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Levels of driving automation
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Evolution of driver monitoring systems (DMS)

Mainly systems 
using vehicle inputs

Before 2017 2018 2022

Camera-based 
systems analyzing 
driver parameters

Driver distraction 
monitoring for 

hands-free driving

EU regulations for 
driver monitoring 

systems

Today, production vehicles integrate DMS as a standard feature,
but is this enough for road safety? 
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How can driver monitoring reduce risk 
across driving automation levels?

How involved should the driver be 
in driving automation?
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Adaptive automation dynamically 
adjusts to both driver state and 
driving situation. 

▶ It requires to understand the 
interplay between 
1. the driver, 
2. the vehicle, 
3. and the environment.

Extending driver monitoring beyond warnings 
for adapting driving automation
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Abstract: Road vehicle accidents are mostly due to human errors, and many such accidents could
be avoided by continuously monitoring the driver. Driver monitoring (DM) is a topic of growing
interest in the automotive industry, and it will remain relevant for all vehicles that are not fully
autonomous, and thus for decades for the average vehicle owner. The present paper focuses on the
first step of DM, which consists of characterizing the state of the driver. Since DM will be increasingly
linked to driving automation (DA), this paper presents a clear view of the role of DM at each of the
six SAE levels of DA. This paper surveys the state of the art of DM, and then synthesizes it, providing
a unique, structured, polychotomous view of the many characterization techniques of DM. Informed
by the survey, the paper characterizes the driver state along the five main dimensions—called here
“(sub)states”—of drowsiness, mental workload, distraction, emotions, and under the influence. The
polychotomous view of DM 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. They show, at a glance, to concerned researchers,
equipment providers, and vehicle manufacturers (1) most of the options they have to implement
various forms of advanced DM systems, and (2) fruitful areas for further research and innovation.

Keywords: survey; driver monitoring; driver state; sensor; indicator; drowsiness; mental workload;
distraction; emotions; under the influence

1. Introduction
A report published in 2018 [1] provides the results of an analysis performed 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 [2,3], and by taking proper, timely actions when necessary.

Monitoring the driver is thus critically important, and this applies to all vehicles,
with the exception of 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 (DM) ” will remain
critically important during all this time. Note that the list of all abbreviations and their
definitions appears after Section 11, before the appendices.

This paper focuses on the topic of DM, which is usefully 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 characterization parameters available and predict the future state of the driver

Sensors 2021, 21, 5558. https://doi.org/10.3390/s21165558 https://www.mdpi.com/journal/sensors

Survey and Synthesis of State of the Art in Driver Monitoring, 
A. Halin, J. G. Verly, and M. Van Droogenbroeck. 
Sensors, 2021. 
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Driver distraction monitoring for road safety

Manual distraction
Cognitive distraction 
and mental workload

Auditory and 
visual distraction
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Driver-state characterization through states, 
indicators, and sensors
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A “quantity” or “item” is called an indicator for a given (sub)state if it satisfies all the following conditions: 

1. it has a precise definition based on science (e.g., physics, mechanics, chemistry, biology, 
physiology); 

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

3. 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. it is not a unique and full descriptor of the state; 
5. it is recognized, in the literature, as being linked, in some meaningful way, to the state or 

trend thereof; 
6. it is possibly useful with respect to one or more related, or unrelated, states; 
7. it is reproducible, meaning that its value is always the same for fixed data. 

Contribution 1:
Definition of an indicator

measurable

physical units

reproducible
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Contribution 2:
Two interlocked tables

For a given state, what 
indicator(s) can one use? 

For a given indicator, what 
sensor(s) can one use? 
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Contribution 3: 
Role of DMS in driving automation
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Chapter 3
ACC Use and Its Impact on Driving 
Performance
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Abstract
In this simulator study, we adopt a human-centered approach to
explore whether and how drivers’ cognitive state and driving en-
vironment complexity in�uence reliance on driving automation
features. Besides, we examine whether such reliance a�ects driv-
ing performance. Participants operated a vehicle equipped with
adaptive cruise control (ACC) in a simulator across six prede�ned
driving scenarios varying in tra�c conditions while either per-
forming a cognitively demanding task (i.e., responding to mental
calculations) or not. Throughout the experiment, participants had
to respect speed limits and were free to activate or deactivate ACC.
In complex driving environments, we found that the overall ACC
engagement time was lower compared to less complex driving en-
vironments. We observed no signi�cant e�ect of cognitive load on
ACC use. Furthermore, while ACC use had no e�ect on the num-
ber of lane changes, it impacted the speed limits compliance and
improved lateral control.

CCS Concepts
•Human-centered computing! Empirical studies in HCI;
Laboratory experiments.

Keywords
Simulator Study, Driving Automation, Adaptive Automation, Driver
State, Tra�c Conditions, ADAS, ACC activations, ACC Engagement
Time, Speed Limit Adherence, SDLP, Lane Changes
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1 Introduction
The Society of Automotive Engineers (SAE) [37] de�nes six levels
of driving automation, ranging from no automation (SAE Level 0)
to full automation (SAE Level 5). Vehicles currently on the market
are mainly SAE Level 2 (partial driving automation), such as Tesla
Autopilot, BMW Extended Tra�c Jam Assistant, Ford Blue Cruise,
and many more [38]. In 2022, Mercedes-Benz’s system called “Drive
Pilot” was the world’s �rst fully certi�ed SAE Level 3 driving system
(conditional driving automation). Initially restricted to geo-fenced
areas on the German highway at speeds up to 60 km/h, an updated
version available in 2025 extends its use to �owing tra�c up to
95 km/h under certain conditions on the entire German highway
network. Despite these advancements, fully autonomous SAE Level
5 vehicles remain a distant reality, meaning that driving will remain
a collaboration between humans and autonomous driving systems
in the foreseeable future [47]. It is therefore essential to ensure that
this collaboration is as e�ective as possible in terms of safety, driver
comfort, and overall performance.

These SAE levels provide a useful classi�cation for regulatory
bodies and automotive manufacturers, enabling legal and technical
classi�cation of vehicles based on their level of automation. Yet,
they do not fully capture how automation operates in real-world
driving and o�er limited practical value for drivers. Indeed, au-
tomation capabilities do not remain static throughout a drive, and
speci�c features may switch o� in some situations. For instance,
in a SAE Level 3 vehicle, control may shift between the driver and
the automation system. Moreover, even when the driver remains
responsible for driving (SAE Levels 0–2), they may activate or de-
activate speci�c assistance features (e.g., adaptive cruise control
(ACC) or lane-keeping assistance) at will, dynamically adjusting
the level of automation.

For safe and e�ective human-automation interaction, drivers
must accurately understand their moment-to-moment responsi-
bilities, and the capabilities and limitations of the automation in
use [7, 8, 31]. However, research has shown that drivers often lack
awareness of automation limitations [5], which can result in misuse,
disuse, or overreliance. The phenomenon of autonowashing [12],
where marketing exaggerates automation capabilities, leading to
misinterpretations of system reliability, further compounds this
issue. Given these challenges, we argue that a dynamic operational

231

Effects of Cognitive Distraction and Driving Environment 
Complexity on Adaptive Cruise Control Use and Its Impact 
on Driving Performance: A Simulator Study, 
A. Halin, M. Van Droogenbroeck, and C. Devue. 
In AutomotiveUI, 2025. 
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to explore the effects of 
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and its impact on driving 
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Effective collaboration depends on three 
elements 

Human 
driver

Driving 
automation

Driving 
environment

Low-demanding: hypovigilance
High-demanding: overload

Operational design domain 
(ODD) restrictions

Overtrust / understrust 
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How does ACC use influence driving performance in different driving 
environment and cognitive distraction conditions?

How do driving environment complexity and cognitive distraction influence 
ACC use? 

21

We aimed at answering the following 
research questions

RQs 
1-2

RQs 
3-4
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Within-subject driving simulator study with 6 scenarios of ~8 minutes



User study

23

Within-subject driving simulator study with 6 scenarios of ~8 minutes

29 participants, instructed to respect traffic laws, including speed limits 

Counterbalancing 
to minimize order 
effects
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▶ Adaptive Cruise Control (ACC) use:
- number of ACC activations 
- percentage of ACC engagement time
- feedback questionnaires 

▶ Driving performance:
- percentage of time within the speed limit

› strict adherence vs allowing a margin of error
- standard deviation of lateral position (SDLP)
- number of lane changes 
- feedback questionnaires

Measurements 

RQs
1-2

RQs
3-4
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▶ Drivers use the ACC less in complex driving 
environments.

Result 1: Environment impacts ACC use RQs
1-2
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Result 2: ACC use impacts longitudinal 
driving performance

RQs 
3-4

90
92
94
96
98
100

Percentage of time within 
the speed limit (with 5% 

margin of error) [%]

Le
ve

l 1
Le

ve
l 2

Le
ve

l 3

W
it

h
W

it
h

o
u

t

O
n

O
ff

▶ Speed adherence is better when ACC is 
activated.
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Result 3: All conditions impact lateral driving 
performance

RQs 
3-4
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Lateral control is better
▶ in the easiest environment compared to the 

medium level;
▶ when participants are distracted;
▶ when participants use the ACC.

***



28

Summary

Thank you to 

ACC use

Environment Distraction
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performance

Lateral 
performance
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Chapter 4
EDA- and Gaze-Based Indicators of Driver 
Cognitive Distraction

Are Electrodermal Activity-Based Indicators of Driver Cognitive
Distraction Robust to Varying Tra�ic Conditions and Adaptive

Cruise Control Use?
Anaïs Halin
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Abstract
In this simulator study, we investigate whether and how electro-
dermal activity (EDA) re�ects driver cognitive distraction under
varying tra�c conditions and adaptive cruise control (ACC) use.
Participants drove in six scenarios, combining two levels of cogni-
tive distraction (presence/absence of a mental calculation task) and
three levels of driving environment complexity (di�erent tra�c
conditions). Throughout the experiment, they were free to activate
or deactivate ACC (ACC use, two levels). We analyzed three EDA-
based indicators of cognitive distraction: SCL (mean skin conduc-
tance level), SCR amplitude (mean amplitude of skin conductance
responses), and SCR rate (rate of skin conductance responses). Re-
sults indicate that all three indicators were signi�cantly in�uenced
by cognitive distraction and ACC use, while environment complex-
ity in�uenced SCL and SCR amplitude, but not SCR rate. These
�ndings suggest that EDA-based indicators re�ect variations in
drivers’ mental workload due not only to cognitive distraction, but
also to driving environment and automation use.

CCS Concepts
•Human-centered computing! Empirical studies in HCI;
Laboratory experiments.

Keywords
Driver State, Cognitive Distraction, Workload, Indicator, Electro-
dermal Activity, EDA, Skin Conductance, Simulator Study, Driving
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plexity, Tra�c Conditions
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1 Introduction
Until fully autonomous vehicles populate our roads entirely, ensur-
ing that drivers are in an appropriate state to operate the vehicle or
to supervise driving automation features remains critical for safety.
While many indicators have been extensively studied to character-
ize the driver state [5], further investigation is needed into how
these indicators behave under varying tra�c conditions and during
the use of automation. In this study, we focus on physiological indi-
cators of driver cognitive distraction, speci�cally electrodermal ac-
tivity (EDA). We analyzed three EDA-based indicators: (1) the mean
skin conductance level (SCL), (2) the amplitude of skin conductance
responses (SCR amplitude), and (3) the rate of skin conductance
responses (SCR rate), across six scenarios in a driving simulator.
These scenarios varied along two dimensions: (1) driver state, with
two levels of cognitive distraction (i.e., presence or absence of a
secondary mental calculation task), and (2) driving environment
complexity, with three levels (i.e., increasing tra�c density and the
presence or absence of road construction restricting the number
of tra�c lanes). Additionally, participants were free to activate or
deactivate the adaptive cruise control (ACC) at any time during any
of the six scenarios.

The data analyzed in the present study were collected during a
simulator study previously described in [4], which aimed to exam-
ine (1) how driver cognitive distraction and driving environment
in�uence ACC use, and (2) how ACC use in�uences driving per-
formance. The current study investigates whether and how three
indicators of EDA re�ect driver cognitive distraction under varying
tra�c conditions and ACC use.

2 Related Work
Cognitive distraction is de�ned by the National Highway Tra�c
Safety Administration (NHTSA) [10] as the mental workload asso-
ciated with a task that involves thinking about something unrelated
to the driving task. Monitoring cognitive distraction is, fundamen-
tally, a monitoring of mental workload, which is a�ected 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, the present study aims to investigate not only how
selected indicators re�ect the driver’s cognitive state, but also how
these indicators behave under varying tra�c conditions and during
the use of driving automation features.
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Abstract
In this simulator study, we investigate how gaze parameters re-
�ect driver cognitive distraction under varying tra�c conditions
and adaptive cruise control (ACC) use. Participants completed six
driving scenarios that combined two levels of cognitive distraction
(with/without mental calculations) and three levels of driving envi-
ronment complexity. Throughout the experiment, participants were
free to activate or deactivate an ACC. We analyzed two gaze-based
indicators of driver cognitive distraction: the percent road cen-
ter, and the gaze dispersions (horizontal and vertical). Our results
show that vertical gaze dispersion increases with tra�c complexity,
while ACC use leads to gaze concentration toward the road cen-
ter. Cognitive distraction reduces road center gaze and increases
vertical dispersion. Complementary analyses revealed that these ob-
servations actually arise mainly between mental calculations, while
periods of mental calculations are characterized by a temporary
increase in gaze concentration.
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Laboratory experiments.
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1 Introduction
Monitoring the state of drivers that are actively controlling a vehicle,
supervising driving automation features, or expected to take over
at a given moment, is a critical safety concern to ensure that they
are ready to perform the required actions. 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
signi�cantly impair performance and jeopardize safety. Monitoring
behavioral signals, such as gaze parameters, can be used to detect
this state. However, such signals may also be in�uenced by external
factors such as tra�c conditions and the use of driving automation
features like adaptive cruise control (ACC).

We investigate how gaze parameters re�ect driver cognitive dis-
traction under varying tra�c conditions and ACC use. We analyzed
data collected during a driving simulator study [4], in which par-
ticipants could freely turn the ACC on or o� while driving across
six scenarios. These scenarios varied along two dimensions: driver
state, with two levels of cognitive distraction (i.e., presence/absence
of a mental calculation task), and driving environment complexity,
with three levels (i.e., increasing tra�c density and addition of road
constructions restricting the number of tra�c lanes).

We aim at answering the following research question: What are
the e�ects of cognitive distraction on gaze parameters under varying
tra�c conditions and ACC use?

2 Related Work
Driver state can be categorized into �ve (sub-)states: drowsiness,
mental workload, distraction (manual, visual, auditory, and cogni-
tive), emotions, and under in�uence [5]. Driver monitoring systems
aim to characterize these states using speci�c indicators and appro-
priate sensors (to access the values of these indicators). Halin et al.
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Within-subject driving simulator study with 29 participants

3 levels of environment complexity (L1, L2, L3)

2 levels of cognitive distraction (with vs. without calculations)

Freedom to activate or deactivate ACC at any time

BIOPAC MP160 for electrodermal activity (EDA) recording

DMS recording infrared images at 60Hz

User study
Same study as in Chapter 3
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▶ Electrodermal activity (EDA)-based indicators

Measurements

Raw signal

Skin conductance response (SCR) – Phasic component

Skin conductance level (SCL) – Tonic component

SCL

SCR amplitude

SCR rate
Time
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▶ SCL & SCR amplitude are influenced by the environment; SCR rate is not.
▶ All three EDA-based indicators have higher values with distraction.
▶ All three EDA-based indicators have lower values when ACC is activated.

Result 1: EDA parameters 
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▶ Gaze-based indicators

Measurements

Gaze data 
points

Road 
center 
point

Road center area
(20 x 15 degrees)

Percent road center

Vertical gaze 
dispersion

Horizontal gaze dispersion
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▶ The most complex environment increases vertical gaze dispersion.
▶ ACC use increases gaze concentration according to all parameters.
▶ Cognitive distraction decreases percent road center and increases vertical gaze 

dispersion. Not consistent with the literature!

Result 2: Gaze parameters
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▶ Gaze concentration during calculations and compensatory effect with huge 
dispersion between calculations.
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Result 2bis: Gaze parameters with distraction
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Summary

Thank you to 

ACC useEnvironment Distraction

EDA-based 
indicators

Gaze-based 
indicators
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Chapter 5
Test-Time Adaptation in Dynamic 
Environments

Multi-Stream Cellular Test-Time Adaptation

of Real-Time Models Evolving in Dynamic Environments

Benoı̂t Gérin1,⇤ Anaı̈s Halin2,⇤ Anthony Cioppa2,3,⇤ Maxim Henry2

Bernard Ghanem3 Benoı̂t Macq1 Christophe De Vleeschouwer1 Marc Van Droogenbroeck2

1 UCLouvain 2 ULiège 3 KAUST
benoit.gerin@uclouvain.be, anais.halin@uliege.be, anthony.cioppa@uliege.be

Abstract

In the era of the Internet of Things (IoT), objects con-
nect through a dynamic network, empowered by technolo-
gies like 5G, enabling real-time data sharing. However,
smart objects, notably autonomous vehicles, face chal-
lenges in critical local computations due to limited re-
sources. Lightweight AI models offer a solution but struggle
with diverse 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 methodol-
ogy in the context of autonomous vehicles navigating across
cells defined based on location and weather conditions.
To facilitate 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. We believe that our
work will open research opportunities in the IoT and 5G
eras, offering solutions for real-time model adaptation.

1. Introduction

In the contemporary digital era, inanimate objects have
gained the capability to connect and engage with each other
via the Internet. This phenomenon has given rise to a dy-
namic network of interconnected objects known as the In-
ternet of Things (IoT). This revolution is further driven
by the advent of telecommunication technologies such as
5G, offering remarkable bandwidth ranging from 100MB
to 1GB per second and a mere 10 millisecond latency [21].
This new larger bandwidth offers unprecedented opportuni-
ties for smart objects, especially those relying on computer

(*) Equal contributions. Code and data available at github.com/
ULiege-driving/MSC-TTA and github.com/ULiege-driving/DADE.

5G Tower

Cell 1Model 1

Cell 2Model 2
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Weight update

Sending Data

Weight update
Sending Data

Figure 1. Multi-Stream Cellular Test-time Adaptation (MSC-

TTA) of real-time models. We consider a set of agents (e.g., au-
tonomous vehicles) evolving in a dynamic 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 IoT 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 broadcasted to the agents to improve their
performance over time. When agents transitions between cells,
the agent’s model is immediately switched to the one of the new
cell, effectively adapting the predictions of the transiting agent.

vision for autonomous navigation, allowing real-time shar-
ing of recorded images or videos through the network.

However, some critical computations need to be per-

This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.

Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Analysis of the environment
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Multi-stream cellular test-time adaptation
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Motivation: 
Dynamic environments (both spatially 
and temporally)

Objective:
Adaptation of models
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Contribution:
DADE dataset
Characteristics:
▶ Multi-agent long videos
▶ Environment division 
▶ Cell connection 
▶ Available ground truths

In numbers:
▶ 100 + 300 video sequences 
▶ 40-45 minutes in average
▶ 7 locations
▶ 6 weather conditions
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Chapter 6
Physically Interpretable Probabilistic 
Domain Characterization

Physically Interpretable

Probabilistic Domain Characterization

Anaïs Halin!1 , Sébastien Piérard!1 , Renaud Vandeghen1 ,
Benoît Gérin2 , Maxime Zanella2,4 , Martin Colot3 , Jan Held1 ,

Anthony Cioppa1 , Emmanuel Jean5 , Gianluca Bontempi3 ,
Saïd Mahmoudi4, Benoît Macq2 , and Marc Van Droogenbroeck1

1 Montefiore Institute, University of Liège (ULiège), Liège, Belgium
2 Catholic University of Louvain (UCLouvain), Louvain-la-Neuve, Belgium

3 Université Libre de Bruxelles (ULB), Brussels, Belgium
4 University of Mons (UMons), Mons, Belgium

5 Multitel research & innovation centre, Mons, Belgium

Abstract. Characterizing domains is essential for models analyzing dy-
namic environments, as it allows them to adapt to evolving conditions
or to hand the task over to backup systems when facing conditions out-
side their operational domain. Existing solutions typically characterize
a domain by solving a regression or classification problem, which limits
their applicability as they only provide a limited summarized description
of the domain. In this paper, we present a novel approach to domain
characterization by characterizing domains as probability distributions.
Particularly, 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 normalizing flows.
To validate our proposed approach, we conduct experiments within the
context of autonomous vehicles, focusing on predicting the distribution
of weather parameters to characterize the operational domain. This do-
main is characterized by physical parameters (absolute characterization)
and arbitrarily predefined domains (relative characterization). 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. This approach holds significant potential, as accurate
weather prediction and effective domain adaptation are crucial for au-
tonomous systems to adjust to dynamic environmental conditions.

Keywords: Domain Characterization · Distribution Prediction
· Normalizing Flows · Simulation-Based Inference · Domain Adaptation
· Weather · Autonomous Vehicles · Operational Design Domain

1 Introduction

Advances in computer vision allow widespread camera monitoring, but diverse
weather conditions lead to visually different data, sometimes impacting the per-

! Equal contributions. {anais.halin,s.pierard}@uliege.be

This ACCV 2024 workshop paper, provided here by the Computer Vision Foundation, is the author-created
version. The content of this paper is identical to the content of the officially published ACCV 2024
LNCS version of the paper as available on SpringerLink: https://link.springer.com/conference/accv
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A. Halin*, S. Piérard*, R. Vandeghen, B. Gérin, M. Zanella, M. 
Colot, J. Held, A. Cioppa, E. Jean, G. Bontempi, S. Mahmoudi, 
B. Macq, and M. Van Droogenbroeck. 
In ACCVW, Workshop on AI-based All-Weather Surveillance 
System (AWSS), 2025. 
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Classification

Regression
67

Likelihood
sunny

Weather characterization based on images
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Weather characterization based on images
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Contributions

Related to physical 
parameters for 
interpretability

Task I
Predicting 

Distributions of 
Physical 

Parameters

Task II
Absolute Domain 
Characterization

Task III
Relative Domain 
Characterization

Suitable for 
domain adaptation

For taking into 
account 

uncertainties



48

Intro
Chapter 1
Introduction

Chapter 2
Survey on driver monitoring

Driver
Chapter 3
Driver reliance on ACC

Chapter 4
Indicators of driver cognitive 
distraction

Environment
Chapter 5
Semantic analysis of dynamic 
environments

Chapter 6
Characterization of weather 
conditions

DEV
Chapter 7
Integrated Driver-Environment-
Vehicle framework 

Chapter 8
General conclusion



49

Chapter 7
A Framework for Risk-Aware Adaptive 
Automation of Driving

DEV: A Driver-Environment-Vehicle Closed-Loop Framework for
Risk-Aware Adaptive Automation of Driving

Anaïs Halin
Department of Electrical Engineering

and Computer Science
University of Liège
Liège, Belgium
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Abstract
The increasing integration of automation in vehicles aims to en-
hance 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 automa-
tion that captures the dynamic interplay between the driver, the
environment, and the vehicle. The framework promotes to con-
tinuously adjusting the operational level of automation based on
a risk management strategy. The real-time risk assessment sup-
ports smoother transitions and e�ective 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 in�uences driving
risk. The DEV framework o�ers a comprehensive perspective to
align multidisciplinary research e�orts and guide the development
of dynamic, risk-aware driving automation systems.

CCS Concepts
• Human-centered computing! HCI theory, concepts and
models.

Keywords
Driving Automation, Automation Level, Vehicle Engagement, Dri-
ver Involvement, Driving Environment Complexity, Adaptive Au-
tomation, Human-Automation Interaction, Cooperation, Risk As-
sessment, Risk Management
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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 e�ective and to take
place under optimal conditions, we need a human-machine inter-
face that is well designed [23, 32], that is, an interface that allows
drivers to clearly understand their responsibilities at all times, to
form an accurate mental model, and to grasp what the driving au-
tomation 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 [4], overtrust the system (e.g., caused by
phenomena like autonowashing [8]), or have mode confusion [34].
On the other hand, some drivers do not bene�t from the advantages
of driving automation at all because they never activate the available
driving automation features [24].

The SAE levels [27] of driving automation do little to help dri-
vers better understand their responsibilities or to support e�ec-
tive real-time cooperation between the human and the automa-
tion in driving [5, 18, 19]. At best, the SAE levels serve legal or
manufacturer-related purposes.

Even if we assume the existence of an ideal communication
interface 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 �uctuate depending on their
state and their willingness to engage in the driving task. Similarly,
the vehicle is equipped with a driving automation system that
includes more or fewer automation features (depending on its SAE
level), which can be activated or deactivated. The driver state and
the availability or appropriateness of automation both depend on
the driving environment. For example, the literature tells us that
a monotonous environment increases driver fatigue [11], while a
complex environment leads to cognitive overload [29]. The vehicle,
for its part, operates within an operational design domain (ODD)
that restricts when and where automation features can be used [27].
Additionally, some driving automation features reduce the driver’s
mental workload by helping with certain tasks, sometimes even too
much, to the point where the driver disengages entirely from the
driving task [3, 6]. Others (such as warning systems) may actually
increase the driver workload [21].

In short, there is a highly complex interaction between the driver,
the driving automation system, and the driving environment. Un-
derstanding the full scope of this interaction is crucial to de�ning
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The DEV closed-loop framework 
for risk-aware adaptive automation 
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Risk assessment
Considering a fixed ECI, 
cumulative deficit: CD = VED + DID -1

CD isolinesCD = -1

CD = 1

CD = 0

Insufficient 
resources
→ higher risk
Redundant 
resources
→ lower risk

Low 
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1. Define DID, ECI, and VED
2. Develop a model for risk assessment
3. Implement strategies for risk mitigation
4. Design a HMI ensuring usability and acceptability

Challenges
▶ Inter-individual variability
▶ Real-world generalization
▶ And many more!
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Perspectives
Understanding the interplay 
between D-E-V and how it 
impacts driving performance

Find the best interventions

From existing systems to 
useful indexes

Human studies
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Drive safe!
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