for an arbitrarily chosen input image in the test
set.
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3RD ANALYSIS: POSTERIOR PREDICTIVE CHECKS (FIG. ). Once
a weather distribution is predicted for an observation (input image), it is
possible to @ draw weather parameters vectors at random from it and

then @ to inject these vectors in CARLA, keeping all other parameters
unchanged and immobilizing the vehicles and pedestrians, to obtain
new images in order to finally @ compare those with the initial input
image. One cannot expect to obtain identical images as, in CARLA, the
traffic lights continue to run, the rain continues to fall, the plants move
with the wind, and pedestrians’ poses are not perfectly frozen. Putting
this aside, we observe that most retrieved images are very similar to
the input image. We conclude that our models are not underconfident.

4TH ANALYSIS: COVERAGE PLOTS (FIG. ). Coverage plots show
how the expected coverage varies with the credible level [126]. By def-
inition, the expected coverage, at the credible level [ € [0,1], is the
probability that the ground-truth weather belongs to the most credible
weathers at level . A method estimating the distribution of weathers
based on an image is said to be underconfident (i.e., conservative),
calibrated, or overconfident at level | when the expected coverage at
level [ is, respectively, > I, = [, or < [. We observe that our models are
all overconfident. The best calibrated model is the one that we obtained
with 50k learning samples and ResNet-50 as backbone.

5TH ANALYSIS: SUPERIORITY OF THE GROUND TRUTH (FIG. ).
We also determine to what extent the ground truth is more credible
than the other weathers. This is the proportion 7 of weathers that can
be drawn at random from the normalizing flow and that are predicted
as having a value (i.e., likelihood) lower or equal to the one from
the ground truth. The higher = is, the better it is, but approaching 1.0
is notably very challenging. We estimated = for each image of the test
set and made box-and-whisker plots for the 9 models. This analysis is
complementary to the coverage plot in the sense that a model can be
perfectly calibrated while still presenting room for improvement. That
being said, we are in the particular case in which this analysis leads
to the same conclusion as the coverage plot: the model based on the
backbone ResNet-50 and learned from 50k samples is preferable to the
others.
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Figure 6.6: Task |I: comparison of our 9 models on the overall test set. Both anal-
yses, (a) coverage plot and (b) box-and-whisker plots for the 7 statistic, agree that the
model learned with the ResNet-50 backbone on 50k learning samples is preferable.



6.3.3 Task ll: Absolute Domain Characterization

The second task (see Fig. 6.7) consists in characterizing a domain in
an easy-to-interpret way. For this, we opt for a distribution of physical
parameters estimated based on a bag (a.k.a. multiset) of observations.

Bag of estimated Estimated distribution

Bag of observations NPE distributions of the domain

i Pag(WII =1)

Inference

Figure 6.7: Task Il. The aim of the second task is to obtain an absolute characteriza-
tion of a domain of interest. We process with the each observation of a bag of
observations of the domain of interest to obtain the bag of estimated distributions cor-
responding to the observations, then we obtain the distribution of weather parameters
for the domain of interest by averaging the individual distributions of the bag.

Case Study

We characterize a domain d € Do) by the estimated distribution

f’d(W) of weather conditions based on a real-valued bag b (multiset)
of arbitrarily weighted images acquired by cameras placed in front of
vehicles. In the following, we denote the weight (multiplicity) of the im-
age i € bby w(i). The images can either originate from a unique vehicle
or from several, in the case of vehicle-to-vehicle (V2V) communications.
We want to establish b — P;(W|B = b).

Data

We consider a bag b of 1,000 equally weighted images generated with
CARLA, in maps already used in Task I. The weather parameters have
been drawn at random from an arbitrary distribution P;(W) for which
we fixed all parameters but two, fog density and precipitation, that
follow a mixture of Gaussians.



Method

We use the model developed for task | and build our solution for
task Il on top of it. We implement the following estimator for P;(WW):
Py(W) = Y icpw(i )PdR(W|I = 4). The motivation for this estimator is

threefold. @ It is straightforward to evaluate the probability density
function of P;(W) and to draw weather conditions w € W at random,
following P;(W), as we can do it with the normalizing flow Py, (WII =
i). This will be valuable in our third task. @ This estimator is useful
for linear temporal filtering, e.g., when one wants to weight more the
recently acquired images than the old ones. @ Finally, this estimator
is fully justifiable under the assumptions that Py(W|I) = P, (W|I) and
w(i) = Py(I =) as, in this case, Py(W) = [, w(i) Py, (W|I = i)di.

Evaluation and Results

Our result is shown in Fig. 6.5. We observe that the three modes of the
ground-truth weather distribution P;(1') are within the highest density
regions of the prediction P;(W). We made the same observation for
many other ground-truth distributions. We stress the fact that P; (W)
differs significantly from P,;(1¥') can be explained by the inherent loss
of information resulting from the use of color cameras, as already dis-
cussed in the introduction (cf. Fig. 6.1).
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Figure 6.8: Task Il: example of result. Left: corner plot showing an arbitrarily chosen
distribution of weather conditions, P;(W') (ground truth). Center: a bag b of images
generated using CARLA with weather conditions drawn from P;(W). Right: corner
plot showing the estimated likelihood of the weather conditions (/) based on b.
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6.3.4 Task lll: Relative Domain Characterization

The third task (see Fig. £.9) consists in characterizing any target do-
main dr € Doy, relatively, w.r.t. to some arbitrarily chosen source
domains ds,, ds,, -..ds,, € D). Our motivation for this task origi-
nates from the importance of knowing if a system implementing a given
many-to-one domain adaptation method can operate safely in the tar-
get domain dr when it is known to operate safely in the source domains
ds,,ds,,...ds,_.

Relative characterization and out of ODD detection

| Source domains dg,

Dea,x) 7
PdT = /\1Pd5l + /\QPdS2 + /\:;Pds3

Figure 6.9: Task lll. The aim of the third task is twofold: (1) having a relative charac-
terization of a target domain dr based on source domains ds, and (2) detecting when
this target domain dr is out of the

Case Study

We discuss the case of Mixture Domain Adaptation (MDA) in which the
system adapts to any target domain for which P, = 75, AkPag, s with
Yorii A = 1and Ay > 0Vk (this is the mixture assumption). In this
framework, the is the convex hull of {Fyg , Fyg,, .- Pas, }- An
autonomous car implementing MDA is expected to drive safely when
P,;, € ODD. So, our goal in this third task is to determine if the mixture
assumption holds and, if so, what the values of the mixture weights A,
are.

MDA supports many potential applications in the high-level tasks of
the Sense pillar of the Sense-Plan-Act model [299]. While Mansour



et al. [209] studied it generically, the application to the two-class clas-
sification task has been studied in [260], and the application to the se-
mantic segmentation task of images acquired by vehicle-mounted cam-
eras has been studied in [?56]. These latter two works put an impor-
tant emphasis on the on-the-fly applicability and provide mathematically
proven exact solutions. However, a critical limitation of these works is
the need for the mixture weights to be known at adaptation time. Here,
we remove this limitation by introducing a method that determines these
weights automatically.

Data

We consider 4 subsets of the test set that we created for Task I: bg, b1,
be, and b3, containing 176, 27, 21, and 26 images, respectively. In the
bag by, the distribution of the ground-truth weather parameters follows
a uniform distribution on W, C W. These sets are such that Wy (W; U
Wso U Wg) = (.

Method

We characterize the source and target domains with the method pre-
sented for Task I, using the same weather distribution predictive model
for all domains. We define the mean squared gap between the target
domain and the mixture of the source domains as:

ns
(M, ) = /W Pap(W =w) =Y MNPy, (W =w)| Pap(W =w)dw
k=1
1 nw R ns . R 2
= 21: Pip (W = w;) — ; Mo Pas, (W = wi)] (6.1)

with {w; }7% ~ P,,.(W). We aim at finding the values of AL .- Ang that
minimize (A, ... \,s). This is a constrained least squares problem in
which the constraints are 79, A, = 1 and A, > 0, Vk. To use the
CVXPY library [3, 61] to solve our problem, we converted our original
problem into a convex quadratic programming problem with the same
constraints.



Evaluation and Results

The goal of this experiment is twofold.

@ To show that it is possible to recover the mixture weights needed
for the MDA technique presented in [256]. If the probability mea-
sure in the target domain is a mixture of the probability mea-
sures in the source domains, then we expect our characteriza-
tion of the target domain to be a mixture of our characteriza-
tions for the source domains, with the same weights, as P;, =

>ohiy MPag, = Pap (W) = 32050 MePag, (W).

@ To show that it is possible to detect when the target domain is
not a mixture of the source domains, which means that the tar-
get domain is out of the for the MDA technique presented
in [256]. If our characterization of the target domain is not a mix-
ture of our characterizations for the source domains, then we ex-
pect that the probability measure in the target domain is not a
mixture of the probability measures in the source domains, as we
have Py, (W) # > 35, MePas, (W) = Pap # 3255, MePag, -

To achieve this goal, we perform experiments in which we charac-
terize target domains relative to ng = 3 source domains. However, to
study the robustness of our method, we let the probability measures
in the target domains dr be mixtures not only of the probability mea-
sures in the source domains, but also in some domains that are out
of the . We use the bags b1, b2, and b3 for the source domains
ds,, ds,, and dg,, respectively. We also use the bag by for domains
d¢opp that are, by construction, guaranteed to be out of the
Putting this into equations, we have Py, = (1 —n)Pacopp + 1Pdsopp
with PdeODD = Alpdsl + )\des2 + /\3Pds3' The quantity n e [0, 1] is in-
terpreted as a proportion of noise, which is the keystone to assess the
robustness of our method.

In each experiment, the images in b1, b2, and b3 are equally weighted,
whereas those in by are randomly weighted following a uniform distri-
bution. The method introduced in Task Il for the absolute characteri-
zation of domains is applied for dg,, ds,, ds,, and dr. We arbitrarily
chose (A1, A2, A\3) = (0.2,0.3,0.5). The mixture weights are optimized
on ny = 16 points.



The overall experiment consists of @ choosing a target domain
at random, as described here-above, @ computing its absolute
characterization with the method of Task I, @ executing the weight
estimation algorithm, and @ reporting both the mean square gap

5(A1,... Ang) and the Euclidean distance dz between (A1, Ao, A3) and
(A1, A2, A3). This experiment has been performed 330 times (30 times

for 11 values of ). The results are shown in Fig. . The mean
square gap achievable by chance is shown (baseline). Note that the
target domain belongs to the only when n = 0. We observe that

dg is negligible when dr € ODD and that the mean square gap is
effective to detect when dr ¢ ODD.

6.4 Conclusion

In this work, we present a novel approach to characterize domains
by estimating the distribution of physical parameters. Our method en-
hances interpretability, facilitates domain adaptation, and provides safe-
guards for systems operating outside their . Our experiments, or-
ganized around three tasks, are performed in the particular, but very
important, case of autonomous vehicles and demonstrate how to obtain
an absolute characterization of a domain by predicting a distribution of
weather parameters @ using a single image acquired by a vehicle-
mounted camera and @ using a bag of images. Our experiments also

demonstrate (3) how to obtain a relative characterization of a target
domain based on arbitrarily chosen source domains. Our approach in-
cludes two types of domain characterization: absolute and relative. The
relative characterization is particularly valuable for domain adaptation,
allowing the expression of a target domain in terms of source domains
and verifying whether the current domain is part of the . This is
important for autonomous driving systems as well as for other fields
requiring interpretable and trustworthy domain adaptation.
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Figure 6.10: Task lll: results obtained when the noise level r, sweeps the [0, 1] inter-
val. These box-and-whisker plots of (a) the distributions of dz and (b) the distributions
of 5(5\1, e an) show (1) that we can recover the relationship between the target do-
main and the source domains, under the mixture assumption, when the target domain
belongs to the and (2) that the 6(5\1, e an) can be used to determine when the
target domain belongs to the
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Following the analyses conducted in Parts || and
which examined the driver and the environment separately, Part
brings these elements together by proposing an integrated frame-
work for adaptive driving automation. The increasing integration of
automation in vehicles aims to enhance both safety and comfort, but
it also introduces new risks, including driver disengagement, reduced
situation awareness, and mode confusion. In this work, we propose
the DEV framework, a closed-loop framework for risk-aware adaptive



driving automation that captures the dynamic interplay between the
driver, the environment, and the vehicle. The framework promotes
continuously adjusting the operational level of automation based on
a risk management strategy. The real-time risk assessment supports
smoother transitions and effective cooperation between the driver and
the automation system. Furthermore, we introduce a nomenclature of
indexes corresponding to each core component, namely driver involve-
ment, environment complexity, and vehicle engagement, and discuss
how their interaction influences driving risk. The DEV framework offers
a comprehensive perspective to align multidisciplinary research efforts
and guide the development of dynamic, risk-aware driving automation
systems.

A closed-Loop framework, called DEV, for risk-aware adap-
tive automation of driving integrating the driver, the environ-
ment, and the vehicle.

A nomenclature of indexes corresponding to each core com-
ponent of the framework: driver involvement, environment
complexity, and vehicle engagement.

This chapter is adapted with minor changes
from Halin et al. [109].



7.1 Introduction

Vehicles are becoming increasingly automated so that driving has truly
become a cooperation between the human driver and the machine
driver, commonly referred to as the driving automation system. But
for this cooperation to be truly effective and to take place under op-
timal conditions, we need a human-machine interface that is well de-
signed [235, ], that is, an interface that allows drivers to clearly un-
derstand their responsibilities at all times, to form an accurate mental
model, and to grasp what the driving automation system is doing and
why it is doing it. Only then can drivers trust the system and play their
role in the best conditions.

Currently, there are many issues where drivers lack awareness of
automation limitations [24], overtrust the system (e.g., caused by phe-
nomena like autonowashing [63]), or have mode confusion [356]. On
the other hand, some drivers do not benefit from the advantages of driv-
ing automation at all because they never activate the available driving
automation features [243].

The levels [282] of driving automation do little to help drivers
better understand their responsibilities or to support effective real-time
cooperation between the human and the automation in driving [33, ,

]. At best, the levels serve legal or manufacturer-related pur-
poses.

Even if we assume the existence of an ideal communication inter-
face between the human and the machine, one that enables perfect
cooperation between the two, the question remains: how should the
human and the machine cooperate to mitigate the risk? Drivers have
limited capacities that fluctuate depending on their state and their will-
ingness to engage in the driving task. Similarly, the vehicle is equipped
with a driving automation system that includes more or fewer automa-
tion features (depending on its level), which can be activated or
deactivated. The driver state and the availability or appropriateness
of automation both depend on the driving environment. For exam-
ple, the literature tells us that a monotonous environment increases
driver fatigue [/ 7], while a complex environment leads to cognitive over-
load [319]. The vehicle, for its part, operates within an

that restricts when and where automation features
can be used [283]. Additionally, some driving automation features re-



duce the driver's mental workload by helping with certain tasks, some-
times even too much, to the point where the driver disengages entirely
from the driving task [20, 58]. Others, such as warning systems, may
actually increase the driver workload [167].

In short, there is a highly complex interaction between the driver, the
driving automation system, and the driving environment. Understand-
ing the full scope of this interaction is crucial to defining the optimal
cooperation between the human and the automation system, one that
enables safe driving and minimizes risk.

We therefore introduce a closed-loop framework that accounts for
the driver, the vehicle, and the environment, and that enables dynamic
adaptation of the operational level of automation to mitigate risk. We
discuss how the driver, the vehicle, and the environment each influence
risk. This framework highlights the key questions that still need to be
addressed to implement such a system.

7.2 The DEV Closed-Loop Framework for Risk-
Aware Adaptive Automation

In this section, we introduce the DEV closed-loop framework, which
supports risk-aware adaptive automation by dynamically adjusting the
operational level of vehicle automation (see Fig. 7.1). This adjustment
is based on three core components: (1) driver involvement, (2) en-
vironment complexity, and @ vehicle engagement. We define these
components below and give some leads to assess risk to guide the
adaptation process.

7.2.1 Driver Involvement

Definition 1. Driver involvement is defined as the proportion of
driver (cognitive, perceptual, and physical) resources that are avail-
able to perform the driving task.

High driver involvement indicates that the driver is fully fit and ready
to drive, while low driver involvement suggests that the driver is in a
state where taking control of the vehicle would be undesirable or un-
safe. Driver involvement depends on the driver’s state (e.g., drowsi-
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Figure 7.1: The DEV closed-loop framework for risk-aware adaptive automa-
tion. At all levels except level 5, the driver and the vehicle collaborate to perform
the driving task. The operational automation level of the driving automation system
can be dynamically adjusted to mitigate the risk by accounting for three core dimen-
sions: the driver, the environment, and the vehicle. A driver involvement deficit (DID) is
computed using a driver monitoring system, based on the driver’s state and fitness to
drive. An environment complexity index (ECI) is derived from an environment monitor-
ing system using data such as traffic conditions, road type, and visibility. The vehicle
engagement index (VEI) reflects the extent to which the vehicle, via the driving automa-
tion system, is involved in the driving task. Risk is assessed based on DID, ECI, and
VEI, and the system adjusts the operational level of automation accordingly.

ness, distraction) and, to some extent, on their willingness to engage in
the driving task. For instance, a driver may be fully awake but choose to
disengage out of laziness or disinterest, thereby reducing their effective
involvement.

While driver involvement cannot be measured directly, it can be es-
timated. We define two complementary numbers, both ranging from 0
to 1: the driver involvement index (DIl) and its complement, the driver
involvement deficit (D!D), such that DID = 1 — DII. A driver involvement
index of 1 (i.e., a deficit of 0) indicates that the driver is fully capable
of performing the entire driving task. Conversely, an index of 0 (i.e., a
deficit of 1) indicates that the driver is entirely unable to contribute to
the driving task. Note that an index or a deficit should have various
properties, such as being measurable, increasing (or decreasing), on
a scale (which can be discrete), and reproducible, similarly to how an
indicator is defined in Section

The driver involvement deficit DID can be estimated by assessing the
various components affecting the driver’s state, such as drowsiness,
mental workload, distraction, emotions, and under influence [115]. One



possible approach is to compute a weighted average of these compo-
nents to obtain an overall estimate. Another approach is to directly as-
sess a global estimate of the driver involvement deficit through the im-
plementation of the Minimum Required Attention (MiRA) theory [/, ]
According to MiRA, drivers are considered attentive if they sample suf-
ficient information from the environment to meet the demands of the
driving task, or, in other words, if they fulfill the preconditions needed
to form and maintain a good enough mental representation of the sit-
uation. Drivers are thus considered inattentive only when information
sampling is not sufficient, regardless of whether they are drowsy, con-
currently executing an additional task or not.

7.2.2 Environment Complexity

Definition 2. Environment complexity is defined as the proportion
of (cognitive, perceptual, and physical) resources that the driver
would need to safely perform the driving task in a given context.

The more complex the environment, the greater the demands placed
on the driver, making the driving task more challenging. Environment
complexity is conceptualized from the perspective of the driver and
should ideally reflect perceptual and cognitive factors, such as visual
masking (i.e., the difficulty in perceiving a target stimulus when it is
rapidly followed or spatially overlapped by another stimulus) or joint at-
tention with other road users (i.e., the coordination of attentional focus
between the driver and other road users, which plays a critical role in
interpreting intentions and ensuring safe interactions) [170, ]

For the environment complexity, we also define an index, named en-
vironment complexity index (ECI), which ranges from 0 (minimal com-
plexity) to 1 (maximal complexity).

The environment complexity depends not only on the number of el-
ements present but also on their behavioral relevance [375]. Simply
counting objects in the driving scene is not sufficient to estimate the
environment complexity index. For instance, a group of pedestrians
conversing on the sidewalk may contribute less to complexity than a
single pedestrian approaching a crosswalk. Other factors, such as road
type, road geometry, and weather conditions, also play a role in shaping
the complexity of the driving environment. However, how to accurately



compute the environment complexity index in a way that is meaningful
for risk assessment remains an open question that current research has
largely overlooked. The work presented in Chapter 6 constitutes a first
step toward characterizing the environment with the aim of assessing
risk by determining the extent to which systems operate outside their
intended

7.2.3 Vehicle Engagement

Definition 3. Vehicle engagement is defined as the proportion of
vehicle automation resources that are available to perform the driv-
ing task.

Vehicle engagement reflects the set of driving automation features
that can be activated to assist the driver in performing the driving task.
It varies depending on the driving environment and the , Which
defines the limitation of the driving automation system. For instance,
some features could only be activated on highways and in clear weather
conditions (avoiding adverse conditions like heavy rain). Besides, the
maximum achievable vehicle engagement is actually limited by the
level of the vehicle.

To quantify this, we define the vehicle engagement index (VEI), which
ranges from 0 (no automation) to 1 (full automation). We also define its
complement, the vehicle engagement deficit (VED) as VED =1 — VEL.

Vehicle engagement depends on the availability of driving automa-
tion features such as (adaptive) cruise control, lane centering assis-
tance, lane keeping assistance, automatic emergency braking, rear au-
tomatic braking, pedestrian automatic emergency braking, blind spot
intervention, and others. The scale is absolute, with VEI = 1 denoting
full automation, attainable exclusively by a Level 5 vehicle. Us-
ing an absolute rather than a relative scale facilitates interpretation and
comparison between vehicles.



7.2.4 Risk Assessment

Definition 4. In the context of our framework, risk refers to the like-
lihood of adverse outcomes, such as collisions, traffic violations, or
even near-misses, resulting from the interaction between the driver,
the environment, and the vehicle.

Risk results from the real-time ability (or inability) to safely perform
the driving task. It is influenced by the driver involvement, the envi-
ronment complexity, the vehicle engagement, and by how they interact
(e.g., the nature of the cooperation between the human driver and the
driving automation system of the vehicle, but also the design of the

).

The goal of risk assessment is to enable dynamic adjustment of the
operational level of automation by activating or deactivating specific
driving automation features in a closed-loop fashion, thereby mitigating
the computed risk. By continuously adapting the level of automation
based on driver involvement, environmental complexity, and vehicle en-
gagement, we aim to support smooth transitions of control between the
human driver and the automation system.

Such gradual transitions offer several advantages. First, they allow
the driver to progressively adapt their mental model, avoiding abrupt
changes in system behavior. Second, they help maintain an appropri-
ate level of driver involvement relative to the demands of the current
driving context and associated risk.

However, assessing risk based on the intricate interplay between the
driver, the environment, and the vehicle remains a major challenge.
This requires a deep understanding of how these three components
influence one another. For instance, how specific driving automation
features affect driver’'s state under varying environment complexities.
The work presented in Chapter = takes a first step in this direction by
analyzing the influence of cognitive load and traffic conditions on the
use of an , and how its use in turn im-
pacts driving performance.

To begin formalizing this interplay, we first consider a simplified case
in which the environment complexity is held constant. This allows us
to focus on how the relationship between driver and vehicle resources
contributes to risk. Specifically, we examine the two-dimensional space



defined by the vehicle engagement deficit (VED) and the driver involve-

ment deficit (DID). We define the cumulative deficit (CD) by CD =

VED + — 1 such that CD = 1 when =VED =1, CD = 0 when
= VED = 0.5, and CD = —1 when =VED =0.

DRIVER INVOLVEMENT DEFICIT (DID)
1.

N
— 1 VEHICLE ENGAGEMENT DEFICIT (VED)

D=-1 - 0 - -~ Isolines of cumulative deficit (CD)

Figure 7.2: Cumulative deficit in the two-dimensional space defined by VED and
, for a fixed ECI. The main diagonal (top-left to bottom-right) and its parallels
(dashed lines) are isolines of the cumulative deficit, meaning that CD remains constant
along each of these lines. The cumulative deficit ranges from —1 to 1 along the direction
of the minor diagonal (solid line running from the bottom-left corner to the top-right
corner). The main diagonal delineates two regions: one where the cumulative deficit is
negative (green area), indicating redundancy in the combined resources of the driver
and the vehicle to perform the driving task; and one where it is positive (red area),
indicating that the combination of the driver and vehicle resources is insufficient to fully
carry out the driving task. The objective of the DEV framework is to manage the risk
through adaptive automation to remain in a low-risk area (in gray-tinted green).

Figure illustrates the two-dimensional space defined by VED and

, and shows how the cumulative deficit evolves within this space.

By definition, the cumulative deficit ranges from —1 to 1 along the mi-
nor diagonal. In contrast, in the direction of the main diagonal, the
space is structured by isolines, each corresponding to a constant value
of the cumulative deficit. On the main diagonal, the cumulative deficit
is zero, meaning that combining the resources of the driver and the
vehicle barely allows performing the entire driving task, assuming per-
fect cooperation between the two agents. The main diagonal separates
the space into two regions: one where the cumulative deficit is positive
and one where it is negative. In the positive cumulative deficit region,
the combined resources of the driver and the vehicle are insufficient to
carry out the full driving task. This region is thus inherently associated
with high risk and should be avoided by any means. As this region is



approached, proactive measures must be taken to prevent accidents.
One such measure is for the vehicle to initiate a safety stop, similar to

level 4 vehicles, which achieve a minimal risk condition automati-
cally when reaching their limits. In the negative cumulative deficit
region, there is redundancy. Combining the available resources of both
the driver and the vehicle provides more resources than necessary to
perform the driving task. In this region, there is a real interest in se-
lecting the most appropriate operational level of automation to foster
effective cooperation between the driver and the vehicle to lower the
risk. Below the minor diagonal, where the vehicle engagement deficit
is higher than the driver involvement deficit, the driver can perform a
higher proportion of the driving task than the driving automation sys-
tem of the vehicle. Conversely, above the minor diagonal, the driving
automation system of the vehicle can perform a higher proportion of the
driving task than the driver.

When in this negative cumulative deficit region, effective coopera-
tion between the driver and the automation is expected. However, how
this cooperation should be operationalized and which operational level
of automation (i.e., which combination of driving automation features)
should be selected to minimize risk remains an open question. Several
authors (e.g., [71, 1) suggest that the driver should be utilized at
their highest level of involvement. If the driver is in a suitable state and
willing to engage in the driving task, they should be allowed to do so.
However, when driving automation features are available, they should
also be leveraged to reduce risk. Caution is needed, though: increas-
ing the level of automation may negatively impact driver involvement.
The operational level of automation can be selected within the range
[0, VEI]. This choice should account not only for the driver’'s current
level of involvement but also for the complexity of the driving environ-
ment, so that the selected operational level of automation mitigates risk.
In low-complexity driving environments, allowing the driver to be less in-
volved and delegating more responsibility to the vehicle (i.e., increasing
the operational level of automation) may not significantly increase risk.
However, as the complexity of the driving environment rises, greater
driver involvement may become necessary.

Finally, it is important to note that assessing risk and adjusting the
operational level of automation cannot be done without also consider-
ing the mode of cooperation between the human driver and the driving



automation system. Cooperation can take the form of traded control
(i.e., working on the same task at different times [295]; a.k.a. control
shifts [337]), shared control (i.e., working on the same task at the same
time [292]), for example, through haptic feedback mechanisms [1, 1
or a combination of both. A recent taxonomy for human-vehicle cooper-
ation has been proposed to aid in structuring cooperative control con-
cepts [253]. According to de Winter et al. [59], whether shared control
reduces risk depends on the environment complexity. This highlights
the importance of integrating considerations about cooperation modes
into the risk assessment process of our DEV framework. However, how
to incorporate different cooperation modes effectively remains an open
area for future research.

7.3 Discussion and Future Work

Researchers have long studied human-machine interaction. Indeed,
over the last two decades, numerous European research projects have
investigated the cooperation and interaction between the driver and the
vehicle, such as HAVE-it [121, ], D3COS [55, ], HFAuto [129],
ADAS&ME [~], HADRIAN [107], or MEDIATOR [217]. Yet, many chal-
lenges remain, particularly in the automotive domain. Interest in this
area continues to grow, driven by the complexity of designing systems
that must integrate insights from multiple disciplines. This includes, for
example, developing s that meaningfully support risk mitigation or
designing s that enable effective cooperation. While a wide vari-
ety of studies have emerged from these research efforts and continue
to be produced across these domains, building fully functional systems
requires a shared understanding and coordinated direction. This is why
a framework that captures the big picture is crucial, as it can help guide
research efforts and align them toward a common goal.

In this work, we proposed the DEV framework for risk-aware adap-
tive automation of driving, which aims to dynamically and continuously
adjust the operational level of automation based on the complex inter-
play between the driver, the surrounding environment, and the vehicle.
This framework is motivated by the observation that the static definition
of levels is inadequate for real-time driving, as the level of automa-
tion may need to change during a single drive. Moreover, operational
levels should be more fine-grained to enable smooth, dynamic transi-



tions, depending, for example, on the driver’s level of involvement, and
to account for different cooperation modes between the driver and the
automation system.

To move beyond a purely theoretical proposal, several key research
directions must be pursued. The first step is to refine the definitions and
develop methods for estimating the driver involvement deficit, the envi-
ronment complexity index, and the vehicle engagement index. While
these parameters cannot be directly measured, they can be estimated.
Developing reliable and interpretable estimation methods for each com-
ponent is a prerequisite for implementation.

The next step is to empirically establish a model for risk assessment,
either through the theoretical development of a mathematical formula-
tion or by leveraging data-driven approaches, such as deep learning.
For example, Herzberger et al. [127] presented the concept of con-
fidence horizons, aiming at quickly identifying whether safety-critical
transitions of control (takeovers or handovers) should be performed.

Then, Herzberger et al. [128] presented the theoretical concept of the
diagnostic , Which predicts risky takeovers
based on a driver’'s response to a . These works are important

first steps toward cooperative driving but currently only allow to gaining
more reaction time during critical transitions.

Once the risk model is defined, it becomes possible to design, vali-
date, and implement strategies to mitigate that risk (i.e., remain in the
gray-tinted green area in Fig. 7.2). Within the DEV framework, we pro-
pose modulating the operational level of automation by activating or de-
activating driving automation features, as the primary strategy for risk
mitigation. However, interventions can also target the driver or the envi-
ronment. Actions on the driver, such as reducing distraction or increas-
ing situation awareness (e.g., [102, 1), should only be implemented
when adjusting the automation level alone cannot adequately compen-
sate for low driver involvement. Drivers should retain the freedom to
rest or disengage from the driving task, so long as doing so does not
significantly increase the risk.

Actions on the environment to reduce its complexity may include,
e.g., improving road infrastructure and design, for instance, following
the principles of Self-Explaining Roads [320], which aim to encourage
safe behavior through intuitive road layouts. However, such interven-
tions can only be implemented occasionally and require substantial



time and financial resources.

Finally, once such a system is implemented, its acceptability and us-
ability must be thoroughly investigated. These aspects hinge largely on
the design of the , Which should support efficient cooperation be-
tween the driver and the vehicle. Drivers must clearly understand their
role in the human-machine partnership and be able to form accurate
mental models of how the system operates and why it adapts in real
time. Although recent work has addressed these challenges [64, 1,
much remains to be explored.






Insights and Perspectives of the
Thesis

Completing a PhD thesis is a long journey. Few candidates, | believe,
can foresee the precise direction their research will take from the out-
set—and that was certainly not my case. This conclusion looks back
on the path followed throughout the thesis, describing what was ac-
complished at each stage and reflecting on the ideas and events that
ultimately shaped its final content and form.

8.1 Part

At the beginning, my initial focus was on driver monitoring and, more
precisely, on characterizing the state of drivers from camera images.
The field was gaining importance, but it was completely new to me.
Therefore, | began by conducting a survey on driver monitoring, which
proved to be a valuable way to enter the topic, understand its founda-
tions, and fuel reflection on its future directions.

This work resulted in a publication [115], on which Chapter 2 is
based. In this work, we identified five key driver states relevant to
driving safety: drowsiness, mental workload, distraction, emotions,
and under the influence. In Chapter 2, we focus on mental workload
and distraction, and synthesize our findings using a pair of interlocked



tables that relate these states to their indicators and the indicators to
the sensors providing access to them. The chapter also discusses
the role of driver monitoring across the six levels of driving
automation.

Many conclusions, insights, and perspectives emerged from this first
work. However, two of them had a decisive impact on the rest of my
PhD. First, | realized that driver monitoring plays a crucial role in en-
suring safety—at all levels of driving automation except the very last
one—but that its potential extends far beyond issuing warnings, which
was essentially its primary purpose at that time. Second, the survey
also revealed that elements from the driver, the vehicle, and the en-
vironment could serve as indicators to characterize the driver’s state.
Hence, all three should ideally be monitored and considered for safety.
These two reflections ultimately led to the DEV framework introduced
in Chapter

After completing the survey, our discussions thus naturally evolved
toward broader questions: How can driver monitoring be integrated with
driving automation to mitigate risk? and How involved should the driver
be in driving automation? These questions guided the remainder of
the thesis and led to the idea of a closed-loop system, in which driver
monitoring would continuously inform and adapt the system behavior.
Naturally, such a system would have to consider the driver, the vehicle,
and the environment, as well as their dynamic interplay.

8.2 Part

The question of this interplay between the driver, the vehicle, and the
environment became central. To explore it, we designed a human study
to analyze how drivers interact with automation depending on their cog-
nitive state and the complexity of the driving environment. Obviously,
it was not possible within a single study to investigate all five identi-
fied driver states, all driving automation levels and/or features, and all
factors influencing the complexity of the driving environment. We there-
fore made deliberate choices, selecting one specific element for each
of the three components. We investigated, through a controlled driv-
ing simulator experiment, how and when drivers activate or deactivate

depending on their cognitive load and
traffic conditions. This study, presented in Chapter 3, provided a bet-



ter understanding of how the driver’s cognitive state and the driving
environment complexity influence reliance on
and how such reliance affects driving performance.

Yet, even as my interests broadened toward driving automation and
the driving environment, | remained convinced that the key to safer driv-
ing lies in understanding drivers and the ability to characterize their
state. Therefore, | took the opportunity to further analyze the data col-
lected during the simulator study to examine physiological and behav-
ioral indicators of driver cognitive distraction, such as

and gaze parameters, under varying environment com-
plexity and use. This work, described in Chapter 4, deepened the
understanding of the relationships between driver state, automation,
and environment.

The studies presented in these two chapters represent important
steps toward understanding the interplay between the driver, the ve-
hicle, and the environment. However, much remains to be done. Other
elements of the driver state (e.g., drowsiness, visual distraction, emo-
tions), aspects of vehicle automation (e.g., different features or lev-
els), and factors of driving environment complexity (e.g., weather, road
types) still need to be analyzed and better understood.

8.3 Part

In parallel, as we soon realized that accounting for the driving envi-
ronment was essential to the driver-vehicle cooperation, | focused on
its analysis from a computer vision perspective—an area well aligned
with my research team’s expertise. In Chapter 5, | first devoted time
to generating a synthetic dataset for the task of semantic segmenta-
tion, composed of long video sequences captured from vehicles driv-
ing in dynamic environments and featuring both spatial diversity and
varying weather conditions. The task of semantic segmentation of driv-
ing scenes, which consists of assigning a class label to every pixel in
an image, provides valuable knowledge about the content of the driv-
ing environment. Furthermore, such data are essential to ensure that
perception models embedded in vehicles can adapt and remain robust
under dynamic conditions. The generated dataset, called the Driving
Agents in Dynamic Environments (DADE) dataset, was used in [97] to
evaluate a new Multi-Stream Cellular Test-Time Adaptation (MSC-TTA)



method, in which models adapt on the fly to dynamic environments di-
vided into cells.

Then, in Chapter ©, | explored, together with my collaborators, how
to characterize the driving environment. Specifically, we focused on
predicting the likelihood of different weather conditions from images
captured by vehicle-mounted cameras. The ability to characterize the
environment not only supports the design of context-aware driving au-
tomation but also provides essential information for driver-vehicle coop-
eration and the allocation of control. It can help determine whether it
is safer to let the driver drive, to rely on automation, or, for instance, to
enable a cooperative mode between the two.

Note that several recent research projects (e.g., AI-SEE [11], Hi-
Drive [130], and EVENTS [/5]) aimed at improving perception models
in adverse weather conditions to extend the of driving automation
systems.

However, the environment remains the most overlooked component
in the interplay among the driver, the vehicle, and the environment. For
instance, it is still unclear how to quantify the environment complexity
to support adaptive automation.

8.4 Part

Finally, this body of work converged in the Driver-Environment-Vehicle
(DEV) framework, presented in Chapter 7, which integrates the three
key components of the driving task into a closed-loop approach for
risk-aware adaptive driving automation. This framework addresses the
question of how driver and environment monitoring can be used to
adapt automation and support safe and efficient cooperation between
the human driver and the vehicle automation. It highlights how a better
understanding of the interplay between the driver, the vehicle, and the
environment, together with risk modeling, can enable more informed
decisions on how the driving task can be shared between the driver
and the automation.

It is worth noting that the question of how to navigate the intermedi-
ate levels of vehicle automation is particularly timely. In this regard, the
very recent work of van Nes et al. [326] adopts a perspective closely
aligned with the one developed in this thesis, advocating for human-
centered approaches to automation. They introduce concepts—such



as the Driver/Automation Fitness Plane, which shares similarities with
our Fig. 7.2, and the mediator approach, which resonates with the prin-
ciples underlying our DEV framework—designed to foster safer and
more intuitive interactions between humans and automated systems.
This convergence of ideas across independent research efforts under-
scores the relevance and timeliness of human-centered adaptive au-
tomation as a promising direction for the future of driving.

Of course, much remains to be done to operationalize the DEV
framework. It opens numerous avenues for future research: from
refining driver state estimation and environment characterization to
implementing adaptive control strategies in real vehicles. Ultimately, |
hope that this work contributes to shaping a future of human-centered,
adaptive driving automation, where technology enhances our ability to
drive safely.

The road toward safe and cooperative driving automation is still long,
but each contribution brings us closer to it. By integrating the driver,
the vehicle, and the environment into a unified perspective, | hope this
thesis helps pave the way for systems that adapt to humans, rather than
the other way around.






Supplementary material for
Chapter

Chapter 2 reviews the state of the art in driver monitoring, with a partic-
ular focus on existing approaches for characterizing the driver's mental
workload and distraction. It synthesizes these approaches to provide a
unique, structured, polychotomous view of the diverse techniques used
for driver state characterization. This perspective is illustrated through a
pair of interlocked tables that relate these states to their indicators and
the sensors that can access each of these indicators. The structure of
these tables was mainly informed by conclusions drawn from a prelimi-
nary analysis of an initial set of references, summarized in Section

A.1  More Details on the Survey of Literature on
Driver Monitoring

Following the strategy described in Section to build an initial set of
references, the screening process yielded 56 references. A summary
of each reference, detailing the states, indicators, and sensors consid-
ered therein, is provided in Tables to , respectively. The test
conditions are also reported in Table A.3. For clarity, the information is
organized into three separate tables.



A.1.1 Structure and Content of the Table Organizing the Ini-
tial Set of References

We used the conclusions drawn in Section to design the structure
of Tables to for organizing the 56 initial references in a useful
way.

The 56 references are listed, in each table, in the first column, la-
beled “References”, by alphabetical order of first author. Following the
first column, we have for each table one of the three key items, namely
states (Table A.1), indicators (Table A.2), and sensors (Table A.3). The
last column of Table , labeled “Tests”, indicates whether the tech-
nique or system described in a reference was tested in the laboratory,
in real conditions (“in the wild”), or both.

In Table , the 5 columns next to the references correspond to
the 5 (sub)states of interest. In Tables and , the indicators
and the sensors are divided into 3 categories corresponding to the 3
previously-listed items that a should
ideally monitor, that is, the driver, vehicle, and environment. The col-
umn corresponding to the indicators for the driver is further divided into
3 subcolumns corresponding to the qualifiers “physiological”, “behav-
ioral”, and “subjective”. Some other columns could be further subdi-
vided, such as for “Distraction” in Table , but the table deals with
such additional subdivisions in a different way.

In the following, we successively describe the content of the three
tables.

States

For each of the 56 papers, we indicate which particular (sub)state(s) it
addresses. If a paper addresses drowsiness, we place the checkmark
“V”in the corresponding column, and similarly for mental workload. For
the three other states, we either use a general “V” or give more specific
information, often via an abbreviation. There are four types of distrac-
tion, that is, manual, visual, auditory, and cognitive, respectively abbre-
viated via man, vis, aud, and cog. These types are self-explanatory,
but they are addressed later. For emotions, we indicate the type, that
is, stress or anger (ang). For under the influence, we also indicate the
type; in all cases, it turns out to be alcohol (alc).



As an example, the second paper, by Alluhaibi and Moyaid [14], ad-
dresses drowsiness, distraction, and the emotion of anger.

All abbreviations used in Table and the two other tables are de-
fined in Table

Indicators

The indicator(s) used by a paper is (are) indicated in the same way as
above, using the abbreviations defined in Table

Sensors

The sensor(s) used by a paper is (are) indicated in a similar, but not
identical, way. If a sensor is embedded in a mobile device (typically
a smartphone), rather than in the vehicle, we add a “*”, leading to
“cam*”/*mic*” for a camera/microphone of a mobile device. In the ve-
hicle column, “V” indicates that the sensor is integrated in the vehicle,
whereas “V*” indicates that it is part of a mobile device. For exam-
ple, the vehicle speed can be obtained via the
system/bus or a mobile device.



Table A.1: Initial set of references: States (Part 1). This table presents the state(s)
addressed by each reference. For readability, the indicators, sensors, and test condi-
tions are detailed in separate tables. The first column lists, in alphabetical order of the
first author, the 56 references identified in our survey on driver monitoring and related
systems ( s). The next five columns correspond to the five states identified during
the preliminary analysis of the initial set of references.

References Drowsiness Mental Distraction Emotions Under the
Workload Influence

-

Ahir and Gohokar [“] Vv
Alluhaibi and Moyaid
[14] 4 \ \ ang
Arunetal. [17] vis, cog
Balandong et al. [21]
Begum [25]
Chacon-Murguia and
Prieto-Resendiz [4 1]
Chan et al. [42]
Chhabra et al. [45]
Chowdhury et al. [46]
0 Chungetal. [47] stress
Coetzer and Hancke
[50]
Dababneh and Gindy
[56]
Dahiphale and Rao
[57]
14 Dong et al. [65]
15 ElKhatib et al. [70]

16 Ghandour et al. [95]

17 Hechtetal. [125]
18 Kang[151]

19 Kaplanetal. [157]
20 Kayeetal. [155]

21 Khan and Lee [155]

Vv stress

Vv alc

< << < <<

2ol N o |ofafw N

\ \

Vv
man, vis, cog
man, vis,
aud, cog
\Y Vv
Vv
Vv

<<

stress

stress
man, vis,
aud, cog

< << <<

Kumari and Kumar
(171

23 Laland Craig[172]

24 Laouzetal. [173]

25 Leonhardt et al. [183]

26 Liuetal [201] Vv

27 Marquartetal. [211] \

o8 Marina Martinez ang
etal. [210]

29 Mashko [213]
Mashru and Gandhi

N
N
<

< <

[214]
31 Melnicuk et al. [718]
32 Mittal et al. [224]
33 Murugan et al. [229]
34 Nairetal. [231]
35 Némcova et al. [239]

\ cog stress, ang

Vv alc
stress

< << << < <K




Table A.1: Initial set of references: States (Part 2). This table presents the state(s)
addressed by each reference. For readability, the indicators, sensors, and test condi-
tions are detailed in separate tables. The first column lists, in alphabetical order of the
first author, the 56 references identified in our survey on driver monitoring and related
systems ( s). The next five columns correspond to the five states identified during
the preliminary analysis of the initial set of references.

References Drowsiness Mental Distraction Emotions Under the
Workload Influence

36 Ngxande et al. [236] Vv
Oviedo-Trespalacios
37
etal. [244]

38 rape]mtomou etal.

39 Pratama et al. [263] Vv
40 Ramzanetal. [270] Vv
41 Sahayadhas et al.

\ \

\ \

<

[284]
42 Scott-Parker [293] stress, ang
43 Seth [294]
44 Shameen et al. [297]
45 Sigari et al. [300]
Sikander and Anwar
46 [301]
Singh and Kathuria
[303]
48 Subbaiah et al. [317]
49 Tuetal [323]
Ukwuoma and Bo
[324]
51 Vilacaetal. [237]
Vismaya and Saritha
[334]
53 Wang et al. [343] Vv
54 Welch et al. [ stress, ang
55 Yusoff et al. [ vis, cog
56 Zhangetal. [ Vv

< << <
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Table A.2: Initial set of references: Indicators (Part 1). This table presents the
indicators addressed by each reference. For readability, the states, sensors and test
conditions are detailed in separate tables. The first column lists, in alphabetical order
of the first author, the 56 references identified in our survey on driver monitoring and
related systems (

s). The next columns correspond to the indicators.

brain, EDA

References Driver Vehicle Environment
Physiological Behavioral Subjective
v Wl wheel, lane
1 Ahir and Gohokar [“] HR, brain PERCLOS, § ’
. speed
facial, body
2 Alluhaibi and Moyaid speech wheel, lane,
[14] P brake, speed
HR, brain, gaze, blink, wheel, lane,
8 Amnetal.[17] EDA, pupil body v brake, speed
gaze, blink, wheel, lane
4 Balandong et al. [21] HR, brain PERCLOS, \ ’ ’
brake, speed
body
5 Begum [25] HR, brain
6 Chacon-Murguia and HR; brain, gaze, blink, wheel, lane,
Prieto-Resendiz [4 1] EDA body brake, speed
. blink, wheel, brake,
7 Chanetal. [47] HR, brain PERCLOS,
. speed
facial, body
gaze,
8 Chhabraet al. [45] breath PERCLOS, wheel road
facial, body
HR, brain, blink,
9  Chowdhury et al. [46] EDA PERCLOS
HR, breath, wheel, lane
10 Chungetal. [47] brain, EDA, speech \" ’ i
) brake, speed
pupil
gaze,
11 [Co]etzer and Hancke o PERCLOS., whseegtl;ajne,
facial, body P
) . blink,
12 Dababneh and Gindy bram,E'DA, PERCLOS., wheel, lane, road
[56] pupil body speed
13 Dahiphale and Rao gaze, blink, wheel
[57] facial, body
. gaze, blink,
14 Dong et al. [65] HR’fr;‘I"”' PERCLOS, v Wh:e;;”e' road, wea
pup facial, body P
gaze, blink,
HR, breath,
15 El Khatib et al. [70] brain, EDA, PERCLOS, wheel, lane,
) facial, body, speed
pupil hands
HR, breath, gaze, facial, wheel, brake,
16 EleEe Gielk -] brain, EDA body, speech vy speed
. gaze, blink,
17 Hecht et al. [125] EDRAbrimi'l PERCLOS, v
»pup facial, body
18 Kang [151] HR, breath, gaze, blink, wheel, lane,
9 brain, EDA facial, body brake, speed
gaze, blink,
) PERCLOS, wheel, lane,
19 Kaplan etal. [157] HR, brain facial, body. brake, speed
speech
20 Kayeetal. [155] HR, breath, \




Table A.2: Initial set of references: Indicators (Part 2). This table presents the
indicators addressed by each reference. For readability, the states, sensors and test
conditions are detailed in separate tables. The first column lists, in alphabetical order
of the first author, the 56 references identified in our survey on driver monitoring and
related systems (

s). The next columns correspond to the indicators.

Driver

References Physiological Behavioral _ Subjective Vehicle  Environment
) gaze,
21 KhanandLlee[5e] | h.0r@in. pepeiog, wheel, lane,
EDA brake, speed
body
. gaze, blink,
22 r””‘]a” and Kumar HR, brain PERCLOS, v wheel, lane
body
. HR, brain, PERCLOS,
23 Lal and Craig [172] EDA facial
. blink,
24 Laouz etal.[173] HR, brain, PERCLOS, v wheel, speed
EDA .
facial, body
25 Leonhardt et al. [183] HR, breath
. gaze, blink,
26 Liuetal. [201] HR’S'?'”' PERCLOS, Whgege'zne'
pupl body P!
. gaze, blink,
27 Marquartetal. [211] pupil PERCLOS \
28 Marina Martinez brake, speed
etal. [210]
HR; brain, gaze, blink, wheel, lane,
29 Mashko [21°] EDA body brake, speed
. blink,
30 {V'as;"“ and Gandhi HR,breath ~ PERCLOS, v wheel, lane
facial, body
AL wheel, brake
31 Melnicuk et al. [218] HR, brain PERCLOS, ? ’ road, traf, wea
. speed
facial
) blink,
32 Mittal et al. [224] Hvarﬁ““' PERCLOS, v g:zlfg';'agza
pupl body ,Sp
HR, breath, blink, wheel. lane
33 Murugan et al. [229] brain, EDA, PERCLOS, \ ? !
" speed
pupil body
gaze,
34 Nairetal. [231] PERCLOS, lane
facial, body
gaze, blink,
35 Némcovaetal [23c] | HR breath, PERCLOS, wheel, lane,
brain, EDA . brake, speed
facial, body
blink,
36 Ngxande et al. [236] PERCLOS,
facial, body
37 Oviedo-Trespalacios aze wheel, lane,
etal. [244] 9 brake, speed
Papantoniou et al. HR, breath, gaze, blink, wheel, lane,
38 ) Vv
[247] brain speech speed
gaze, blink,
HR, brain, PERCLOS,
39 Pratama et al. [263] EDA facial, body. \% wheel, lane
hands
blink,
40 Ramzan etal. [270] HR, breath, PERCLOS, wheel, lane,
brain . speed
facial, body




Table A.2: Initial set of references: Indicators (Part 3). This table presents the
indicators addressed by each reference. For readability, the states, sensors and test
conditions are detailed in separate tables. The first column lists, in alphabetical order
of the first author, the 56 references identified in our survey on driver monitoring and
related systems (

s). The next columns correspond to the indicators.

Driver . .
References Physiological Behavioral Subjective Vehicle Environment
. gaze, blink,
41 [Sahz]*yadhas sitell HR*{E’?'”* PERCLOS, v wheel, lane
pup body
HR, brain, . wheel, lane,
42 Scott-Parker [293] EDA gaze, facial \ brake, speed traf
43 Seth [294]
44 Shameen et al. [297] brain gaze, blink
gaze, blink,
45 Sigari et al. [300] PERCLOS,
facial, body
. . gaze, blink,
46 [Slka]nder and Anwar HR,L?rﬁm, PERGCLOS, v el (e
pup body
. . gaze, blink,
47 Singh and Kathuria pupil PERCLOS. wheel, brake, road, traf
[303] . speed
facial
) blink,
48 Subbaiah etal. [312] HRﬁ’r;"”' PERCLOS,
pup facial, body
blink, wheel, lane
49 Tuetal [323] HR, brain PERCLOS, ? !
. speed
facial, body
blink,
50 Ukwuoma and Bo HR, brgath, PERCLOS, wheel, lane,
[324] brain . brake
facial, body
" . wheel, lane,
51 Vilacaetal. [231] brain gaze, body brake, speed
) . gaze, blink,
50 E/|srr}aya and Saritha PERGLOS.
body
gaze, blink,
53 Wang et al. [343] brain, pupil PERCLOS, lane
body
HR, breath, blink, facial, wheel, brake,
54 Welchetal. [554] brain, EDA speech speed
HR;, brain,
55 VYusoff etal. [377] EDA., pupil gaze, body \ lane, speed
gaze, blink,
56 Zhangetal. [251] HR, brain PERCLOS, lane, speed
body




Table A.3: Initial set of references: Sensors (Part 1). This table presents the sen-
sors and test conditions addressed by each reference. For readability, the states and
indicators are detailed in separate tables. The first column lists, in alphabetical order
of the first author, the 56 references identified in our survey on driver monitoring and
related systems ( s). The three following columns correspond to the sensors and
the last column corresponds to the test conditions.

References Driver Vehicle Environment Tests
1 Ahir and Gohokar [] cam, elec extcam real, sim
2 [AIILiha|b| and Moyaid cam*, mic* v
3 Arunetal. [17] cam,wead,eyet Vv sim
4 Balandong et al. [21] elec sim
seat, stew, )
5 Begum [25] safb, wead real, sim
p Chemerrlnligs are stew, cam radar real
Prieto-Resendiz [4 1] ?
7 Chanetal. [47] cam*, mic* real
8 Chhabraetal. [45] seat, cam*, mic* V* real, sim
9  Chowdhury et al. [46] sim
10 Chungetal. [47] cam,wead \Y real, sim
Coetzer and Hancke .
11 [50] cam \Y real, sim
12 ;Da?abneh and Gindy cam,wead radar real, sim
13 ;Dar]uphale and Rao cam real
14 Dong et al. [65] cam \Y real
15 ElKhatib et al. [70] cam Vv* extcam, radar real, sim
16 Ghandour et al. [95] cam,wead real, sim
17 Hechtetal. [125] elec,eyet real, sim
18 Kang[151] seat, stew,cam \Y real, sim
19 Kaplan et al. [152] St? ‘Q"' cam’, \Y real, sim
mic*, wead
20 Kayeetal [155] real, sim
21 Khan and Lee [158] wead real
Kumari and Kumar
22 [71] cam
23 Laland Craig [177] cam sim
24 Laouzetal. [173] seat,cam,wead extcam real
25 Leonhardtetal. [183] seat, stew, real
safb,cam
26 Liuetal [201] cam \ real
27 Marquart etal. [2711] eyet real, sim
8 Marina Martinez v
etal. [210]
29 Mashko [213] cam,wead Vv extcam, radar real, sim
Mashru and Gandhi seat, stew, .
30 sim
[214] cam,wead
31 Mehicuk etal. [215] | S°2bStew,safb, v real
cam*, wead
32 Mittal et al. [224] cam, elec \Y extcam real
33 Murugan et al. [229] cam, elec Vv sim
34 Nairetal. [231] seat,cam* Vv radar
35 Némcova et al. [239] seal, stew, cam, \Y real, sim
wead, eyet




Table A.3: Initial set of references: Sensors (Part 2). This table presents the sen-
sors and test conditions addressed by each reference. For readability, the states and
indicators are detailed in separate tables. The first column lists, in alphabetical order
of the first author, the 56 references identified in our survey on driver monitoring and
related systems ( s). The three following columns correspond to the sensors and
the last column corresponds to the test conditions.

References Driver Vehicle Environment Tests

36 Ngxande et al. [236] cam

37 Oviedo-Trespalacios real, sim
etal. [244]

38 rap?ntonlou etal. cam extcam, radar real, sim

39 Pratama et al. [263] cam,wead, elec extcam real, sim

40 Ramzan et al. [270] cam,wead, elec \Y real, sim

41 Sahayadhas et al. seat, stew, v el i
[284] cam,wead

42 Scott-Parker [293] eyet extcam real, sim

43 Seth [294] cam Vv real

44 Shameen et al. [297] elec sim

45 Sigari et al. [300] cam real
Sikander and Anwar seat, stew, safb,

46 real
[301] cam,wead, elec

47 [Smg]h and Kathuria cam,wead \Y extcam, radar real

48 Subbaiah et al. [317] cam real, sim

49 Tuetal [323] cam*, wead, elec \Y real, sim
Ukwuoma and Bo

50 (2] cam,wead, elec real

51 Vilacaetal. [231] cam, mic Vv extcam

52 E/|sn]aya and Saritha cam, eyet real, sim

53 Wang et al. [343] cam,wead real, sim

54 Welch et al. [354] seal, stew, \Y real, sim

cam,wead
55 Yusoff etal. [377] eyet

56 Zhang et al. [281] cam extcam real, sim




Table A.4: List of abbreviations. The table defines the abbreviations used in Ta-

ble , Table

, and Table

according to the different columns.

. They are listed in alphabetical order and organized

States Indicators Sensors Tests
Distraction Driver Driver real real conditions
aud auditory blink blink dynamics cam camera sim | simulated conditions
cog cognitive body body posture elec electrode(s)
man manual brain brain activity eyet eye tracker
vis visual breath breathing activity mic microphone
Emotions EDA | electrodermal activity safb safety belt
ang ‘ anger facial facial expressions stew steering wheel
Under the Influence | hands hands parameters Environment
alc ‘ alcohol HR heart rate/activity extcam | external camera
pupil pupil diameter
Vehicle
brake braking behavior
lane lane discipline
wheel wheel steering
Environment
road road geometry
traf traffic density
wea weather







Supplementary material for
Chapter

Chapter 3 presents a simulator study aiming at examining whether
drivers’ cognitive state and the complexity of the driving environment
influence reliance on , and whether such
reliance, in turn, affects driving performance. During this study, par-
ticipants completed two types of questionnaires: a pre-test question-
naire at the beginning and a feedback questionnaire after each drive
in the simulator. Both questionnaires are respectively provided in Sec-
tions and

B.1 Pre-Test Questionnaire

The pre-test questionnaire aimed at collecting demographic and study-
specific data. To gain insights on participants’ experience and habits,
we asked them to rate their familiarity with, use of, and attitude to-
ward , driving automation features and systems on five-point Likert
scales.

The pre-test questionnaire is available on the next pages.



Pre-Test Questionnaire

Participant ID:

Demographic data
What is your age?

What is your gender?

How long have you had your driver’s license?

What is your manual preference (motor laterality)?
RIGHT-HANDED LEFT-HANDED AMBIDEXTROUS AMBIMANUAL?

o} \ o o} o}

Study-specific data

Do you sometimes confuse left and right?
YES NO

(0] 0]

How often do you drive?
EVERY DAY SEVERAL TIMES A WEEK SEVERAL TIMES A MONTH

(0] (0] 0]

How many kilometers do you drive on average per year?

BETWEEN 5,000 AND 10,000
LESS THAN 5,000 KM/YEAR MORE THAN 10,000 KM/YEAR
KM/YEAR
0 \ o} \ o}

What type(s) of vehicle(s) do you usually drive?

GASOLINE DIESEL ELECTRIC HYBRID
o} \ 0 \ o} \ o}
MANUAL TRANSMISSION AUTOMATIC TRANSMISSION
o} \ 0

1 An ambidextrous person is someone who can use either hand interchangeably for all activities and is
equally skilled with both hands.

2 An ambimanual person is someone who performs certain activities with one hand and others with the
other (e.g., writing with the right hand and playing tennis with the left hand).



How many different vehicles do you regularly drive?
ONLY ONE TWO MORE THAN TWO

0] (0] 0]

Before participating in the study, did you know what cruise control is?
YES NO

(0] 0]

Have you ever driven a vehicle equipped with cruise control?

YES, AN ADAPTIVE OR
YES, BUT ONLY A STANDARD
NO, NEVER. INTELLIGENT CRUISE CONTROL
CRUISE CONTROL SYSTEM.

SYSTEM.
0] 0} o
Do you regularly drive a vehicle equipped with cruise control?
SEVERAL TIMES A SEVERAL TIMES A
NEVER RARELY EVERY DAY
MONTH WEEK
0} 0 0 0} 0}
Do you regularly drive a vehicle equipped with adaptive cruise control?
SEVERAL TIMES A SEVERAL TIMES A
NEVER RARELY EVERY DAY
MONTH WEEK
o 0 | 0 | o o
How long have you been driving a vehicle equipped with cruise control?
LESS THAN A YEAR MORE THAN A YEAR NOT APPLICABLE
0 | 0 | 0

Do you regularly activate driving assistance features (e.g., cruise control, lane-keeping assist)?

NEITHER YES
NOT AT ALL RATHER NOT RATHER YES COMPLETELY
NOR NO
(0] 0] 0] (0] (0]

For what reason(s)?

Are you in favor of driving assistance features (e.g., cruise control, lane-keeping assist)?

NEITHER YES
NOT AT ALL RATHER NOT RATHER YES COMPLETELY
NOR NO
0] o o 0] 0]

For what reason(s)?




Are you in favor of (semi-)autonomous vehicles?

NEITHER YES
NOT AT ALL RATHER NOT RATHER YES COMPLETELY
NOR NO
O 0] 0] 0] (0]

For what reason(s)?

Is there any other information you would like to share?




B.2 Feedback Questionnaire

After each scenario, participants completed a feedback questionnaire,
collecting, e.g., information about the reasons for engaging or not en-
gaging the

The feedback questionnaire is available on the next pages.



Feedback Questionnaire

Participant ID:
Session:

During this session...

NEITHER
STRONGLY SOMEWHAT AGREE SOMEWHAT STRONGLY
DISAGREE DISAGREE DISAGREE NOR AGREE AGREE AGREE
DISAGREE
Driving safely
was (0] (0] (0] 0] (0] 0} 6}
complicated.
| was
distracted. 0 0 0 0 0 0 0
| was tired. (0] 0 0 (0] 0 (0] 0
The driving
environment
was complex
(traffic, 0] o} e} 0] o} O o
roadwork,
etc.).

When | activated driving assistance features during this session, it was because...

NEITHER |
STRCY’NGL DISAGRE SOMEWHA Aﬁg;E SOMEWHA  AGRE STRONGL D(':’rN
DISAGREE £ TDISAGREE  pisagre T AGREE £ YAGREE  yno
E w
The traffic
condition
s allowed 0 0 o 0 0] o} 0 0
it.
It helped
me
Althe 0 0 0 0 0 0 0 0
all the
driving
tasks.
1 t
-was 00 0 0 . 8 o o o o
tired.
It helped
me
|
comply 0 0 0 0 0 0 0 0
with
speed
limits.
Other
0] (0] (0] (0] (0} 0 0 0
reason(s).

If other, please specify:



When I did not activate driving assistance features during this session, it was because...
NEITHER 1
STRONGL DISAGRE SOMEWHA ASSEE SOMEWHA AGRE STRONGL DON
DISAGREE E TDISAGREE | o e T AGREE E YAGREE |\
E w
The traffic
conditions
did not
allow it.
My
condition
allowed
me to
drive
without
assistance

(0] (0] (0] (0] (0] (0] 0] (0]

1 did not
feel like
activating
driving
assistance

| wanted
to stay
active
/engaged.
1 did not
think (0] (0] (0] (6] (0] (0] 0 (6}
about it.

| was too
busy to
activate
it.

The
driving
assistance
did not
behave as
expected.
Other 0 0 0 0 0 0 0 0
reason(s).

If other, please specify:




When | deactivated driving assistance features during this session, it was because...

NEITHER |
STRONGL DISAGRE SOMEWHA ASSEE SOMEWHA AGRE STRONGL DC.I)_N
DISAGREE E T DISAGREE DISAGRE T AGREE E Y AGREE KNO
E W
The traffic
conditions
X (0] (0] (0] (0] (0] (0] 0 (0]
required
it.
I no
longer
needed (0] (0] 0 0 0 0 0 (6]
assistance
The
driving
assistance
X (0] (¢} (0] (0] (0] (0] 0] (0]
did not
behave as
expected.
Other
(0] (0] (0] (0] (0] (0] 0 (0]
reason(s).
If other, please specify:
Compared to the previous session...
MUCH NEITHER EASIER NOR MUCH
EASIER EASIER HARDER HARDER HARDER
How was driving in the
. € 0 0 0 0 0
simulator?
How was using the drivin
& € ‘ 0 0 0 0 0

assistance features?



Supplementary material for
Chapter

Chapter 5 presents a new multi-stream large-scale synthetic semantic
segmentation dataset, called DADE, motivated by a novel Multi-Stream
Cellular Test-Time Adaptation (MSC-TTA) setup in which models adapt
on the fly to a dynamic environment divided into cells. DADE was used
to evaluate a real-time adaptive student-teacher method that leverages
the multiple streams available in each cell, obtained by dividing the en-
vironment based on location and weather conditions, to quickly adapt
to changing data distributions. Additional details regarding DADE (Sec-
tion ) and the experiments (Section ) are provided hereafter.

C.1 More Details on DADE

C.1.1 Ground-Truth Labels

Table provides the complete comparison between the semantic
segmentation classes of the Cityscapes dataset, the CARLA simulator,
and our DADE dataset. The Cityscapes dataset contains 33 different
semantic classes, CARLA 29, and DADE 26. Our DADE dataset takes
the intersection of the class definition between Cityscapes and CARLA.
The classes not included in the intersection are projected to the “un-



Table C.1: Comparison of class definition between Cityscapes [52], CARLA [66],
and our DADE dataset.

Cityscapes | CARLA | DADE
name | training | evaluation || name | name | training | evaluation
unlabeled unlabeled unlabeled
static static static
dynamic dynamic dynamic
ground ground ground
road v v road road v v
sidewalk v v sidewalk sidewalk v v
rail track rail track rail track
building v v building building v v
wall v v wall wall v v
fence v v fence fence v v
guard rail guard rail guard rail
bridge bridge bridge
pole v v pole pole v v
traffic light v v traffic light traffic light v v
traffic sign v v traffic sign traffic sign v v
vegetation v v vegetation || vegetation v v
terrain v v terrain terrain v v
sky v v sky sky v v
person v v person person v v
rider v v rider rider v v
car v v car car v v
truck v v truck truck v v
bus v v bus bus v v
motorcycle v v motorcycle || motorcycle v v
bicycle v v bicycle bicycle v v
ego vehicle ego vehicle || ego vehicle
rectification border other
out of roi road line
parking water
tunnel
caravan
trailer
train




labeled” class, except for “road line” which is projected to “road”. The
classes used in training and evaluation for DADE are the same as the
ones of Cityscapes.

C.1.2 Sequence Lengths

In Fig. , we show the distribution of the sequence length for the
100 sequences of DADE-static. As can be seen, our dataset contains
a lot of short and long sequences, with an average sequence length of
45 minutes. Similarly, Fig. shows the distribution of the sequence
length for the 300 sequences of DADE-dynamic. It can be noted that
the distribution follows the same trend as for DADE-static, with a similar
average sequence length of 40 minutes.

C.2 More Details on the Experiments

C.2.1 Experimental Settings
Environment Division

We consider six scenarios based on the division of the environment into
cells.

@ The Baseline scenarios correspond to multiple independent
streams on which independent agents adapt (C = N), ie,
ARTHuS [49] and Houyon et al. [134].

@ The Common scenario aggregates the multiple data streams into
a single stream, on which one common model adapts (C' = 1).

(3) The Spatial scenario leverages the different locations of our
dataset to split the environment into cells (C' = 7).

@ The Weather scenario temporally divides the environment based
on the weather (C' = 3: clear, rainy, foggy).

@ The Daylight scenarios temporally divide the environment based
on the time period (C' = 2: day, night).

(6) The Specific scenario considers each combination of location,
weather condition, and time period (C = 42).
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Figure C.1: Distribution of sequence lengths. The (a) DADE-static and (b) DADE-
dynamic datasets have respectively an average sequence length of 45 and 40 minutes,
with durations ranging from a few minutes to two hours.
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Pretraining

We choose the same model architecture for all agent models f, and
cell-specific student models S... Following the work of Cioppa et al. [49],
we select TinyNet: a lightweight semantic segmentation model operat-
ing in real time. The pretraining set is divided into a training set and
a validation set using a 90-10% split. For each scenario, we evaluate
3 pretraining techniques. The General pretraining consists in training
the student model on all samples of the training set, irrespective of the
division into cells. The Cell pretraining considers a separate model for
each cell ¢, trained on cell-specific samples. Finally, Scratch assigns
random weights (i.e., no pretraining). The models are pretrained with a
learning rate of 10~ using the Adam optimizer, and the best perform-
ing model over the validation set is selected. The number of epochs is
set to 3 for the General pretraining and scaled for each cell for the Cell
pretraining to match the number of backward passes and ensure a fair
comparison.

Testing

For a given scenario and pretraining procedure, we compare the
online performance (i.e., our adaptive method) with the offline per-
formance (i.e., a frozen pretrained model). We choose the teacher
model as a frozen state-of-the-art SegFormer [362] model trained on
Cityscapes [57”] that produces pseudo labels at a rate of r+ = 1/3 [Hz].
The replay buffers are chosen as FIFO buffers with a size R = 100,
updated at the same rate r+. Finally, the cell-specific student models
are trained online at a rate rs = 1/30 [Hz], with a learning rate of 1074,
batch size of 25 with the Adam optimizer, and the cross-entropy loss.
The model is only trained if the buffer contains new samples to prevent
overfitting.

For the online evaluation, we aggregate the confusion matrices over
a sliding window of 30[s] (imminent performance) for every agent in
every cell and compute the mean-Intersection-over-Union (mloU) as
defined in Houyon et al. [134]. Additionally, we propose to evaluate the
current model 5 minutes in the future (future performance) to assess
the capacity of the model to generalize to future samples. Finally, we
also compute the overall mloU for the entire test set (3 hours) and for
the last hour to assess the long-term performance. As an upper bound,



we also evaluate our method in a Multi-Stream Cellular Online Learning
(MSC-OL) setup by replacing the teacher pseudo labels with the true
ground-truth labels. We also compare our approach to the best method
proposed in Houyon et al. [134], which is equivalent to our Baseline
with a Maximal Interfered Retrieval (MIR) buffer, and report the offline
performances of the frozen teacher and student models, both trained
on Cityscapes [52].

C.2.2 Results
Quantitative Performances

Table shows the mean performance of the fleet in the different
settings on DADE-static. We observe that the baseline setups [49,

] are outperformed by our method for every scenario and pretrain-
ing, highlighting the benefits of using multiple streams when adapting
the models. For no pretraining (Scratch), the Spatial division of the
environment leads to the best results, indicating that leveraging cel-
lular information improves the models. For General pretraining, the
adapted Common and Spatial scenarios show better performance than
the frozen pretrained model, highlighting the benefits of adapting the
model online. In the MSC-TTA setup, the Cell pretraining outperforms
the General one, while it is the opposite in the MSC-OL setup, indicat-
ing that clean generic labels compensate for cell-specific ones.

We also provide the mean performance on DADE-dynamic in Ta-
ble . As can be seen, our method still outperforms the baselines.
Again, from Scratch, the Spatial scenario brings the best results, fol-
lowed by the Common scenario. However, temporal divisions such
as Weather, Daylight, and Specific lead to lower performances. While
DADE includes at least one vehicle in almost every location over time,
the same weather and daylight are applied to all locations simultane-
ously, leading to discontinuities in the availability of samples for time-
based cells. This temporarily stops the adaptation and slows down
model convergence. Longer sequences would allow the models to bet-
ter explore those cells. Finally, the Cell pretraining shows the best over-
all performance for the MSC-OL and MSC-TTA setups, showing the
advantage of dividing the environment into cells.



Table C.2: Mean loU performance on DADE-static weather. (a) The MSC-OL setup
leverages the CARLA segmentation masks as pseudo labels, while (b) the MSC-TTA
setup leverages pseudo labels from the teacher model. We compare several pretrain-
ing scenarios and adaptive (v') versus frozen (%) models. For each pretraining, the
best score is shown in bold and the second is underlined.

(a) MSC-OL setup

|| mioUimminent | mioU future

Pretraining | Scenario | Adapt || 3 hours | Lasthour | 3 hours | Last hour
Cityscapes [57] Student e 214 218 214 218
Teacher e 668 671 668 671
Baseline [49] v 223 249 .208 231
Scratch Baseline+MIR [134] v 173 194 164 188
Common v .338 .483 .316 .461
Spatial v .353 513 .328 .485
Baseline [49] v 435 442 415 446
Baseline+MIR [134] v 650 656 614 626
General Common v .702 .696 673 .692
Spatial v .700 .701 660 .701
Common * 650 658 650 658
Spatial v .658 .681 597 .682

Cell ) =27
Spatial e 634 660 .634 660
(b) MSC-TTA setup

|| mioUimminent | mioU future

Pretraining | Scenario | Adapt || 3 hours | Lasthour | 3hours | Lasthour
Cityscapes [57] Student * 214 218 214 218
yscap Teacher s 668 671 668 671
Baseline [49] v 274 .309 244 285
Scratch Baseline+MIR [134] v 181 .201 A71 195
Common v .340 .363 327 373
Spatial v .368 .440 .351 413
Baseline [49] v 422 442 397 425
Baseline+MIR [134] v 417 432 .401 423
General Common v 474 517 .461 .501
Spatial v 470 517 .462 .505
Common * 454 .450 454 450
Cell Spatial v .552 567 522 556
Spatial * 544 572 .544 572




Table C.3: Mean loU performance on DADE-dynamic weather (Part 1). (a) The
MSC-OL setup leverages the CARLA segmentation masks as pseudo labels, while
(b) the MSC-TTA setup leverages pseudo labels from the teacher model. We compare
several pretraining scenarios and adaptive (v') versus frozen (%) models. For each
pretraining, the best score is shown in bold and the second is underlined.

(a) MSC-OL setup

|| mioUimminent | mioU future
Pretraining | Scenario | Adapt || 3 hours | Lasthour | 3 hours | Last hour
Gityscapes [57] Student ES 159 130 159 130
Teacher ES 611 542 611 542
Baseline [49] v .204 197 167 167
Baseline+MIR [134] v 144 137 125 118
Common v 278 352 249 323
Scratch Spatial v 307 .397 .269 .358
Weather v .226 .295 .199 .279
Daylight v .245 .279 176 .259
Specific v .22 .204 .203 .187
Baseline [49] v .581 .546 .502 502
Baseline+MIR [134] v .567 .531 527 .480
Common v .644 .595 .613 .565
General Spatial v .654 .622 .606 .589
Weather v .641 .586 611 .562
Daylight v 636 603 572 585
Specific v 632 .602 .596 .559
Common o 618 581 618 581
Spatial v .662 .642 .609 .590
Weather v .634 .580 .607 .551
Daylight v .645 592 .620 577
Specific v 612 .582 .589 .554
Cell \
Spatial ke 642 606 642 .606
Weather * .565 528 .565 .528
Daylight ke 563 485 563 485
Specific * 447 .400 447 .400




Table C.3: Mean loU performance on DADE-dynamic weather (Part 2). (a) The
MSC-OL setup leverages the CARLA segmentation masks as pseudo labels, while
(b) the MSC-TTA setup leverages pseudo labels from the teacher model. We compare
several pretraining scenarios and adaptive (v') versus frozen (i%ﬁ) models. For each
pretraining, the best score is shown in bold and the second is underlined.

(b) MSC-TTA setup

|| mioUimminent | mioU future
Pretraining | Scenario | Adapt || 3 hours | Lasthour | 3 hours | Last hour
Gityscapes [57] Student eS 159 130 159 130
Teacher eS 611 542 611 542
Baseline [49] v 212 .190 173 173
Baseline+MIR [134] v 147 133 129 110
Common v 278 257 253 243
Scratch Spatial v 312 .300 .278 .276
Weather v .227 .216 .202 197
Daylight v .182 .198 150 .184
Specific v .233 .186 .218 .166
Baseline [49] v 471 .406 409 .409
Baseline+MIR [134] v .455 .386 427 .347
Common v .506 427 .483 405
General Spatial v .516 442 473 405
Weather v 507 429 .484 408
Daylight v 498 430 477 413
Specific v .500 437 471 .393
Common eS 476 403 476 403
Spatial v 527 .461 484 423
Weather v .509 427 .483 409
Daylight v 507 432 488 415
Specific v .500 438 .485 412
Cell . — —
Spatial * 488 409 .488 409
Weather ke 443 .384 443 .384
Daylight # 421 362 421 362
Specific B .349 .298 .349 .298




Evolution of the Fleet Performances

The evolution of the fleet performance over time is shown in Fig.

For visualization purposes, we aggregate the confusion matrices in
sliding windows of 8 minutes to compute the mloU. Regarding the
static weather (top row), the Baseline is outperformed by all settings of
our method. Interestingly, even if the baseline starts from pretrained
weights and our method from scratch, we outperform the baseline in
the MSC-OL setup and reach similar performances in the MSC-TTA
setup. Additionally, Cell pretraining with the Spatial scenario reaches
the best performance in the MSC-TTA setup for the whole duration,
keeping steady performance. This is crucial for autonomous vehicles
that need to operate similarly in all conditions.

We also show the performance for DADE-dynamic in Fig. (bot-
tom row). For both the MSC-OL and MSC-TTA setups, the Daylight
scenario with Cell pretraining produces the best performance before
nightfall, after which it drops while other scenarios, such as Spatial with
Cell pretraining, become better options. This is because the night mod-
els are not updated before nightfall, while the location-based models
are constantly updated during day, dusk, and night. Nevertheless, it
can be seen that the performance drops regardless of the scenario
or pretraining during nightfall, leaving room for improvement in future
works.

Qualitative Results

We qualitatively show the improvement of our multi-stream cellular
method over the ARTHuUS [49] baseline. To do so, we display in Fig.

the segmentation masks predicted by our method in two scenarios: the
Common scenario with General pretraining and the Spatial scenario
with Cell pretraining, and compare them to the masks predicted by
the Baseline and the ground truth labels. On the top row, we show a
vehicle driving in the countryside under static (clear) weather at the
end of the online training. We can see that the baseline confuses
some buildings with poles, and a car is misclassified as being part of
the road, while our method is able to correctly segment it. The Spatial
model produces the most accurate segmentation masks as it is able to
precisely segment the city and vegetation in the background and the
cars on the left. On the bottom row, we show a vehicle driving in the
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(d)) setup of the best adaptive settings along with the baseline for each pretraining
(Scratch, General, and Cell) using DADE-static weather ((a) and (b)) and DADE-
dynamic weather ((c) and (d)).



mloU

0.4 ,___n\./-/.\'\./l
Online adaptation '/.—_./._’_.\'__./4
===_No adaptation

0.3 B Spatial
® Common
X Baseline
( *

02, * Daylight s e ) B I

8000 9000 10000 11000 12000 13000 14000 15000 16000 17000
Time [s]

(¢) DADE-dynamic in the MSC-OL setup

Common
Baseline

Online adaptation S o--4
=== No adaptation
0.3 .
W Spatial
r Weather

* X 0 &

0.2
i Daylight

8000 9000 10000 11000 12000 13000 14000 15000 16000 17000
Time [s]

(d) DADE-dynamic in the MSC-TTA setup

Figure C.2: Evolution of the fleet performance over time (Part 2). Comparison
of the performance in the MSC-OL setup ((a) and (c)) and the MSC-TTA ((b) and
(d)) setup of the best adaptive settings along with the baseline for each pretraining
(Scratch, General, and Cell) using DADE-static weather ((a) and (b)) and DADE-
dynamic weather ((c) and (d)).



Figure C.3: Qualitative results. Comparison of different segmentation masks. From
left to right: RGB image, ground truth, Baseline, Common scenario with General pre-
training, and Spatial scenario with Cell pretraining. Black areas correspond to non-
evaluated classes.

low density residential location under static (clear) weather also at the
end of the online training. As can be seen, the Common model fails in
this cell because it needs to learn a broader data distribution and loses
accuracy due to its limited learning capacity. Contrarily, the Spatial
model is able to better learn that particular cell data distribution and
therefore produces the best results.

C.2.3 Additional Results
Analysis of Transiting Agents

In this section, we provide insights about the transition of agents be-
tween cells. Particularly, we study the evolution of the performance of
the models around cell transitions. Figure shows the mean perfor-
mance of the agents transiting from one cell to another, e.g., from a
specific location to another, or from one weather condition to another.
As can be seen, after the transition, the baseline method experiences
a decrease in performance, which remains low for a long period of
time. Contrarily, our method is able to recover much faster thanks to
the switch between the cell-specific models. It is also interesting to
observe that for both the MSC-OL and MSC-TTA setups, a temporary
drop of mloU score occurs right before a transition. This is probably
because a vehicle approaching another cell may already see content
from an adjacent cell while performing the task with the previous cell’s
model. For instance, a vehicle approaching the city center may record
an image with its frontal camera showing the city center while still be-
ing registered in another location (e.g., the countryside or the highway).
This means that the agent will use the wrong cell model to analyze the
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Figure C.4: Fleet performance around cell transitions (Part 1). Comparison of the
performance in the MSC-OL setup ((a) and (c)) and the MSC-TTA setup ((b) and (d))
of our method (best settings) with the baseline for each pretraining (Scraich, General,
and Cell) using DADE-static dataset ((a) and (b)) and DADE-dynamic ((c) and (d))
dataset. Confusion matrices of each frame are aggregated using a sliding window of
3 seconds. The results are shown 30 seconds before and after any cell transition that
the agents encounter during the 3 hours of testing.
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environment. This issue could be addressed using the method devel-
oped in Chapter 6, which enables the automatic recognition of a cell
rather than relying on predefined rules.

Cyclic Domain Shifts

In Table C.4, we present additional experiments on the dataset and the
best method proposed by Houyon et al. [134], namely Baseline+MIR,
alongside the performance of the frozen teacher and student trained on
the same set (namely, Cityscapes). The dataset and method [134] are
specifically tailored for cyclic domain shifts. The first two columns are
reported from Tables and C.3, for the 3 hours test sets.

Notably, our method demonstrates superior performance on DADE-
static, DADE-dynamic, and the cyclic dataset of Houyon et al. [134].
Furthermore, we see that the Baseline+MIR performs worse than the
baseline for DADE-static and DADE-dynamic, while it performs better
on the cyclic dataset of Houyon et al. [134].

Table C.4: Additional results for cyclic domain shifts. Comparison of the MSC-

TTA method with a frozen teacher, a frozen student, the Baseline [49], and Base-
line+MIR [134], on our DADE datasets and the dataset of Houyon et al. [134].
mioU-1 | DADE-static | DADE-dynamic | Houyon [134]
Teacher # .668 .611 /
Student 214 .159 /
Baseline [49] 274 212 .234
Baseline+MIR [134] .181 147 .256
Ours .362 312 277

The results also demonstrate that our method exhibits an expected
performance deficit relative to the teacher while consistently outper-
forming the student. The teacher is a state-of-the-art semantic seg-
mentation model (namely, SegFormer [262] trained on Cityscapes [52])
and thus exhibits great performance on our DADE datasets. However,
the emphasis on achieving the best possible performance often comes
with increased complexity and overlooks the critical real-time aspect.
The frame rate of SegFormer is approximately 2 frames per second; it
is thus far from being real time. Our proposed method aims at mimick-
ing the performance of available teacher models while reducing com-
putational power and battery usage, thereby bringing state-of-the-art
performance at a higher frame rate.



The frozen student is trained on the Cityscapes [52] dataset with an
initial learning rate of 10~* using the Adam optimizer for 45 epochs,
reducing the learning rate by a factor of 10 every 15 epochs, a cross-
entropy loss function, and a batch size of 8. To match the dimension
of the images in the DADE datasets, images from Cityscapes were
resized to 720 x 1440 to keep the same ratio, then cropped to 720 x 1280.
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