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ABSTRACT

Driver drowsiness has been identified as a major contributor to road accidents, accounting
for up to 20% of all incidents, often resulting in fatalities and severe injuries. Even
though detecting and mitigating it is crucial to improving road safety, existing datasets
for drowsiness detection are limited in complexity. This dissertation addresses this critical
need by undertaking two distinct processes.

In the primary development process, machine learning techniques are employed to
analyze face video data, with a particular focus on the eye region as an indicator of drowsi-
ness. The secondary process centers on the proposal of a comprehensive data acquisition
protocol, capturing multimodal data streams coupled with personal and idiosyncratic
factors.

The eye-state classifier achieved an accuracy of 73.75%, and a manual eye-state la-
beling approach led to a binary classification model of drowsiness with 80.00% accuracy
and 100.00% recall for the drowsy class.

In conclusion, this work intended to contribute to future studies on effective drowsy
driving alert systems based on eye-state. To further enhance this research, increasing the
dataset size and subject variability is key. As to new research directions, expanding into
interpretability and causality studies based on the proposed data acquisition protocol

holds promise for advancing road safety initiatives.

Keywords: Drowsiness, Drowsiness detection, Machine learning, Eye-state classification,

Road safety.
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REsumMmo

A sonoléncia dos condutores foi identificada como um dos principais factores que con-
tribuem para acidentes rodoviarios, representando até 20% de todos os incidentes, resul-
tando frequentemente em mortes e ferimentos graves. Embora a sua detecao e atenuagao
sejam cruciais para melhorar a seguranga rodoviaria, os dados existentes para a detegao
da sonoléncia sao limitados em termos de complexidade. Esta dissertacao aborda esta
necessidade critica através de dois processos distintos.

No processo de desenvolvimento primario, sao utilizadas técnicas de aprendizagem
automatica para analisar dados de video de rostos, com especial incidéncia na regiao dos
olhos como indicador de sonoléncia. O processo secundario centra-se na proposta de um
protocolo de aquisicao de dados, capturando fluxos de dados multimodais associados a
factores pessoais e idiossincraticos.

O classificador do estado ocular alcangou uma precisao de 73,75% e uma abordagem
manual de classificacdo do estado ocular levou a uma classifica¢dao binaria de sonoléncia
com 80,00% de exatidao e 100,00% de revocagao para a classe sonolenta.

Em conclusao, este trabalho pretende contribuir para estudos futuros sobre sistemas
eficazes de alerta de conducgao sonolenta baseados no estado ocular. Para melhorar esta
investigacao, é fundamental aumentar o tamanho do conjunto de dados e a variabilidade
dos sujeitos. Quanto a proximos passos, a expansao para estudos de interpretabilidade
e causalidade baseados no protocolo de aquisicao de dados proposto é promissor para o

avanco das iniciativas de segurancga rodoviaria.

Palavras-chave: Sonoléncia, Dete¢ao de sonoléncia, Machine learning, Classificagcao de

estado ocular, Seguranca rodovidria.
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CHAPTER

INTRODUCTION

This dissertation starts with an exposition of the context and motivation behind it. Then,
this introductory chapter goes on to unveil this work’s core objectives, breaking them
down into more manageable sub-objectives, and their alignment with the AUTOmatic mul-
tiMOdal drowsiness detecTlon for smart VEhicles (AUTOMOTIVE) Project - during which
this work started. Afterward, the structure of this dissertation is outlined, providing a
roadmap for what lies ahead, and this chapter concludes by presenting the contributions
made by this work.

1.1 Context and Motivation

Drowsiness, further described in chapter 2, essentially translates into an intermediate
state between wakefulness and sleep [1]. This condition can range from inopportune to
dangerous and life-threatening if the person suffering it simultaneously engages in an
activity requiring alertness, such as driving.

In 2018, the World Health Organization (WHO) reported that yearly "deaths from
road traffic crashes [had] increased to 1.35 million"worldwide, stating road traffic injury
as the leading cause of death for people with ages ranging from 5 to 29 years old [2].
Evidence suggests that driver fatigue and sleepiness can contribute to up to 20% of all
road accidents [3], while statistics show that these crashes result in death or severe injuries
about 50% more times than the average road traffic crash [4], possibly because they tend
to be high-speed impacts which a drowsy driver cannot suitably refrain [5].

In light of this, drowsy driving can be claimed as one of the most common preventable
causes of death on the roads [6], [7]. Hence, it becomes relevant to develop methods
that can continuously track the driver for the entire driving session, looking for drowsi-

ness indicators. Tools such as these can be particularly useful when applied to truck

1



CHAPTER 1. INTRODUCTION

drivers, shift workers, and, among others, anyone driving a long-distance route 5], even
if healthy. In fact, it is documented that healthy but sleep-deprived individuals represent
a higher threat to traffic safety than drivers with sleep disorders, as it takes just 17 hours
of prolonged wakefulness to decrease the driving performance of a healthy person in an
identical way to the effect of a 0.05% (0.5 gl-1) blood alcohol concentration (BAC), the

legal limit to drive in numerous jurisdictions [6].

With increasing advances in automotive technology, the world has been introduced
to more intelligent and complex vehicles. This development must cover the safety topic
at hand by progressively incorporating drowsiness detection and monitoring methods in
the industry’s products. In fact, Regulation (EU) 2019/2144 of the European Parliament
and Council requires automobiles (from July 6, 2022 for new types, and July 7, 2023 for
all new vehicles) to be equipped with driver drowsiness and attention warning (DDAW)

systems.

Considering that human error is responsible for at least 90% of road accidents [8],
there is hope that security will be increased with the eventual transition to fully-automated
vehicles. However, to understand when such advances will become widely available, it is
vital to comprehend the stages leading to it. The Society of Automotive Engineers (SAE)’s
J3016 standard defines six levels for driving automation, hereby compiled in Table 1.1,
ranging from level 0 to level 5, the maximum predicted evolutionary state. Of these, only
in level 5 can the vehicle’s occupants be entirely passengers, as it does not need a driver to
take over command in any situation [9]. This means that only at this stage in autonomous
driving can drowsy driving cease to be a serious safety hazard. Since the United States
Department of Transportation’s National Highway Traffic Safety Administration (NHTSA)
believes such advances to only become available after 2025 [10], it is reasonable to expect
that there is still a long road ahead before fully autonomous vehicles become accessible
worldwide. At least until then, the driver will play a critical part in road safety, and works
such as the present and the globality of the AUTOMOTIVE Project, in which the present
work was integrated, hope to contribute to the study and development of driver monitor-
ing solutions. The AUTOMOTIVE Project, further presented in Appendix A, constituted a
research partnership between the Institute for Systems and Computer Engineering, Tech-
nology and Science (INESC TEC), CardiolID Technologies Lda (CardiolD), the Instituto
Superior de Engenharia de Lisboa (ISEL), and the Lusophone University of Humanities
and Technologies (ULHT), and its main aim was to investigate computer vision and deep
learning methodologies for the automatic detection of fatigue states in drivers using
multiple sensory information. To this endeavour, having an approach for drowsiness
detection based on the driver’s face video was important, as it had not been yet done in
the context of the project, and as it is, as clarified in the following chapter, one of the
main data sources used in the Literature to address the driver drowsiness problem.

2



1.2. OBJECTIVES

Table 1.1: Levels of driving automation with respective driving support features, adapted
from [9]. Level 5 fully-autonomous vehicles are only expected to get in the market after
2025.

User’s behavior while

i i Drivi F F Exampl
in the driver’s seat riving Support Features eature Examples

Automatic emergency
braking; Blind spot warning;
Lane departure warning

Providing warnings and

Level 0 Its always considered that the user is driving, momentary assistance

whenever the support features are engaged.

Moreover, constant supervision of these Providing steering OR .
. . . Lane centering OR
Level 1 support features is also required for safe brake/acceleration support . .
.. . adaptive cruise control
driving. to the driver
Providing steering AND Lane centering AND
Level 2 brake/acceleration support adaptive cruise control
to the driver at the same time
The user is not actually driving when these
Level 3 features are engaged. Nonetheless, when Can drive the vehicle Traffic jam chauffeur
the features do request, the user must drive.  under limited conditions and
will not operate unless Local driverless taxi;
Level 4  The user is not actually driving when these some required conditions Pedals/steering wheel may
features are engaged, and these automated are met or may not be installed
Level 5 features will not require the user to take The features can drive the vehicle under all conditions.

over driving.

1.2 Objectives

The present work was carried out with two central objectives at heart:

1. to propose a functional method to detect and monitor drowsiness in automobile

vehicle drivers using a seemingly non-intrusive setup;

2. to address the current data gap by proposing an experimental design and setup for

data acquisition in a simulated driving experience.
Objective number 1 was decomposed in the following steps:
1. Reviewing the Literature regarding the field of driver drowsiness;
2. Implementing a baseline working approach focused on real-time face analysis;

3. Choosing and extracting relevant features for a machine learning, primarily face-

based drowsiness classification solution;

4. Implementing the algorithm, evaluating its performance, and performing refine-

ments.
Objective number 2 was decomposed in the following steps:
1. Investigating the available databases and identifying points of improvement;

2. Understanding the AUTOMOTIVE Project’s envisioned set-up of an immersive car
simulator for drowsiness studies; the workings of the Unity simulation and data

transmission flows already developed; and the available sensors for acquisition;

3



CHAPTER 1. INTRODUCTION

3. Exploring other ways to enrich and complement the data to be retrieved from sen-

sors;

4. Designing, mapping, and describing the acquisition experience from start to finish.

1.3 Contributions

The present dissertation continued the works conducted in the AUTOMOTIVE Project.
Whilst the previous works [11]-[14] focused on different combinations of signals, anal-
ysis, datasets, and overall purposes, the current work delivered contributions on the
driver’s face video analysis, providing a different and valuable framework to monitor
driver drowsiness in this project and overall.

Since one of the AUTOMOTIVE Project’s objectives was to develop an environment to
simulate a real driving experience, during this work, participation in the installation of
the simulation vehicle set-up also took place.

Since real driving data availability is scarce (especially labeled and accounting for
added conditionalism to driving - such as drowsiness or health issues), by manually
labeling data and encompassing the development and description of a data acquisition
protocol tailored to the AUTOMOTIVE Project’s objectives and conditions, featuring a mul-
timodal approach considering physiological signals, driver behaviour, vehicle behaviour,
and individual characteristics, this work also contributed to the driver drowsiness data
acquisition in this project and overall.

Specifically in the INESC TEC’s environment, this work also involved participation in
the supervision of two summer internships.

This work also resulted in an article accepted in the IEEE Access journal [15], con-
tributing to open access research and exposing a comprehensive view of the research and
development work conducted for the AUTOMOTIVE Project.

1.4 Dissertation OQutline

The purpose of the current chapter was to explain the context in which the current work
unfolds, as well as its core objectives. Following it, four chapters constitute the main body

of this dissertation:

* Chapter 2, "Literature Review and Theoretical Framework", will further expand on
the context of this work by explaining concepts that are pre-required to understand
the remaining dissertation and give an overview of the more current developments

made in the scientific literature in the interest of this work.

* Chapter 3, "Data", explains the context around using and accessing data for driving
research, the databases used in the current work, and the endeavor made to promote

more conscious and insightful research through a new data acquisition protocol.

4
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* Chapter 4, "Developing a Face-Based Driver Drowsiness Monitoring System", presents
the computer vision and machine learning techniques explored in this work, as well
as their fitting to the DROZY database, described in the previous chapter.

* Chapter 5, "Results and Discussion”, presents and discusses the results retrieved

over the course of the current work.

After the main body, chapter 6, "Conclusion", will summarize the conclusions of the
current work and point suggestions for future lines of research around driver drowsiness
detection, as well as possible expansions of the practiced methodology.

In the end, appendices and annexes are provided as support material.



CHAPTER

LITERATURE REVIEW AND THEORETICAL

FRAMEWORK

This chapter serves as a robust knowledge base, delving into the theoretical concepts
necessary to address this research problem. It commences by exploring key concepts
pertaining to drowsiness, subsequently presenting the realm of sensor technologies and
detection methods. This chapter also underscores the current challenges that shape this

critical problem.

2.1 Drowsiness, the State

Normal human sleep is composed of a rapid eye movement (REM) stage and four non-
REM stages. These stages have well-defined characteristics and alternate cyclically, being
a standard human adult cycle of approximately 90 minutes, commencing in a non-REM
stage and finishing in REM sleep [16], [17]. According to Carskadon and Dement [18],
“sleep is a reversible behavioral state of perceptual disengagement from and unrespon-
siveness to the environment”.

The term “drowsiness”, in Literature often used interchangeably with the terms “fa-
tigue” and “sleepiness”, relates to a physiological need to sleep, as it is the intermediate
state between wakefulness and sleep [1]. This state comes with the impairment of vi-
sual perception, of higher cognitive functions, the inability to maintain visually focused
attention, among other undesirable consequences for safe driving [19].

Since physiological needs are biological requirements that cannot be continuously
avoided, a drowsy state is beholden right before a sleeping episode occurs [1]. This is
a state that, if met, means that the body is already fighting to remain awake, possibly

indulging in microsleeps in the process [20]. Microsleeps have been associated with
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2.2. EVALUATING DROWSINESS

poor driving performance [21] and, during these episodes, attention gaps can impair the
driver’s ability to respond to events [22].

“Fatigue”, on the other hand, relates to a state where the subject feels tired, and this
often comes from the prolonged engagement in physical activity and can be relieved once
the subject ceases said activity [1].

“Sleepiness”, unlike “drowsiness” and “fatigue”, can be considered not a state but a
probability of falling asleep at a given time [1].

This work specifically aims to detect and monitor drowsiness.

2.2 Evaluating Drowsiness

Studies reported great inter-variability in how drowsiness affects drivers’” performance
[23], being that even for a given self-declared drowsiness level, indicators such as eye
blink duration vary considerably [24]. Hence, objectively and non-intrusively measuring
drowsiness has been a constant challenge in driver drowsiness research.

On one hand, there are approaches to more objectively measure drowsiness, such as
the Objective Sleepiness Scale (OSS), which combines features of eletroencephalography
(EEG) and eye movements, such as percentage of eye closure (PERCLOS), to characterize
four sleep scoring stages [25]. This approach still presents some disadvantages such as
an insufficient number of stages [25] and, mainly, its intrusiveness. The Johns Drowsi-
ness Scale (JDS) stands on the continuous tracking of the amplitude-velocity ratio (AVR)
of blinks through the company Optalert’s! drowsiness detection products, such as the
Optalert glasses, a wearable that measures the subject’s eyelid velocity by infrared ocu-
lography, using a LED built into the glasses frame [26]. The AVRs are very stable between
people, which means they do not have to be adjusted for individual subjects [27]. These
continuous measurements are then translated into the patented 10-point JDS, which can
hence form the basis of a new objective method for continuously monitoring the driver’s

drowsiness state, through the company’s products.

Nevertheless, some subjective scales are also used to score drowsiness, by residing in
the subjects’ response concerning standardized sleep symptoms. Some examples include
the Epworth Sleepiness Scale (ESS) [28], the Stanford Sleepiness Scale (SSS) [29], the
Visual Analog Scale (VAS) [30], and the Karolinska Sleepiness Scale (KSS) [31].

The KSS, used in the current work, is a 9-point scale that defines verbal reference
for each stage, as shown in Table 2.1 [31]. The ground-truth for the drowsiness score
is assessed by having the subject periodically report their perceived score. Besides not
being an objective measurement, this scale can cause the driver’s state to be influenced
since they are periodically disturbed [24], [25]. However, positive correlation can be

seen between this subjective measurement, and more objective measurements [32], which

Thttps:/ /www.optalert.com/
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paints the KSS as a very easy, free-to-use, and non-intrusive way to score drowsiness in

research, as long as the researches are aware of its limitations and properly disclose them.

Table 2.1: References for self-assessing your score in the KSS.

KSS score | Verbal reference

Extremely alert.

Very alert.
Alert.
Rather alert.

Neither alert nor sleepy.

Some signs of sleepiness.

Sleepy, but no effort to keep awake.

Sleepy, some effort to keep awake.

O 0| || U || W[ N+

Very sleepy, great effort to keep awake, fighting sleep.

2.3 Sensoring Drowsiness

Motivated by the severeness of the driver drowsiness problem, nowadays there is a sub-
stantial amount of research in detection techniques. The most commonly used in-vehicle
measurement sensors for the detection of driver drowsiness can be grouped, according to
[33], into vehicle behavioral sensors, driver behavioral sensors, and physiological signals
sensors. Figure 2.1 illustrates these three forms of sensing, and Figure 2.2 graphically

summarizes the information acquired in each.

(®)
e ) (i@

A

- (a)

Camera

A P —

Figure 2.1: Different sensors for driver drowsiness detection. Illustrations, from [33],
of (a) vehicle behavioural sensors, (b) driver behavioural sensors, and (c) physiological
signals sensors

The most commonly adopted vehicle behavioral sensors in the industry are used to ob-
tain the Steering Wheel Rotation Angle (SWA) and the standard deviation of lane position
(SDLP) [33]. The SWA is obtained through an angle sensor mounted on the steering axis
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Driver Drowsiness Measurement

[ [ | [
Steering Wheel Brain activity Ocular Activity
Angle (SWA) EEG -~ £0G Eye Movement =
Vehicle Deviation Muscle Tone Cardiac Activity .
and Position eme T ECG Face Expression =
Vehicle Acceleration Dermal Activity | o Gastro Intestinal Head Position
and Speed EDA R

Respiration &=—i—e Core Temperature

Figure 2.2: Summary of measurement approaches used for driver drowsiness detection.
Addapted of [25]

and can measure abnormal driving behavior through metrics like the number of steering
wheel reversals [34]. The SDLP measures the vehicle’s position when compared to the
road’s middle lane and is one of the metrics used in the position and deviation of the
vehicle approach [13], [35], others being the deviation from the lateral late [36], the yaw
deviation [37] and the heading difference [38]. Vehicle speed, acceleration, and braking
are other variables used to assess the driver’s alertness through their driving performance
[33].

The driver behavior, on the other hand, is mainly monitored through face video [33],
from which we can retrieve a lot of information regarding the eye behavior, but also
general face expression and posture. These vision-based methods have the advantage of
being totally non-invasive, although the idea of having one’s face being recorded might
induce some worry among users concerned with their privacy.

Physiological signal’s sensors include sensors to obtain the electrocardiogram (ECG)
and eletrooculography (EOG), eletromyography (EMG), electrodermal Activity (EDA),
and EEG electrophysiological signals. EOG measures the ocular activity, EMG the muscle
tone, and EEG the brain activity. The ECG, usually a graph of micro voltage over time,
displays the electrical activity of the heart, by measuring small electric changes created
by the heart muscle tissue when its chambers are contracting and relaxing, during each
cardiac cycle. Other physiological measures that can be obtained are respiration related
metrics, gastrointestinal parameters, and temperature [33].

Overall, it can be concluded that each source presents its unique advantages and chal-

lenges, warranting careful consideration in the quest for an optimal solution:
Physiological signals:

» Advantage: Physiological signals, such as EEG, offer unparalleled objectivity in
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assessing the driver’s state, particularly in terms of alertness and sleep patterns.

They are robust to most environmental conditions.

* Challenge: These signals are typically acquired intrusively, often requiring visible
wires or sensors on the driver. This poses logistical challenges for experiments and

discomfort issues for long-term deployment.
Driver behavior:

* Advantage: Observing driver behavior through cameras provides a non-intrusive

means of data collection.

* Challenge: However, this method raises concerns about user comfort, especially
over extended periods or in market-ready solutions where privacy and constant
surveillance may be unsettling to users. Besides, environmental conditions such
as low lighting (as in night driving, when a subject can be more susceptible to

drowsiness) or the use of glasses can have a great impact.
Vehicle behavior:

» Advantage: Monitoring vehicle behavior is non-intrusive and doesn’t impact the

user’s comfort.

* Challenge: This approach primarily detects impairment after it has occurred, poten-
tially limiting its capacity for anticipatory interventions. Additionally, environmen-
tal conditions such as road dampness and adverse weather can impact the driving

performance and, hence, the metrics retrieved.

Recognizing the limitations of individual data streams, a multimodal approach emerges
as an ideal solution, whether for experimental purposes or long-term deployment: com-
bining physiological signals, driver behavior, and vehicle behavior data acquired non-
intrusively may offer a holistic view of driver drowsiness, addressing both comfort and
data comprehensiveness concerns.

While the algorithm development part of the current work primarily focuses on the
information obtained from face video, for the data acquisition design ECG and vehicle
behavioral measurements are also employed, comprising data from the 3 forms of sensing
presented (vehicle behavior, physiological signal, and driver behavior). The specific, non-
intrusive sensing systems proposed to acquire and access the data in this experience
design are presented in Appendix A.

As for the ECG, this physiological signal can be a valuable indicator of drowsiness
since, during this state, the heart rate becomes slower, more irregular, and the blood
pressure drops [39]. This can be measured by calculating the heart rate variability (HRV).
The HRV is obtained through an R-peak detection algorithm of the ECG. Then, we can ob-

tain information regarding the autonomous nervous system (ANS) activity of the subject,
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which is known to present alterations during drowsiness episodes [40] - wakefulness is
characterized by an increase in sympathetic activity and/or decrease in parasympathetic
activity, while extreme relaxation states (as in non-REM sleep) are characterized by a
decrease in sympathetic activity and/or increase in parasympathetic activity [39]-[42].
A low frequency (LF) band (0.04-0.15 Hz), is a reliable measurement of sympathetic ac-
tivity, while a high frequency (HF) band (0.15-0.4 Hz) provides information about the
parasympathetic activity. Hence, by calculating the ratio between lower and higher fre-
quencies (LF/HF), information regarding the state of the individual can be obtained [43].
A more discriminate division of frequency bands is presented in Table 2.2. For the sake
of conciseness, and as, although interesting and used in the experimental protocol design,
it is not the main source of data in this work, more information on the ECG was arranged

in Appendix G.

Table 2.2: Frequency bands of HRV

Component Frequency Range (Hz)

Ultra Low Frequency (ULF) < 0.003
Very Low Frequency (VLF) 0.003 - 0.04
LF 0.04-0.15
HF 0.15-0.4

Following the aforementioned driver behavior monitoring, having face recordings
as the main data source for drowsiness detection can prove advantageous due to non-
invasiveness and the ability to predict drowsiness before driving impairment occurs [44].

In the face, symptoms of drowsiness can be visible in terms of eye movement (in the
rate of eye blinking [45], eye aspect ratio (EAR) [46], [47], slow eye moments (SEM) [48],
the PERCLOS [49], and the average eye closure speed (AECS) [50]), face expression (for
example in yawning [51]), and head position (for example head nodding [52]) [33].

Regarding eye features, insights from various studies on the features more consis-
tently encountered in Literature that are also possible to assess in the current work are

synthesized below:

"Blink rate" (also denoted as "Blink frequency"), typically represented as number of

eye blinks per minute:

* According to Monster [53], multiple factors can influence the blink rate, resulting
in an average range of 2 to 50 blinks per minute.

* Factors affecting the blink rate include:

— Task focus and cognitive processes (decreased blink rate when the subject is
more focused and processing information) [54], [55];

— Dryness of the eyes, whether due to health conditions or climatic factors (in-
creased blink rate) [56];
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- Conditions such as Parkinson’s disease (decreased blink rate) [57];

- Gender discrepancies - women demonstrated a higher blink rate than men
while reading [58].

* According to Johns et al. [59], alert individuals exhibit a blink rate of about 17.2,
increasing to 27.3 when drowsy. However, according to Pasaribu et al. [47], normal
individuals exhibit an average blink rate of 10, decreasing to below 10 when sleepy.

Islam et al. [46] agree, adding that the number is 4-6 for a drowsy person.

"Blink duration", consistently defined as seconds or milliseconds that a blink lasts (du-
ration from the initiation of the eyelid closing to the point of maximum speed during its
reopening [60]):

* Blink duration is one of the most reliable features for drowsiness detection [61],
[62].

* The Harvard Database of Useful Biological Numbers [63], [64] identifies 0.1-0.4
seconds as the average duration for a single blink. Interestingly, Schellini et al. [65]

report a slightly different duration, ranging from 0.25 to 0.75 seconds.

* In the event of drowsiness, Galley’s experiment [60] reported an increase in blink
duration associated with lower alertness, indicating a duration of 0.175 seconds for

drowsiness.

PERCLOS, denoting the "PERcentage of eye CLOSure", introduced in 1999 and defined
as the percentage of time that the eyelids are closed (more than 80% shut) [66]:

* PERCLOS has undergone thorough validation as an indicator for identifying drowsi-
ness across various scenarios, encompassing naturalistic driving contexts, simulated

environments, and laboratory conditions [67]-[70].

» PERCLOS consistently demonstrates an increase in response to drowsiness [67],
[71]-[73].

Notably, accurate assessment of eye features through video relies on the use of high-
quality cameras capturing a large number of frames per minute [74].

Other interesting eye features found in the Literature include the eyelid opening and
closure speeds, the blink amplitude in terms of eyelid closure, and the delay between
eyelid closing and opening. Nevertheless, these features would need a higher frame rate
to be extracted through video analysis than the one available for use in the current work

and, as such, are not detailed in this section.
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2.4 Detecting Drowsiness

In the domain of drowsiness detection, a plethora of methodologies has been explored
and can be seen in the Literature, leveraging the diverse sensing possibilities elucidated
in the preceding section. However, a pivotal turning point in this pursuit seems to have
emerged with the advent of computer vision technologies (especially regarding face-based

drowsiness detection) and machine learning.

2.4.1 Machine Learning

Machine learning is the subfield of computer science that, according to Arthur Samuel
in 1959 [75], gives "computers the ability to learn without being explicitly programmed.”
Deep learning, a subset of machine learning [76], is “the study of artificial neural net-
works (ANNs) and related machine learning algorithms that contain more than one hid-
den layer” [77].

2.4.2 Prior Art Approaches

The table presented in Appendix D summarizes the literature consulted where the au-
thors approached the drowsiness detection problem based on measures that are possible
to obtain through the acquisition of the driver’s face video. The methods used and their

performance are displayed.

2.4.3 Solutions on the Market

Further concurring with the severity of the context in which the present thesis unwinds,
automotive manufacturers and other companies have developed numerous solutions,
targeting not only the detection of drowsiness but also general attention-lacking. In this
section, some of these will be briefly presented (for a more complete present-day review
see [25]).

* CardioWheel, by CardioID Technologies [78], continuously acquires the driver’s
ECG through a cover equipped with conductive elements, and through it detects
drowsiness and cardiac pathologies and performs the driver’s biometric identifica-

tion.

* Steer Device, by STEER, Inc. [79], is a bracelet that detects the level of drowsiness
through heart rate and EDA analysis.

* IR-LED, by Siemens [80], is a camera system equipped with an infrared light-
emitting diode and an infrared light sensor, which help to detect microsleep events.

* FaceLAB Driver Safety, by Seeing Machines [25], detects driver drowsiness in real-
time through blink and PERCLOS analysis, recording face video for face, head, eye,
eyelid, and gaze tracking.
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* Driver Attention Warning, by Saab [81], uses an infrared camera to monitor eye

blinks and track gaze and head orientation.

* Driver Alert Control, by Volvo [82], [83], uses lane departure as a detection feature,

monitoring the car movements with respect to the road markings.

* Active Safety, by Volkswagen [84], uses the SWA and lane departure as detection

features, and continuously evaluates traffic signals.

 Attention Assist, by Mercedes-Benz [85], uses the SWA as a detection feature (it
learns the driver steering pattern at the beginning of a driving session), as well as

braking and acceleration events, the duration of the session, and road conditions.

* Driver Attention Monitor, by Lexus [86], tracks the eye and head movements
to detect whether the driver is looking forward or not, and also has an obstacle

detection feature.

* Seeing Machines [87], uses camera-based driver and operator monitoring safety

technology to prevent automotive accidents.

2.4.4 Challenges

After conducting a study on both current research on driver drowsiness detection sys-
tems and marketed solutions, Doudou et al. [25] compiled the open issues in this field,
regarding the three types of information that can be acquired from the driver, presented
in Section A.2.1. This study also encompassed the assessment of each issue’s significance
to the detection accuracy, which was displayed on a 3-point scale, with 1 being the highest
significance and 3 the lowest. The result is presented in Table 2.3.

Table 2.3: Summary of the open issues to be considered in drowsiness detection tech-
niques regarding the three types of information that can be acquired from the driver,
presented in Section A.2.1, and their associated level of significance, displayed on a 3-
point scale, being 1 the highest significance and 3 the lowest. Adapted from [25].

Technology Issues I\SIZE;C\}ieour ll;;}l:;iriour gi}:g}:;)loglcal Significance
Use of standard objective measures X X X 1
Environment conditions Influence X X 3
Difficulty to extract symptoms X 2
Circadian and wake phases X X X 1
Accuracy with fewer sensors X 2
Accuracy with fewer sensors X 1
Impact of artefacts X 2
Real-time detection support X X 1
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The current research addresses the significant issues outlined in the previous table
mainly through the proposed data acquisition protocol. This comprehensive protocol
is designed to provide a holistic perspective by encompassing the acquisition of physio-
logical signals, thereby addressing the potential influence of environmental conditions.
Furthermore, the integration of multimodal data adds an extra layer of robustness to the
research approach, ensuring a comprehensive examination of driver drowsiness and its
multifaceted determinants. Additionally, circadian phases are considered through the
administration of questionnaires, allowing for a nuanced understanding of individual
variations. As a first drowsiness detection approach, a very light method (in terms of
processing power and speed) will be implemented, fit for real-time detection.

2.5 Methods Overview

Following are introduced some elements that will be mentioned in the development
phase of the current work, in order to streamline it and promote a more concise and
comprehensible exposition.

Face detection and landmark placement involve various methods to identify and
locate facial features within an image or video frame. These methods can yield differing
results in terms of both the number of landmarks identified (the most commonly found
in Literature were 5, 68, and 98) and their specific placements, as shown in Figure 2.6.

Typically, facial landmarks encompass key points like the eyes, nose, mouth, and other

notable features.

Figure 2.5: Example of
Figure 2.4: Example of  a 98-landmark placement.

a 68-landmark placement.  Image retrieved from [90].
Image retrieved from [89].

Figure 2.3: Example of a 5-
landmark placement. Im-
age retrieved from [88].

Figure 2.6: Landmark placement examples.

In this work, the Multi-task Cascaded Convolutional Neural Network (MTCNN), in-
troduced in 2016 by Zhang [91], was employed for face detection and landmark place-
ment. RetinaFace, introduced in 2019 by Deng [92]; FaceBoxes, introduced in 2017 by
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Zhang [93]; MobileNet (V2), introduced in 2018 by Sandler [94]; and MobileFaceNet,
introduced in 2018 by Chen [95], were also employed for the same purpose.

2.6 Performance Assessment

In machine learning, various performance metrics are used to evaluate the quality of a
classification model. In this work, the commonly used metrics "accuracy", "sensitivity

(recall)", and "precision", were employed.

2.6.1 Accuracy

Accuracy measures the overall correctness of a classification model. It is defined as the

ratio of correctly predicted instances to the total number of instances:

True Positives + True Negatives

Accuracy = (2.1)

Total Instances

2.6.2 Sensitivity (Recall)

Sensitivity, also known as recall, quantifies the ability of a model to correctly identify

positive instances (e.g., the true positives). It is defined as:

True Positives

Sensitivity (Recall) = (2.2)

True Positives + False Negatives

2.6.3 Precision

Precision measures the accuracy of positive predictions made by the model. It is defined
as:
True Positives

Precision = — — 2.3
True Positives + False Positives (2:3)
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This chapter delves into the driving data essentials and introduces the available databases,
as well as the choice for the DROZY database (a pivotal resource in this work), highlight-
ing its attributes and subsequent treatment. The proposed data acquisition protocol is
also presented here, following the AUTOMOTIVE Project’s set-up, presented in Appendix
A.

3.1 Driving Data Essencials

Driving research is a field with numerous projects typically carried out either in simulated
or naturalistic environments. In naturalistic environments, subjects get on the road
to drive, following a heavy line of permits (sometimes at a government and municipal
level), depending on the research objectives. This makes naturalistic data hard to find.
Virtual driving environments, on the other hand, stand out due to the minimal risk to
the volunteers and general population during the experiments, and the possibility of
fully controlling vehicle physics and traffic complexity. As such, whether by collecting
large-scale data and training deep neural networks without any logistic restraints or by
emulating exact traffic circumstances to validate trained models in extreme scenarios, the
use of simulators has been a key contributor to driving research, particularly autonomous
driving.

Regarding the data that can be acquired in driving research, either through simulated
or naturalistic environments, the most commonly used in-vehicle measurement sensors
for detecting driver drowsiness can be categorized into vehicle behavior, driver behavior,
and physiological signals (according to [33] and as presented in Section 2.3).

For this kind of drowsiness detection research, an ideal dataset would encompass
data streams from these 3 sensing sources. However, the pursuit of an ideal dataset faces
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significant hurdles, especially when it comes to acquiring a trustworthy ground truth for
drowsiness, which, often (for the practicality of experience and participants’ comfort),
should be obtained non-intrusively.

Moreover, the complexities of human behavior and individual variability come into
play. Circadian typology, for instance, has been shown to influence an individual’s sus-
ceptibility to drowsiness at a certain time of day [96], introducing an additional layer of
complexity. Furthermore, it is reasonable to hypothesize that personal factors such as
anxiety levels, sleep quality, driving frequency, caffeine intake, familiarity with manual
or automatic transmission, prior experience with the specific vehicle or road conditions,
and more may all impact a person’s alertness during driving. Yet, to the extent of this
author’s knowledge, there is currently no database that seamlessly integrates sensor data,
objective ground truth information, and the intricate personal and idiosyncratic data that

may contribute to a more nuanced understanding of driver drowsiness.

3.2 Available Databases

Following, an eye-level summary of the available databases is presented in Table 3.1. This

data is either publicly available or can be provided upon request for research purposes.

Table 3.1: Main databases currently available for research in biometrics and drowsiness
monitoring with face video and ECG.

Database Data Type Access
DROZY, The ULG
Multimodality KSS, ECG, Face Video Public
Drowsiness Database[97]
UTA
Real-Life KSS, Face Video Upon Request

Drowsiness Dataset[98]

Swedish National
Road and Transport KSS, ECG Upon Request

Research Institute[99]

Stress Recognition

in Automobile ECG Public
Drivers[100]
E-HOL[101] ECG Public
Youtube Faces Database[102] Face Video Public
NTHU
Driver Drowsiness Face Video Upon Request

Detection Dataset[103]
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3.3 The DROZY Database

The DROZY (ULg Multimodality Drowsiness Database) database! [97] offers the essen-
tial elements for this study. It provides access to face video data and a well-established,
although subjective, ground truth measure, the Karolinska Sleepiness Scale (KSS) (pre-
viously presented in Section 2.2. Additionally, the database’s public availability enables
broader access in dissemination and avoids access waiting times.

While it is noteworthy that the videos in the DROZY database were not recorded in
a conventional driving setting, they were acquired during psychomotor vigilance tests
(PVTs) while the subjects generally reported increasing levels of sleepiness. This distinc-
tion is, of course, significant, but the focus here is on the shared behaviors associated with
drowsiness, which can be extrapolated to the driving context. PVTs require subjects to
quickly react to visual cues (which they do not know when will be activated) and, as the
reaction is timed, if performed while the subjects are getting increasingly sleepy, they can
provide a measure of sleepiness-related effects in alertness [104].

Given the aforementioned absence of an ideal database for driver drowsiness detection
research, and that the AUTOMOTIVE database was not completely ready, this choice
served as a pragmatic approach that had to be made in order to advance the research.

Please refer to reference [97] for the research paper introducing this database, which
was instrumental to this work. The data was collected by the Laboratory for Signal and
Image Exploitation (INTELSIG), which is part of the Department of Electrical Engineering
and Computer Science of the University of Liege (ULg), Liege, Belgium.

3.3.1 Database Description

Within DROZY, data was meticulously collected from a cohort of 14 youthful and healthy
individuals, comprising three male and eleven female subjects. This data collection
unfolded over the course of three consecutive 10-minute (approximately) sessions of
PVTs. This experience induced sleep deprivation through prolonged waking, thereby
creating a fairly controlled environment for the examination of drowsiness.

Each subject’s journey through these PVTs has yielded an array of synchronized data
streams, summarized in Table 3.2. In this table, the data used in the work currently
reported is highlighted in bold.

For data organization, sessions are identified by the subject number (ranging from 1
to 14) and whether it’s their first, second, or third PVT, as such: [#subject]-[#PVT].

Regarding the encoded videos, the database authors state that, because of backup
incidents, some of the data are lost (tests 9-1, 10-2, 12-2, 12-3, 13-3), and test 7-1 did
not happen. Furthermore, some frames were found to be missing during the develop-
ment part of this work, including consecutive frames of tests 5-2 and 5-3, which deemed
them untrustworthy samples for retrieving metrics related to eye-state over time, such as

! Available in: http://www.drozy.ulg.ac.be/
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Table 3.2: DROZY Database Contents. Contents used in this work are highlighted in
bold.

Data Type Description

KSS Scores Subjective self-evaluated drowsiness levels ac-
cording to the Karolinska Sleepiness Scale, rang-
ing from 1 (Extremely alert) to 9 (Very sleepy,
great effort to keep awake, fighting sleep), as-
sessed at the beginning of each PVT.

PVT Data Stimulus times and corresponding reaction times,
measured in milliseconds.

polysomnography (PSG) Signals | Includes 5 eletroencephalography (EEG) channels
(Fz, Cz, Pz, C3, and C4, all referenced to Al), 2
eletrooculography (EOG) channels (horizontal and
vertical), eletromyography (EMG), and the ECG,
all sampled at 512 Hz, available in EDF format.
Kinect v2 Sensor Videos near-infrared (NIR) intensity videos, with one
video available per PVT session, sized at 512x424
pixels, and grayscale values in 8 bits, preserved
in .mp4 format. 20 videos were recorded at 30
FPS, while 16 at 15 FPS.

Face Landmarks (Manual) 2D (in pixels) and 3D (in millimeters) annota-
tions of 68 facial landmarks that were manually
extracted for 720 hand-selected frames (approxi-
mately 51 frames per subject).

Face Landmarks (Automatic) 2D and 3D annotations of 68 facial landmarks for
all frames, obtained through automatic process-

ing using subject-specific constrained local models
(CLMs).

blinking frequency. For this reason, these samples were not considered in these metrics’

retrieval.

3.3.2 Database Preparation

To facilitate a comprehensive analysis of the video dataset, a structured approach was
undertaken. The dataset comprises 36 videos, each corresponding to a distinct testing
session. Key video attributes, including the sample rate (in frames per second, FPS), test
duration, and frame count, were meticulously compiled and organized into a summary
table for reference, that can be found in Appendix E.

In total, the dataset encompasses 5 hours, 54 minutes, and 11 seconds of footage,
comprising 497 609 frames. The average duration per video test was approximately 9
minutes and 50 seconds. Notably, 16 videos were recorded at a sample rate of 15 FPS,
while 20 videos were captured at 30 FPS.

Since the KSS scores were obtained at the outset of each test session, their evolution

between consecutive videos was examined. It was assumed that KSS scores progressed
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linearly over time, and thus, the minimum frame count required for a one-point increase
in KSS was determined. This calculation yielded an approximate threshold of 1318
frames at a frame rate of 15 FPS, equivalent to approximately 1.5 minutes. To account
for potential variability, an uncertainty margin of 25% was introduced, resulting in 65.9
seconds (988 frames at 15 FPS or 1976 frames at 30 FPS).

Subsequently, two distinct segments of each video were selected for analysis: the
initial approximately 65 seconds, labeled with the KSS score from the beginning of the
video, and the final approximately 65 seconds, labeled with the KSS score from the
beginning of the following video (if available). In total, 57 samples were obtained. This
process ensured that only data segments with a high degree of confidence in KSS labeling
were included in the analysis further performed in the current work. This step was further
deemed as important due to the already existent inter-variability in a self-assessed score.
As a result, video data not encompassed within these carefully defined segments was
excluded from further analysis, aligning with the imperative to retain as much data
integrity as possible throughout this study.

Since the KSS comprises nine points and invites individuals to self-assess their drowsi-
ness levels based on recollections of specific descriptors provided during its introduction,
an approach was adopted to mitigate the subjectivity and get more interpretability out
of the KSS scores. Three primary classes were defined, each encapsulating a range of
three KSS points, thus offering a more generalized assessment of drowsiness levels. These
classes were identified as "Alert", "Moderately Drowsy", and "Very Drowsy". According
to Wang [105], who also employs the KSS, two levels of drowsiness may not provide
sufficient support for alerting the driver before the risk of a crash becomes critical. No-
tably, however, that study also affirms that detection accuracy is associated with a lower
number of drowsiness levels, with accuracies showing improvement when transitioning
from three to two-class problems. To illustrate the distribution of the dataset across these
newly established classes, a summary is presented in Table 3.3.

As the research progressed, the need arose to incorporate a metric that encapsulated
the notion of "driving time"within the dataset. To achieve this, the video durations were
used to create the metric "time on task"(i.e., time on the PVTs), which was extrapolated

into "driving time", and paired with the KSS scores.

3.4 The Closed Eyes in the Wild (CEW) Dataset

The CEW [106] is a publicly available dataset, composed of 1192 samples of closed eyes
(collected from the Internet) and 1231 samples of open eyes (selected from the Labeled
Face in the Wild (LFW) database [107]).

The online repository? presents three forms of the dataset: face images with back-
ground; face images warped; and eye images only. The latter was downloaded and no

http://parnec.nuaa.edu.cn/, pload/tpl/02/db/731/template731/pages/xtan/Closed EyeDatabases.html
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Table 3.3: Relative frequency of KSS scores and KSS groups ("classes").

KSS score | Relative frequency | KSS group Relative frequency
0.00
0.09 1 (Alert) 0.29
0.20
0.06
0.02 2 (Moderately Drowsy) | 0.22
0.14
0.27
0.17 3 (Very Drowsy) 0.49
0.05

O | | || G| =] W[+

preparation was needed before using this dataset, as its structure and labeling are straight-
forward - it is organized in 2 folders, one with samples of closed eyes, and the other with
open eyes.

This dataset’s availability, simplicity, and similarity in the images with the DROZY
eye frames, were the key factors for the decision to use this dataset as training data for

the eye-state classification purpose.

3.5 Experience Design

The data acquisition protocol for the current thesis work and, consecutively, for the AU-
TOmatic multiMOdal drowsiness detecTIon for smart VEhicles (AUTOMOTIVE) Project, was
influenced by the work of Naurois et al. [24], and prepared with the AUTOMOTIVE In-
Half-Car (IHC) Simulator and sensors in mind - please find the description of this work
enclosed in Appendix A.

The experience design addresses the need for robust and complete data. Hence, it
was expected to collect data regarding vehicle movement (steering wheel angle, vehicle
speed, acceleration, and braking), the driver’s behavior (facial expressions and features),
physiology (their electrocardiogram), and their sleepiness state, as well as additional
information that can be useful to understand the subjects and their driving experience
further.

Appendix B shows the entire flowchart representing the process, while Appendix C
presents the briefing document produced to ensure a consistent explanation of the proto-
col to participants in the experiment.

Before the acquisition, the volunteer would be checked for a valid driver’s license.
They must also not be diagnosed with epilepsy nor be susceptible to kinecytosis (the
short form of the Motion Sickness Susceptibility Questionnaire (MSSQ) [108] is to be
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applied for this purpose). Furthermore, their susceptibility to sleepiness is to be assessed
by applying the Epworth Sleepiness Scale (ESS)® [28], and the Morningness-Eveningness
Questionnaire (MEQ) is to be filled by the subject, to determine their circadian rhythm’s
relation to the different times of the day. Other information is to be collected, including
the subject’s age, sex, self-assessed sleep quality, coffee consumption, comfort with the
driving task, yearly driving frequency, general daily schedule, diagnosed sleep conditions,
and use of medication or devices that may influence their natural heart rate.

For the day of the acquisition, the subject is to be asked not to drink caffeinated or
alcoholic beverages and to sleep six to nine hours the previous night. If possible, the
acquisition is to be scheduled after lunchtime since the probability of falling asleep in
this period increases three-fold [109]. Just before the start of the data collection, the
volunteer is to have a short test drive for as long as needed, to acclimate to the particular
driving experience in the simulator. This initial preparation period aims to minimize the
influence of the adaptation to the simulator in the collected data.

After this initial period, the subject is to drive a car out of an urban area and into
a highway, taking approximately 2 minutes. They should drive on the aforementioned
highway for approximately sixty minutes before arriving at their destination, another
urban area where the drive ends. During the drive, the subject is to be periodically
asked (every 15 minutes) for their self-assessed score on the KSS, on a range from 1
(the highest level of alertness) to 9 (the highest level of sleepiness where the subject is
combating falling asleep). After the acquisition, the general well-being of the subject is
to be assessed (looking for signs of kinecytosis and other side effects), and they should
fill out two final questionnaires: the System Usability Scale (SUS) and the Immersive
Tendencies Questionnaire (ITQ).

The protocol described above complies with the data regulations law in Portugal.

3.5.0.1 Questionnaires

All the questionnaires referred in 3.5 are included in annex I, being that only the one
referring to the characterization of the subject was developed by the current work’s author.
The other questionnaires included were either, to the best of the author’s knowledge, free
to use, or specifically authorized for use in the present thesis.

The questionnaires used are following described briefly:

As questionnaires that aim to collect information for the study:

* The Horne and Ostberg’s MEQ - as included in annex I.1 - is a 16-question ques-
tionnaire in which multiple-choice questions and visual-analog scales are used to
assess a subject’s circadian typology. The MEQ is the most widely used measure for
morningness [110], and its original version was developed by Horne and Ostberg
in 1976 [109]. The version intended for use in the current study was translated into
European Portuguese by Silvério, Silva, and Macedo in 1998 [111].
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 The ESS - as included in annex 1.2 - is an 8-question questionnaire in which the
subject’s answers to multiple-choice questions allow the extraction of their position
in this sleepiness scale. The ESS questionnaire is a tool mainly used to detect
excessive daytime sleepiness [28]. The version intended for use in the current study
was a European Portuguese copy of the original questionnaire, obtained through
the official Epworth Sleepiness Scale platform ® and licensed for use in the present
thesis and the AUTOMOTIVE project.

* The ITQ - as included in annex 1.3 - is a widely used tool for evaluating individu-
als’ engagement with mediated environments and their susceptibility to becoming
fully immersed in such experiences. This questionnaire, introduced by Witmer and
Singer in 1998 [112], consists of 18 questions, each answered on a 7-point Likert
scale. The ITQ aims to capture an individual’s capacity for immersion, which is
characterized by the ability to focus on an event while disregarding any distracting

or disruptive external factors in their surroundings [113].

* The Subject Characterization Questionnaire - as included in annex I.5 - is de-
signed for the present study as a way to gather additional information useful for the
driver drowsiness problem. It includes 10 questions, varying in structure, where
participants are asked to provide information about their age, gender, self-assessed
sleep quality, caffeine consumption habits, personal experience with driving a car,
sleep and heart pathologies, and details about their typical daily schedule. This
questionnaire serves as a fundamental tool for capturing essential demographic
and lifestyle information, ensuring an even more comprehensive understanding of

the subjects.

As questionnaires that aim to exempt/safeguard some participants from participating in
the study:

* The MSSQ-short - as included in annex 1.4 - is the short-form of the MSSQ ques-
tionnaire. This version has two blocks of 9 questions each, one to be answered
with childhood experiences in mind, and the other referring to adulthood. This
questionnaire aims to determine a subject’s susceptibility to experiencing kinetosys
symptoms as a consequence of motion. Kinetosys symptoms can take the form of
nausea and headaches, which are all undesired outcomes for any participant in a

practical study.
As a questionnaire that aims to assess the acquisition setup’s usability:

* The SUS - as included in annex 1.6 - is a widely used questionnaire designed by
John Brooke in 1995 [114] to assess the usability of a system or product. It consists

of a set of ten questions, each answered on a 5-point Likert scale. It aims to evaluate

Shttp://epworthsleepinessscale.com/
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a user’s subjective perception of a system’s usability, covering aspects such as ease
of use, learnability, and overall user satisfaction. It provides insights into the user

experience and constitutes an essential tool for assessing the usability of systems
and interfaces.
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CHAPTER

DEVELOPING A FACE-BASED DRIVER DROWSINESS

MONITORING SYSTEM

Initially, a method that served as an introduction to the problem, focusing on the real-
time computation of eye-aspect ratios — an approach motivated by various instances in
the Literature, was undertaken. This method, quick to implement and execute, served
as the stepping stone in this journey and formed the basis for a supervised internship
(noted in Appendix A). As this method did not end up a part of the main pipeline of this
work, it is presented and reported in Appendix A’s section A.3.1.

This chapter then delves into the methodology adopted to tackle the primary de-
velopment process of this dissertation, following a logical progression. In section 4.1,
"Face-landmark Study", algorithms for face detection and landmark placement are ex-
plored, enabling the eye region to be localized in the face frame, which is important for
the next step. Then comes the extraction of the left eye in frames (explained in section
4.2, "Eye-region extraction") and subsequent process of deriving features from these im-
ages (explained in section 4.3, "Feature engineering for eye-state classification") in order
to then perform the "Eye-state classification"(section 4.4). Moving forward, from the
eye-state classification throughout the video samples, features that enable the detection
of driver drowsiness are retrieved (explained in section 4.5, "Feature engineering for
drowsiness-level classification"), laying the foundation for the final step, "Drowsiness
classification"(section 4.6), where the methodologies culminate to detect driver drowsi-

ness.

4.1 Face-landmark Study

This part’s focus is on the approach that will allow the extracting of the eye region from
video frames, involving an evaluation of algorithms for face detection and landmark
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placement. The face detection phase serves the purpose of identifying the face’s bound-
ing box within an image, while the landmark prediction/inference phase positions the
landmarks with respect to the top-left corner of this bounding box.

Given the wealth of available content and implementations on face detection algo-
rithms online, the current work capitalized on existing resources, mainly on the PFL
library [115] resulting in four combinations of algorithms that employ 68-point face land-

mark predictions:
» FaceBoxes + MobileNet
» FaceBoxes + MobileFaceNet
* RetinaFace + MobileNet
* RetinaFace + MobileFaceNet

It’s worth noting that the positioning-scheme of these 68 landmarks is depicted in
Figure 2.6, for reference.

As mentioned in the previous chapter, the DROZY database includes 270 samples
annotated with 68 manually placed landmarks. These manual annotations serve as a
ground truth for evaluating the performance of the four combinations, by comparing the
predicted landmarks generated by each combination with the ground truth.

To quantify the predictions’ quality, an error calculation was carried out for each land-
mark, by computing the Euclidean distance between the predicted landmark position (in
terms of (x,y) coordinates) and the corresponding ground truth (true landmark position).
This distance measurement is expressed in pixels and is mathematically represented in

equation 4.1.

Error = \/(xpredicted - xtrue)2 + (ypredicted - ytrue)2 (4- 1)

For instance, if an algorithm combination places a given landmark at coordinates
(50,70), and the true landmark’s position is (59,81), the resulting error would be calcu-

lated as follows:

Error = \/(50—59)2 +(70-81)? = V202 ~ 14.21 pixels

The Multi-task Cascaded Convolutional Neural Network (MTCNN) application was
also performed and this algorithm quickly delivers, in addition to face bounding box
coordinates and 5 landmarks locations (as pictured in Figure 2.3), a probability score
associated with each face detection, which allowed the exclusion of face detections with
a lower likelihood of representing an actual face (sometimes, in a single frame, 2 or more

faces were detected, erroneously).

27



CHAPTER 4. DEVELOPING A FACE-BASED DRIVER DROWSINESS
MONITORING SYSTEM

4.2 Eye-Region Extraction

This part of the work managed to be executed only on having, for each considered video
frame, the face bounding box coordinates and a fair indication of the left eye position.

To advance to further analysis, the dimensions of the detected faces were computed
in pixels - specifically, the width and height of the face bounding box were determined,
based on the coordinates retrieved from the previous step using MTCNN.

For the purpose of isolating the left eye region, the left eye landmark - represented
by coordinates (Xjefigye, Ylefteye) and retrieved from the previous step using MTCNN - was
chosen.

Then, for a width reference, the observation that the width of one eye typically occu-
pies around 20% of the face width [116] was used. Subsequently, the height of the eye,
after trials, was consistently found to be accommodated within 15% of the face height.

The landmark and size references were then used to calculate the coordinates of
the top-left, Py, and bottom-right, P;, corners of the eye bounding box, as described in

equations 4.2 and 4.3, respectively.

Py(x,v) = (X]eftEye — 0.1 x FaceWidth, pefigye + 0.075 x FaceHeight) (4.2)
P (x,v) = (X]eftEye + 0.1 x FaceWidth, pjeigye — 0.075 x FaceHeight) (4.3)

These computed eye bounding box coordinates were then employed to extract the

corresponding eye frames for the next step.

4.3 Feature Engineering for Eye-State Classification

Following the approach in articles [117] and [118], the histograms of the local binary
patterns (LBPs) transformation images were selected as features for the eye-state classifi-
cation.

The LBP algorithm evaluates the texture characteristics of an image by considering
the collection of pixels around each pixel. It assigns a score that ultimately reflects the
presence or absence of contrast in the examined region.

To derive these informative LBP-based features, a series of sequential transformations
were applied to both the CEW dataset, which later served as the training data for eye-state
classification, and the DROZY dataset, later used for testing in the eye-state classification

phase:

1. Image preprocessing: Given that the cropped eye frames had limited definition,
these images were initially pre-processed to enhance the quality of the dataset. For
that, it was first applied a gaussian smooth filter, regulated by a sigma parameter,
and then a histogram equalization.
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2. Computing the LBPs: The initial step involved the computation of LBPs for the
images, yielding a texture image for each. The LBP algorithm employs two critical
parameters: radius and the number of sampling points. Experimentation with
various parameter values was performed to identify the better configuration from

the pool of trials.

3. Generating the histogram (H): Subsequently, histograms were constructed based
on the texture images. These histograms provided a compact representation of the
LBP textures.

4. Generating the normalized histogram (NH): This step was necessary due to varia-
tions in the pixel dimensions of eye images across datasets and frames (within the
DROZY dataset, the dimensions depended on the displayed size of each subject’s
face in the frame, which, in turn, was related to their head size and proximity to
the recording, which varied slightly over time). As such, a normalization process
was implemented to express the histogram intensities as percentages, so a relative
frequency was presented instead of an absolute one. The normalization operation
performed for each image’s histogram went as represented in equation 4.4:

NHintensities = 1nt;;151t1es x 100 (44)
X

Where:

* P, represents the total number of pixels in the image,
* Hjptensities denotes the original histogram intensities (hg, hy, ..., h,,), and
* NHjptensities denotes the normalized histogram intensities (nhg, nhy, ..., nhy).

The resulting normalized histograms were employed as inputs for the subsequent

step.

4.4 Eye-State Classification

In the pursuit of eye-state classification using a machine learning approach, data division
strategy was firstly employed to ensure robust model training and evaluation. Last step’s

resultant histograms were employed as follows:

* Training dataset - For training, the ones originated from the Closed Eyes in the

Wild (CEW) database, which were labeled as "eye open'or "eye closed", were used.

* Validation dataset - To gauge the classification performance, a validation dataset
was established using 50 histograms from the DROZY database, equally divided
between open and closed eyes and manually labeled accordingly. This validation
dataset allowed for the assessment of classifier performance and the estimation of

confidence in the classification results obtained during the testing phase.
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* Testing dataset - In accordance with the validation dataset, the testing dataset
was composed also of histograms from the DROZY database - this time, of all the
samples (naturally, unlabeled) admitted to the study.

Before proceeding, arbitrary samples of open and closed eyes were selected from the
3 datasets, to confirm that the texture images and their respective normalized histograms,
retrieved from applying the methods described in section 4.3, manifested apparent dif-
ferences.

Two different classifiers were evaluated, a Support Vector Machine (SVM) and a K-
Nearest Neighborss (KNNs) classifier. SVM was expected to perform well, following the
approaches in the Literature [117], [118], and since this is a machine learning method
typically employed in binary classification problems, as the present (class "eye open"and
"eye closed"). To fine-tune their performance, a grid search was conducted on specific
hyperparameters. Using the training dataset and splitting them in 5-folds for a cross-
validation where each batch persevered the same percentage of classes.

For the SVM classifier, the key parameters taken under consideration, as well as their

accepted values, and short description, were:

e Kernel: "linear", "rbf"

Kernel type of the algorithm;

« C:0.1,1,10,100
Strength of the parameter regularization;

e Gamma: 0.1, 0.01, 0.001
In case kernel = "rbf", gamma is an indicator for the shape of the decision boundary.

For the KNNs classifier, the key parameters taken under consideration, as well as their

accepted values, and short description, were:
* Number of neighbors: 2, 3,4, 5,6, 7;

e P:1,2
1: the metric used is the Manhattan distance; 2: the metric used is the Euclidean

distance;

* Weights: "uniform", "distance"
"uniform": all points are weighted equally; "distance": points are weighted by the
inverse of their distance, giving a greater influence to neighbor samples that are

closer;

* Algorithm: "ball_tree", "kd_tree"
Type of algorithm used.
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By selecting the model with the highest accuracy on the validation set, the best-
performing classifier was retained. Subsequently, this classifier was applied to the testing
data, resulting in an eye-state classification for each frame.

To enhance the input data for the subsequent steps of the process, manual labeling
of the eye-state for the entire testing dataset was also conducted. This approach aimed
to lay a trustworthy foundation for the subsequent stages and analysis of drowsiness

classification, independent of this stage’s performance.

4.5 Feature Engineering for Drowsiness-Level Classification

At the start of this step, the eye-state throughout the video samples is available data.
Before extracting features from the eye-state progression, the adequacy of the frame rate
in relation to determining human blinks was assessed. The Nyquist theorem, as shown

in Equation 4.5, was applied to evaluate the appropriateness of the frame rate.

fs>2fm (4.5)

Here, f; represents the sampling frequency (frame rate), and f,, represents the fre-
quency of interest (blink rate). The DROZY database has samples with a frame rate of
15 frames per second (FPS) and others with one of 30 FPS. Meanwhile, as previously
mentioned in section 2.3 the duration of a blink tends to vary between 0.1-0.4 seconds
[63], [64]. This means that, in the interest of this work:

1/0.4 < f,, < 1/0.1

2,5<f,<10(Hz)

As such, when applying the Nyquist theorem following equation 4.5, we get:

fs=210x2 fi>2,5%x2
f. =20 fi>5

For a sample with a sampling frequency of 30 FPS, its frame rate will not constitute
a problem, according to Nyquist’s theorem. However, for a sample with a sampling
frequency of 15 FPS, it might be - if the duration of a blink is especially short, there is the
risk of it not being properly registered in the stream of data. This factor was also taken
in caution, and a sample (sample number 28) was removed from consideration since its
sampling frequency was 15 FPS but it was "Alert"and, as such, the blink instances could
be shorter according to the Literature presented in chapter 2.

Given the eye-state progression over time, several important features, matching the
information provided on section 2.3, were extracted. In order to retrieve them, the first

concepts to denote were the frequency and duration of blinking:
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* a frequency sample list was considered as F = [fy, f,..., f,], where f = 1/A, and A

represents the time distance between 2 consecutive blink events.

* a duration sample list was considered as D = [dy,d,,...,d,,], where d represents the

time duration of each blink event.

The features were, hence, extracted as follows:

e Blink Rate

Number of blink events of the entire sample, divided by the sample time;

* Mean Blink Frequency

Mean value of F;

» Standard Deviation of Blink Frequency
Standard deviation value of F;

¢ Mean Blink Duration

Mean value of D;

e Standard Deviation of Blink Duration

Standard deviation value of D;

* percentage of eye closure (PERCLOS)

Amount of time the eyes were closed divided by the sample’s total time.

The Driving Time was also used, following an extrapolation from the "time on task",
due to its impact on cognitive fatigue processes, as previously detailed in chapter 3.

Although yawn counting was contemplated as an additional feature, it was ultimately
not included in the analysis due to the limited occurrence of only four yawns (spaced
throughout 3 video samples) in the entire dataset. As such, the data size was deemed

insufficient for meaningful classification.

4.6 Drowsiness Classification

For the drowsiness classification task, the features extracted in the previous section were
employed. To promote the robustness of the classification model, the dataset was man-
ually partitioned, with the sample allocation being disclosed in Appendix E. This parti-

tioning aimed to meet two specific criteria:

1. Person Inclusivity - A manual data split was executed to ensure that each indi-
vidual in the test dataset had at least one distinct sample available in the training
dataset.
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2. Diversity of Subjects - Given the relatively small size of the database, it was critical
to ensure that the test dataset incorporated samples from various individuals, since
a random atribution could result in a testing dataset with multiple samples from
the same people. This diversity was necessary to avoid overfitting to individual

characteristics and promote the model’s ability to generalize.

For the actual drowsiness classification, the Random Forest algorithm, with number
estimators = 100 (default value in Scikit Learn library), was employed, both for a 3-class
problem (alert, moderately drowsy, and very drowsy) and binary problem (alert, very
drowsy). The relative frequency of these classes was presented in Table 3.3. Random
Forest is a powerful ensemble learning method that combines multiple decision trees to
make accurate predictions. Upon drowsiness classification, an analysis was performed
to determine which features had the most significant impact on the model’s predictive
performance. Gini feature importance was used as it is a common method to get this
information particularly in decision tree-based models like the Random Forest. This step

was crucial for better comprehending and discussing the classification.
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CHAPTER

REsuULTS AND DISCUSSION

This chapter unfolds in the order set forth in the preceding chapter, showcasing and
discussing the previously presented methods’ findings. In this chapter, figures, tables,

and graphics constituted a preferred form for the representation of results.

5.1 Face-landmark Study and Eye ROI Extraction

The analysis of the application of face detectors and 68-landmark predictors following
the methods explained in Section 4.1 resulted, primarily, in a summary table with the
computed errors in relation to the true coordinates. This table is presented in Appendix F.
Two graphical approaches were taken from this table to visualize the table’s data and
significance better.

First, given a frame sample, the mean error in position (in pixels) throughout all
the 68 landmarks predicted in it was computed. This procedure was performed for all
the frame samples in analysis in this step, and a histogram with the distribution of the
mean error found in these samples was generated. A normalized Gaussian distribution
approximation was calculated using the mean and standard deviation values over the
histogram. This procedure was performed for the four combinations, and the result is
depicted in Figure 5.1.

The histograms on both combinations using MobileNet are similar, and these combi-
nations perform slightly worse than the ones using MobileFaceNet. The combinations
using MobileFaceNet fit better to the Gaussian distribution approximation. Between the
two combinations using MobileFaceNet, the combination with RetinaFace obtains the
overall better performance in this analysis framework where we consider the mean error,
calculated as in equation 4.1, as the performance indicator.

Then, we still had to see how these mean errors ranging up to 5 pixels materialized
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Figure 5.1: Histogram of error distribution for the 4 algorithm combinations tested
against the manually labeled landmarks available on the DROZY database. "N'"represents
the number of samples; "Mean error in Euclidean Distance"represents the average error,
in pixels, of each sample image. With a normalized Gaussian distribution approximation
over the histogram, calculated from the mean and standard deviation value of each his-
togram. Representation of the data included in Appendix F.

in a picture frame, mainly how they were distributed throughout the face and, primarily,
the eye region. Given a landmark from the 68 points (for example, the landmark indi-
cating the most-left point of the left eyebrow), the mean error in its position (in pixels)
throughout all the frame samples in analysis in this step was computed. This mean error
took the form of a radius centered on the true landmark position in a random frame, giv-
ing a sense of an area of probability for the placement of that landmark. This procedure
was performed for all 68 landmarks of each of the four combinations, and the result is

depicted in Figure 5.6.

Although MobileFaceNet usage performed better when looking at the histograms, in
the region of interest of the current work - the eye - the performance was reasonably
steady across all four combinations. The region consisting of the chin and face limits
was where MobileFaceNet exhibited a more apparent benefit. As can be observed in the
figure, the error radius, especially considering the region of interest, is substantial. The
landmark prediction in the left eye, for a reason unbeknownst, performs more accurately
than in the right eye. It should be taken into consideration that this is a visualization

based on the mean error, and therefore the error may be even worse on occasion, and also
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Figure 5.2: FaceBoxes-MobileNet. Figure 5.4: FaceBoxes-MobileFaceNet.

Figure 5.3: RetinaFace-MobileNet. Figure 5.5: RetinaFace-MobileFaceNet.

Figure 5.6: Error representation in an example frame for the 4 algorithm combinations
tested. Each circle’s radius corresponds to the mean error of each landmark point through-
out all the samples. Representation of the data included in Appendix F.

that the radius circumferences for the points in the upper and bottom eyelids are almost
touching in the left eye (in the right eye, some overlap can even be observed in all four
combinations). As such, an eye-state detector based on the analysis and variation of the
placement of the upper and bottom eyelids’ landmarks over time was deemed to have too
much uncertainty to be a viable option for a step in such a starting point of this work, as

it would introduce too much error.

On the other hand, detection of the eye-state based not on upper and bottom eyelid
landmark placement monitoring over time but on a machine learning approach, where
we could take advantage of the vast number of available images of open and closed eyes to
train an algorithm to detect if DROZY’s eyes were open or closed, seemed more promising,
and also coherent with the Literature. For this endeavor, only a fair idea of the eye’s
location was needed to provide the region of interest to the algorithm, similar to the

cropped eye photographs found in eye databases, instead of the whole face.

36



5.1. FACE-LANDMARK STUDY AND EYE ROI EXTRACTION

Processing speed

Algorithm (FPS)
RetinaFace + MobileFaceNet 1,41
RetinaFace + MobileNet 9,75
FaceBoxes + MobileNet 15,82
FaceBoxes + MobileFaceNet 1,45
MTCNN 79,29

Table 5.1: Algorithm processing speed of each combination of face detection and land-
mark predition

Using an MTCNN for prediction resulted well in this task as, of the five landmarks
provided, one corresponds to a fair center of the left eye - an example of detection can
be seen in Figure 5.7. Additionally, as sometimes face detectors would incorrectly pick
up more than one face in the same frame (which we know to be impossible considering
DROZY'’s acquisition settings), using MTCNN for face detection as well was advantageous
as it yielded a probability score, allowing the exclusion of detection instances with a lower

likelihood of representing an actual face.

Face bounding box
Left-eye bounding box

Figure 5.7: MTCNN face detection (represented by the green dots) and landmark predic-
tion (represented by the red dots) in a sample frame.

Regarding the processing speed of the frames, the five methods (for face detection
and 68 and 5 landmark prediction) are compared in Table 5.1.

Considering the speed, the production of a probability score for face detection, and
the effectively needed data for the next step, the MTCNN was selected for detecting the
face and the left eye landmark.

Given the left eye landmark, the eye bounding box was drawn according to the logic in
equations 4.2 and 4.3, and cropped frames were extracted. The eye width was considered
to be 20% of the face width, as found in the Literature, and the eye width was successfully
and consistently encompassed in the cropped eye frame. Initially, as it was not yet figured
out that the eye height was accommodated within 15% of the face height, some frames
turned out improperly cropped (with the eye not being fully inside the image) until trial
and error resulted in the 15% value - consequently perfecting equations 4.2 and 4.3 and
the cropping of frames.
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Figure 5.8: Open and closed eye images before and after preprocessing (first row), with
the respective LBP image transformation (second row) and feature histograms (third row).
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5.2 Eye-state classification

Following the logic of the machine learning approach justified in the previous section
and the data division strategy presented in Section 4.4, the training, validation, and test
datasets went through the four sequential steps presented in Section 4.3: image prepro-
cessing (1); computing the local binary patterns (LBPs) (2); generating the histogram (3);
and generating the normalized histogram (4). After experimentation, the parameters

with the best outcome were the following:
1. Preprocessing
 Sigma parameter (suavization factor): 1
2. Computing the LBPs:

e Radius: 3

* Number of points: 24

Representative results from two arbitrary samples (one closed-eye and one open-eye)
from steps 1, 2, and 4 are showcased in Figure 5.8 for discussion.

Looking at the four histograms in Figure 5.8, we can see a difference in the pre-
processing application and between the open and closed eyes’ histograms (whether the
preprocessing was applied or not).

Zooming in on the first line of each figure, we can observe that the suavization process
reduced the noise in the images, and this, together with the local equalization, made the
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histograms retrieved from the preprocessed images between the different eye-states more
distinct than the ones retrieved from the non-preprocessed images. As such, applying
this preprocessing was a helpful step in enhancing the binary classification performance.

Furthermore, throughout the eye images, the normalized LBP histogram layout was
steady across an eye-state, concurring with the claims that it constitutes a good feature
for this problem.

As for the classification step, the results from the grid search conducted on the hy-
perparameters explained in Section 4.4 are summarized in Figure 5.9, where the tested
classifiers are compared. These results favored using the Support Vector Machine (SVM)

over the K-Nearest Neighbors (KNN) since the average accuracy is greater for the former.
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Figure 5.9: Histogram of accuracy distribution for the two algorithms, SVC and KNN,
under a grid search.

After obtaining these results, the parameters were fine-tuned with minor changes to
obtain the fittest option for this problem, considering a SVM-based solution. In this step,
the choice of the parameters was once again based on the evolution of the accuracy score
of the algorithm when applying a 5-fold cross-validation over the validation dataset.

The final best-performing model was a SVM with the following hyperparameters:

» Kernel: "rbf"

* C: 30

e Gamma: 0.01

This SVM resulted in the confusion matrix depicted in Table 5.2, accomplishing the

performance depicted in Table 5.3.

5.2.1 The Challenge of Ambiguous Frames and Human-like Dilemma

Given the accuracy provided by the best model, the validation dataset was examined to
showcase the frames that were being incorrectly classified. This process ended up reveal-
ing a challenge in classifying eye frames that could be characterized as "dubious- these

39



CHAPTER 5. RESULTS AND DISCUSSION

Table 5.2: Confusion matrix of the eye-state classification.

Actual Class
Closed Open
Predicted Closed 70 235
Class Open 17 638

Table 5.3: Performance metrics of the eye-state classification.

Performance Metrics Value
Accuracy 0,74
Recall of Closed eyes 0,23
Precision of Closed eyes 0,80
Recall of Open eyes 0,97
Precision of Open eyes 0,73

were frames that even human observers, when isolated from time context information
(previous and following frames), found challenging to categorize as either open or closed
eyes. To explore this further, a collection of such "dubious"frames was presented to friends
and family for their input, resulting in opinions diverging, and a consensus remaining
elusive. An example of such a frame is illustrated in Figure 5.10. Subsequently, a light
experiment was conducted by feeding additional "dubious"eye frames, unlabeled, into the
SVM model, only to see that it mirrored human uncertainty in classifying these frames
(it did not appear to favor any class by default).

Figure 5.10: An example of a "dubious"eye that gathered indecision among humans.

In light of these observations, and recognizing that the testing dataset, which was
being labeled automatically by this classifier, naturally comprised frames with varying
degrees of ambiguity, manual labeling of eye-state (open/closed) for all frames within
the DROZY dataset was undertaken to provide a more trustful basis for the drowsiness
classification. However, it is important to acknowledge that manual labeling introduced
a potential labeling bias, as the labeler’s judgment was the deciding factor when dealing

with "dubious"eye frames. A way to mitigate it would be to have more than one person
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performing the labeling of the same samples but, as these amounted to 88920, it was not
feasible. This manual labeling of the frames also relied on the examination of the video

as a continuum, instead of looking at frames in isolation.

5.3 Drowsiness classification

Regarding the 3-class classification, the resulting random forest resulted in the confu-
sion matrix depicted in Table 5.4, and corresponding performance metrics, displayed in
Table 5.5. These results reveal a less-than-ideal classification, especially evident in the

intermediate class (corresponding to the moderately drowsy).

Table 5.4: Confusion matrix of the 3-class drowsiness classification.

Actual Class
Alert Moderately Drowsy Very Drowsy

Predicted Alert 1 0 0
CESSIC ¢ Moderately Drowsy 0 1 ]
Very Drowsy 2 1 p

Table 5.5: Performance metrics of the 3-class drowsiness classification.

Performance Metrics Value
Accuracy 0,66
Precision of Alert State 1,00
Recall of Alert State 0,33

Precision of Drowsy State 0,66
Recall of Drowsy State 0,86

These can be expected since we are dealing with a small dataset and a 3-class classifi-
cation problem with imbalanced class distribution (i.e., significantly more samples in the
"very drowsy'class). As it happens, the three classes have significant overlaps in feature
space, so, understandably, it is more challenging for the Random Forest to distinguish
them. However, no Very Drowsy sample was classified as Alert, constituting a positive
outcome.

Regarding the binary classification, the resulting random forest resulted in the confu-
sion matrix depicted in Table 5.6, and corresponding performance metrics, displayed in
Table 5.7.

Table 5.6: Confusion matrix of the binary drowsiness classification.

Actual Class
Alert Very Drowsy
Predicted Alert 1 0
Class Very Drowsy 2 7
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Table 5.7: Performance metrics of the binary drowsiness classification.

Performance Metrics Value
Accuracy 0,80
Precision of Alert State 1,00
Recall of Alert State 0,33

Precision of Drowsy State 0,77
Recall of Drowsy State 1,00

An evolution in the retrieved performance metrics, in comparison to the 3-class clas-
sification, is evident. Still, the imbalanced class distribution might also be at play here:
the "very drowsy'class has a higher frequency, so the classifier might be biased toward
this class. The recall for this class being 100% also strengthens this possibility.

A smaller dataset can often lead to issues when performing multi-class classification
compared to binary classification. The problem itself is also more complex in this 3-class
approach than in the binary one since, in addition to there being more possible outcomes,
there are also overlaps in feature space. As such, dealing with only two classes was
plausibly easier for the Random Forest to differentiate.

Regarding feature importance, a higher Gini feature importance indicates that a fea-
ture contributes more to the model’s predictive performance. Figure 5.11 illustrates the
distribution of Gini feature importances across the selected features. From it, we can
conclude that driving time was, actually, the more relevant feature in this classification,
but the eye analysis still served as a relevant indicator of drowsiness, with PERCLOS
and blink duration still displaying significant importance. These conclusions are also

consistent with the Literature - examples mentioned in Section 2.3.
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Figure 5.11: Gini feature importance analysis of the binary drowsiness classification of
each used featured.
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CHAPTER

CONCLUSION

This chapter first delves into this work’s conclusions, presented in Section 6.1, as well as

points out some directions for future developments, in Section 6.2.

6.1 Conclusions

In this dissertation, a comprehensive exploration of driver drowsiness detection was
undertaken.

Regarding the core objective number 1 of this dissertation, i.e., "to propose a func-
tional method to detect and monitor drowsiness in automobile vehicle drivers using a
seemingly non-intrusive setup", a first baseline approach, focused on real-time face analy-
sis, was achieved, even though the main line of research followed a more robust approach
afterward. The investigation turned to eye-state classification, performing a study of
methods to extract the eye region of interest (ROI) where the accuracy and speed were
considered; selecting local binary patterns (LBPs)’s histograms as features; employing
a Support Vector Machine (SVM); and navigating the ambiguity sometimes present in
eye frames. The investigation then proceeded to drowsiness-level classification, consid-
ering features such as blink frequency, blink duration, and percentage of eye closure
(PERCLOS), leveraging a random forest model, and scrutinizing feature relevance.

Ultimately, a procedure was created that takes the face video of a person and the
time they have spent driving, which are both non-intrusive measurements, and outputs
a drowsiness level prediction. As such, this dissertation’s core objective number 1 was
addressed and completed. Nevertheless, ultimately, the drowsiness-classification perfor-
mance analysis was only registered for the manually labeled eye-state data pipeline, and
the performance achieved for a 3-class classification, of 66,66% accuracy and 66,66%
recall for the drowsy state, is not deemed by this author as sufficient considering the
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severity involved in a road safety issue. The binary classification performed better, with
80% accuracy and 100% recall for the drowsy state, an improvement that might have
resulted from eliminating the intermediate (moderate) class. Challenges emerged that
might have impacted these results, namely the small number of samples in the dataset,
the imbalanced class distribution, the fact that some frames were missing, the low sample
rate in which some of the dataset’s videos were acquired (adequate sample rate is neces-
sary to allow accurate assessment of eye features through video), the ambiguity in some
eye frames, and the potential for bias from the manual labeling.

This work also addressed the need for comprehensive datasets in the context at hand.
It contributed to this vital area by encompassing the development and description of
a data acquisition protocol tailored to the AUTOMOTIVE Project’s objectives and con-
ditions, featuring a multimodal approach considering physiological signals, driver be-
haviour, vehicle behaviour, and individual characteristics. As such, the core objective
number 2 of this dissertation, i.e., "to address the current data gap by proposing an ex-
perimental design and setup for data acquisition in a simulated driving experience", was
done thoroughly.

This dissertation strove to contribute to the overarching goal of equipping vehicles
with the capability to monitor driver drowsiness continuously. While meaningful results
were achieved, it also serves as a call to action, emphasizing the critical need for expanding

datasets, refining classification models, and mitigating potential bias.

6.2 Future Work

The groundwork laid in this research may provide a foundation for future studies.

To use this research as a baseline to later enhance it, concerning its core objective 1,
by replicating the same or similar methods described in this dissertation, increasing the
dataset size and subject variability (ideally, including different ethnic backgrounds) is
key.

Multimodal drowsiness detection would then be a great direction to pursue, focusing
on different combinations of data sources and methods (possibly exploring deep learning
approaches). Taking the AUTOMOTIVE Project as a possible stage for this work, a com-
bination of the current work (on face video and driving time as data sources) with that
of Rodrigues’ [14] (on the electrocardiogram (ECG)), and Fernandes’ [13] (on the Steer-
ing Wheel Rotation Angle (SWA)) would be an opportunity for performing this exciting
analysis, combining driver behaviour, physiological signals, and vehicle behaviour, and
analyzing each input’s importance in different settings (i.e., low-lighting). Allied with
optimization for real-time computing, this kind of development would, in turn, give the
foundation for further studies assessing and implementing an effective alert system.

Additionally, the presence of individual characteristics in driver drowsiness datasets
constitutes a step towards our understanding of the human factors involved in safe driv-

ing and promotes new lines of research, such as interpretability and causality in artificial
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intelligence, which might originate new projects and dissertation topics.
It is this author’s hope that this dissertation acts as a catalyst, inspiring further inves-

tigation in this critical safety domain.
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APPENDIX

THE AUTOMOTIVE PrROJECT

A.1 Introduction

The current work was integrated with the AUTOmatic multiMOdal drowsiness detecTIon
for smart VEhicles (AUTOMOTIVE) Project. The AUTOMOTIVE Project was conducted in
Portugal from October 2018 to November 2021 and led by the Institute for Systems and
Computer Engineering, Technology and Science (INESC TEC), with the participation of
the company CardiolD Technologies Lda (CardiolD), the Instituto Superior de Engen-
haria de Lisboa (ISEL), and the Lusophone University of Humanities and Technologies
(ULHT). It was funded by the European Regional Development Fund (ERDF) through the
Operational Programme for Competitiveness and Internationalization (COMPETE 2020
Programme), and by national funds through the Portuguese funding agency, Fundagao
para a Ciéncia e a Tecnologia (FCT).

The AUTOMOTIVE Project was an extensive study on applying signal processing and
machine learning techniques for driver-specific drowsiness detection in smart vehicles.
The main objectives behind the AUTOMOTIVE Project were the following:

* to apply digital signal and image processing technologies in adaptive automobiles,

diagnosis, and maintenance;
* to monitor driver-status and detect distraction/stress;
* to develop computer vision methods for driver recognition and assisted driving;
* to apply multi-sensor fusion for driver identification and robust driver monitoring;

* to integrate human factors and cognitive science in the enhancement of vehicle and

driver safety;
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* to associate machine learning and data analytics with automotive systems;
* to address issues regarding security and privacy aspects for smart vehicle systems.

The current work, mainly focused on driver drowsiness monitoring, contributed to
all the aforementioned objectives, apart from the last.

The AUTOMOTIVE Project encompassed the development of a simulated driving ex-
perience, which is presented in section A.2, in the interest of acquiring data for the project
and advancing the state-of-the-art in driving research. It also integrated various contri-
butions not presented in the current document. For a preview, Figure A.1 shows the
different topics explored and how they interconnect. The AUTOMOTIVE Project case
study research paper ([15]) offers a comprehensive view of all the research and develop-
ment work conducted for the AUTOMOTIVE Project, highlighting its main achievements.

THE
e AUTOMOTIVE TEMPLATE
SIMULATORS PROJECT SECURITY
MULTIMODAL BIOMETRIC
DATA RECOGNITION
COLLECTION
DRIVER
PROCEDURAL DROWSINESS LONG-TERM
ROAD MONITORING PERFORMANCE
GENERATION
EXPLAINABLE
REE:“ggRPI'I'\(‘)N ARTIFICIAL
INTELLIGENCE
(XAl)

Figure A.1: A holistic view of the AUTOMOTIVE Project, showing the links between the
explored topics and how they ultimately contribute to the central goal of improved driver
drowsiness monitoring [15].

Of the four AUTOMOTIVE Project partners, the current work emerged mainly from
the collaboration with CardioID and the Visual Computing and Machine Intelligence
(VCMI) research group of INESC TEC.

A.1.1 CardioID Technologies Lda

CardioID ! is a spin-off of Instituto de Telecomunicagdes and Instituto Superior Técnico
(University of Lisbon), born out of research on pattern recognition and machine learning
methods applied to the study of biosignals. Of the various context-based applications
of electrocardiogram (ECG) research, CardiolD has selected the automotive industry
as strategic, developing innovative products that take us closer to a non-intrusive and

comprehensive driver monitoring reality and robust advanced driver-assistance systems

cardio&id
Thttps:/ /www.cardio-id.com/ < oM
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(ADAS). CardiolD recurrently joins efforts in national and international partnerships,
taking part in collaborative projects such as the i-DREAMS, Mobi, and, among others, the
AUTOMOTIVE Project.

In the AUTOMOTIVE Project, CardiolD was responsible for developing a driving
simulator capable of mimicking the driving experience and collecting and storing data
from different sensors, as well as conducting the simulated driving sessions resulting in
the project’s data. Furthermore, it shared with INESC TEC the leadership of the work on
the automatic processing of the collected data.

A.1.2 INESC TEC’s VCMI Group

The VCMI research group 2 makes part of the Centre for Telecommunications and Multi-
media (CTM) at INESC TEC. Its research mainly focuses on computer vision and pattern
recognition and applies to endeavors such as computer-aided diagnosis, intelligent vehi-
cle mobility, fatigue detection, breast cancer, cervical cancer, lung cancer, physiological
infant monitoring, and biometric authentication.

In the AUTOMOTIVE Project, the VCMI research group was responsible for creating a
structure with metrics to evaluate the data collected in the project’s data acquisition. Fur-
thermore, it shared with CardiolD the leadership of the work on the automatic processing
of the collected data.

A.2 Data Acquisition

One of the AUTOMOTIVE Project’s objectives was to develop a platform to simulate a real
driving experience and effectively collect multimodal data in real-time. The attributes
of driving data acquired in simulated environments are approached in section 3.1. As a
result, two simulator platforms were designed prior to the current work, where the main
observable difference between the two relies on the immersiveness of the environment.

The first simulator, AUTOMOTIVE Desk-Driver (DD) Simulator, further presented in
section A.2.2, runs on a simple desktop monitor with the driver seated on a chair. The
second, AUTOMOTIVE In-Half-Car (IHC) Simulator, further presented in section A.2.3,
includes a more realistic virtual driving environment, projected onto wide screens sur-
rounding the driver. For added realism, the driver is behind the wheel of a real (parked)
car cut in half. The experimental design was developed in the course of the current work
- see section 3.5.

Both simulator platforms are located at CardiolD’s Lisbon office and integrate the
same, multiple, sensory information, which is retrieved from different sources, as further

explained in section A.2.1.

VISUAL COMPUTING &

Zhttps://vemi.inesctec.pt/ N@M It
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A.2.1 Sensors

The experimental setups of the AUTOMOTIVE Project are prepared to acquire data from
the three measurement approaches presented in section 2.3: vehicle behavior, physi-
ological signals, and driver behavior. This multimodal nature requires the setups to

communicate with several sensors, each collecting data at different rates:

* Face video is acquired with the Intel® RealSense™?> SR300 camera, which simulta-
neously captures an RGB channel (allowing the encoding of millions of colors), and
infrared and depth video channels at 50 Hz. This camera’s software development
kit (SDK) automatically extracts 78-point face landmarks [119];

* ECG is acquired at 1kHz with the CardioWheel [120], a latest generation device that
has sensors built into a steering wheel, automatically extracts heart metrics, and rec-
ognizes the driver’s identity based on these [121]. A wristband (the PulseOn wrist-
band) can also be added, acquiring the photoplethysmogram (PPG) at 25 Hz [122],
[123], as well as a chest-band (the Movesense MD* medical sensor), acquiring heart

rate with clinical precision at 512 Hz.

¢ Collision-avoidance alerts are obtained using the Mobileye® 6 Connect®, which is

an ADAS that allows automatic detection of vehicles.

* Performance telemetry in simulated urban and highway environments (e. g., dy-
namic signals such as acceleration and braking inputs, control of speed limits, lane
following angle, obstacles, traffic violations, and collision events), is obtained by
the simulation [119];

Managing these multiple data sources with specific sampling rates requires a perfor-
mance-focused architecture, which the main contributor thoroughly explained in [124],
and is also presented in the project’s research article( [15]).

In a nutshell, the middleware platform used for integrating inputs and outputs is
Apache Kafka, which guarantees performance and redundancy in the real-time handling
of the multiple data streams. This ability is paramount when dealing with biometric
systems or obstacle detection alerts, both of which depend on millisecond-level response
times to be effective. The inputs and outputs are integrated with a producer/consumer
model, implemented using Message Queuing Telemetry Transport (MQTT) or advanced
message queuing protoco (AMQP). The application programming interface (API) used
for production/consumption is Unity 3D.

SIntel® RealSense™ Computer Vision: Depth and Tracking cameras. Available on https://www.
intelrealsense.com/ (visited on 09/11/2021).

4Movesense MD. Available on https://www.movesense.com/wp-content/uploads/2020/12/
Movesense-Medical-Spec-Sheet-2020-12-v1.0.pdf (visited on 09/11/2021).

>Mobileye: Technical Specification Sheet. Available on https://fleetsafe.com.au/wp-content/
uploads/2019/06/Mobileye-6-Technical-Spec-v0.2-1.pdf (visited on 09/11/2021).
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A benchmarking test was conducted to test the platform’s capabilities, which it passed [124],
proving that this system fulfills the requirements of a driving environment handling real-

time analysis of multiple sources with variable sampling intervals.

A.2.2 AUTOMOTIVE DD Simulator

This simulator’s graphics and physics are supported by Unity 3D, a rendering and physics
engine that has gained widespread adoption in gaming and research and is featured in
several state-of-the-art driving simulators. It is a general-purpose platform that enables
fast development and prototyping of simulated environments while allowing for flexible
scripting control of all virtual environment elements with C# or Javascript.

The designed virtual environment comprises two urban areas connected by a highway.
The urban areas provide a set of complex road geometries and interaction opportunities
with various agents (e. g., pedestrians, traffic signs, crosswalks, intersections, buildings).
The highway, in turn, provides flexibility, enabling experiments of customizable length
and duration and varying road monotony. The procedural generation of the highway
road is what creates this flexibility. It was implemented by adapting the MicroGSD
RoadArchitect® module, which generates a static road geometry from a spline defined
by user-placed nodes. The adaptation eliminated direct user inputs on road geometry
and instead parametrized node location as a random distribution of 3D points. Such

parameters are:
* Segment size, the longitudinal distance between consecutive nodes;
* Number of nodes, which together define the total highway length;
* Number of lanes, that can range from single to three-lane;

* Transverse position and height range: from these, a coordinate is randomly chosen,

hence defining curve and elevation variations along the highway.

By defining these parameters, a highway is generated for every session, allowing us
to control the experiment duration and the driving task’s complexity and ensure that
infinite road geometries with equivalent difficulties are available. Furthermore, having
the spline definition of road trajectory makes it possible to define a set of non-playable
character (NPC) vehicles that travel the highway alongside the user. Generating cars that
follow the defined splines and whose speeds are drawn from random distributions makes
it possible to simulate and adjust traffic dynamics for a more realistic experience.

An example of the running simulation can be seen in Fig. A.2.

The resulting simulation is displayed on an ASUS Monitor (model VS197DE TN
18.5"16:9 60Hz FWXGA), which stands in front of the driver. The steering wheel is a
Logitech G Dual-Motor Feedback Driving Force G29 Gaming Racing Wheel with Respon-
sive Pedals. A photograph of the platform being used is shown in Fig. A.3.

6MicroGSD: Road Architect for Unity. Available on https://github.com/MicroGSD/RoadArchitect.
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Figure A.2: Running simulation in the AUTOMOTIVE DD Simulator: view from inside
the vehicle.

Figure A.3: Experimental setup of the AUTOMOTIVE DD Simulator during use. In the
monitor, the simulation is being displayed in the view from outside the vehicle.

A.2.3 AUTOMOTIVE IHC Simulator

Given the platform described in A.2.1 and A.2.2, the data acquisition and storage func-
tionalities and the biometric recording, user identification, and authentication are avail-
able to be integrated into multiple simulation environments. Consecutively, a simulator
developed externally to the AUTOMOTIVE Project by the ULHT partner was integrated
to create a more immersive simulator, the AUTOMOTIVE IHC Simulator.

The ULHT simulator offers several driving scenarios for greater diversity during the
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driving sessions. These include highways, suburban roads, and urban scenarios. More-
over, it includes the procedural generation of traffic events to analyze the driver’s response
to them. Accessing the database, the event manager can provide event timestamps, al-
lowing the extraction of the physiological data that describes the driver’s reaction to the
corresponding events and, ultimately, their driving performance.

The lineup of the event occurrences must ensure some novelty across different sessions
for the same user. As the route mandates a logical sequence in the highway and suburban
road environments, these driving sessions are expected to include all planned events. On
the other hand, to ensure a consistent experience across all users, the vehicle has a GPS
available in the driving interface, indicating the route to follow in the urban environment.
This environment also stores several invisible checkpoints in particular spots, such as
road intersections or avenues, which trigger events according to the drivers’ proximity.

Some implemented suburban event scenarios are:

* Moving emergency vehicles;

* Stopped vehicles (including after accidents);

* Vehicles breaking road laws;

* Weather, such as rain and fog.

Some urban event scenarios available in the simulator are:
* Pedestrians crossing the road (on crosswalks or not);

* Cyclists on the road;

* Traffic light intersections.

Summing up, with the integration of the ULHT simulator, an automated event gener-
ator enables the simulation of more realistic driving sessions (e. g., commuting between
urban and suburban environments with regular traffic events). An example of the run-
ning simulation can be seen in Fig. A.4. The resulting simulation was designed to be
projected onto an angled display surrounding the driver, who is sitting on a real (parked)
car with an integrated gaming steering wheel and pedals. An illustration of the planned

setup can be seen in Fig. A.5.

A.3 Supervised Internships

Following the collaboration with INESC TEC’s CTM, during this dissertation an involve-
ment in 2 internships also took place, specifically regarding demarcating their goals and

providing guidance for methods.
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A.3.1 Development of a Web-Application for Real-Time Drowsiness
Monitoring

This internship consisted primarily of the development of a web application, by the
student Brenda Nogueira, in which a user could give access to their webcam or upload a
video, and watch a drowsiness alarm system performing over the selected video input, in
real-time.

This drowsiness alarm system constituted the first development approach conducted
in this dissertation, and is explained as follows:

A drowsiness alarm system based on thresholds was implemented following an ap-
proach very commonly found in the Literature (for example, in the works of [46], [125],
and [47]), using Dlib and OpenCV. The Dlib library was used to detect the face and pre-
dict the placement of facial landmarks, using Dlib’s pre-trained facial landmark detector
that places 68 landmarks within a face image.

Then, having the landmarks, the eye aspect ratio (EAR) was extracted as illustrated
in figure A.6. The same approach was conducted for a mouth-opening ratio.

Given the real-time computation of these ratios, an alert system was activated where
a siren sound played when the EAR was below a threshold for too long (over a certain
time threshold), or the mouth-opening ratio was above a threshold, probably indicating
a yawn.

This method was extremely quick to execute, making it usable for real-time perfor-

mance, but it had these significant disadvantages:
» week face detection (sometimes detecting more faces than there were in the frame);
» weak landmark placement, as shown in figure A.7.

» was based on thresholds which, understandably, will vary across individuals with

different eye/mouth opening amplitudes.

A.3.2 A DBN Approach for Driver Drowsiness Detection

This internship, performed by student Ana Maria Sousa, followed the approach from [126],
using facial dynamic fusion information and a deep belief network (DBN). Ana found
that the algorithms using dynamic fusion information outperformed those using single

information.
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A.3. SUPERVISED INTERNSHIPS

(a) Running simulation on the Highway scenario in the AUTOMOTIVE IHC Simulator.
Adverse weather conditions are active (rain).

(b) Running simulation on the Suburban Road scenario in the AUTOMOTIVE IHC Simula-
tor.

(c) Running simulation on the Urban scenario in the AUTOMOTIVE IHC Simulator. Traffic
lights, a pawn on the crosswalk, and a GPS indicating the route to follow can be seen.

Figure A.4: Running simulation on different scenarios in the AUTOMOTIVE IHC Simula-
tor. Views from inside the vehicle.
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APPENDIX A. THE AUTOMOTIVE PROJECT

3.80

Figure A.5: Design of the experimental setup of AUTOMOTIVE IHC Simulator. 3 pro-
jectors are displayed on top of the car. The throw distances of these projectors are repre-
sented.

f'- H
lp2 — pel| + llp3 — ps||

EAR =
2||p1 — pa4||

Figure A.6: Extraction of EAR and mouth landmarks performed.
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A.3. SUPERVISED INTERNSHIPS

Figure A.7: An example of incorrect placement of landmarks in real-time, both in a frame
retrieved from the DROZY database and in a frame retrieved from the webcam.
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SIMULADOR AUTOMOTIVE

01

// ABRIL 2021

OBJETIVO DA
EXPERIENCIA

Adquirir dados que permitam o desenvolvimento
de modelos de detecao de sonoléncia ao volante
através de um conjunto alargado de sensores
integrados no ambiente de conducgao,
nomeadamente, uma camara Intel® RealSense,
uma banda de peito Movessense, uma pulseira
pulseOn, um volante CardioWheel e um sistema
Mobileye™.

NATUREZA DOS DADOS

Sao recolhidos dados associados a dinamica de
conducao do condutor (velocidade, aceleragao e
travagem, angulo do volante), a sua fisiologia
(eletrocardiograma), ao seu comportamento
(abertura dos olhos, frequéncia do pestanejo,
direcao do olhar, postura), ao seu estado de
sonoléncia (autoavaliado) e algumas informagdes
adicionais.

O conjunto dos dados é guardado numa base de
dados, sendo identificado por um numero de
sessao e um identificador Unico, que garantem a
sua pseudoanonimizacgao.

Todo o processo de aquisicao de dados esta
condicionado pela aprovacao explicita e
informada do participante voluntario, a luz do
Regulamento Geral sobre a Protecao de Dados.
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REQUISITOS

Podera participar na experiéncia o sujeito que, no
dia da aquisicao:

e Nao consumiu bebidas alcodlicas;

e Nao consumiu café;

e Nao consumiu cha cafeinado;

e Teve um periodo de descanso noturno entre 6

(seis) e 9 (nove) horas.

Para além disso, o sujeito:

Tem carta de conducgao valida;

Nao é suscetivel a enjoos, como atestado com

0 questionario MSSQ-Short, realizado
previamente a aquisicao no simulador;

Nao padece de epilepsia;

Apresenta uma suscetibilidade a sonoléncia

antes da aquisicao, inferida através do
questionario ESS em portugués, realizado

previamente a aquisicao no simulador, abaixo

de 14 na Epworth Sleepiness Scale.
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PROCEDIMENTO (1/2)

INICIAVEL UNICAMENTE APOS LEITURA,
COMPREENSAO E PREENCHIMENTO DO
CONSENTIMENTO INFORMADO

1. O condutor (participante) deve inteirar-se do
conteudo deste protocolo, esclarecendo qualquer
duvida com o supervisor da experiéncia antes do
inicio do exercicio de conducao simulada com
aquisicao de dados.

2. O condutor deve preencher o formulario de
caracterizagao que lhe sera entregue, relativo a
informacdes adicionais, assim como realizar o
questionario de tipologia circadiana de Horne
and Ostberg, que também Lhe sera entreqgue.

3. O supervisor ira apresentar a escala utilizada
para a autoavaliacao do estado de sonoléncia
(escala KSS) ao condutor, encontravel na pagina
5, devendo este inteirar-se da mesma,
esclarecendo qualquer duvida com o supervisor.

4. O condutor deve sentar-se em frente ao
volante e ajustar a altura e a posicao
longitudinal da cadeira, assim como a posicao
dos pedais, de modo a estabelecer uma posicao
confortavel para o exercicio de conducao.

5. Caso seja a primeira sessao do condutor, este
devera proceder ao seu registo no sistema sob
orientacao do supervisor.
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PROCEDIMENTO (2/2)

O PARTICIPANTE PODE COMUNICAR A SUA
DESISTENCIA DO ESTUDO A QUALQUER MOMENTO,
SEM NECESSIDADE DE JUSTIFICACAO

6. Para familiarizar o condutor com a simulacao de
conducao e esclarecer quaisquer duvidas sobre a
sua interacao, esta sera primeiramente iniciada sem
aquisicao de dados associada.

A partir do inicio do exercicio de condu¢do com
aquisicdo de dados e até ao seu término, nenhuma
intera¢do ndo prevista deverd existir entre o condutor
e o supervisor ou elementos exteriores.

7. Iniciada a aquisicao de dados, o condutor ira
comecar a sua viagem na Cidade A, convergindo
posteriormente para uma autoestrada.

8. O condutor ira permanecer na autoestrada
aproximadamente 60 minutos, chegando
posteriormente a Cidade B.

9. Na Cidade B o condutor devera circular por cerca
de 5 minutos até decidir terminar a aquisicao.

Durante a aquisicao ira ser periodicamente
solicitado ao condutor que indique a sua posicao
atual na escala KSS. Neste momento, o condutor
devera proferir unicamente 0 numero
correspondente a sua autoavaliacao.

Durante toda a simula¢do o condutor deve respeitar
as regras de trdnsito e, especialmente, as marcagoes
horizontais.
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ESCALA KSS

KAROLINSKA SLEEPINESS SCALE

A Karolinska Sleepiness Scale, ou KSS, € uma
escala numérica que compreende valores de 1 a 9
(inclusive), correspondentes ao estado de
sonoléncia do individuo, conforme apresentado
em seguida:

. Em alerta total

. Em alerta

1
2
3
4.
5. Nem alerta nem sonolento/a
6
7. Sonolento/a, mas sem dificuldades em estar acordado/a
8
9

. Claramente sonolento/a, a combater o sono

Quando solicitado, o condutor devera proferir
qualquer um dos numeros apresentados supra,
incluindo os valores intermédios, consoante a
descricao que melhor representar o seu estado
naquele momento.
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APPENDIX

DROZY DATABASE DATA STUDY

This Appendix shows the DROZY table with the summary information of each sample,

including video of origin, Karolinska Sleepiness Scale (KSS) score, and calculated driving

time.

) Sample Frame Inteval Driving Driving

Sample Video . )

Frequency (FPS) start end Time (s) set split
1 1-1 30 1 1976 3 0 train
2 1-1 30 15889 17865 6 596 train
3 1-2 15 1 988 6 596 test
4 1-2 15 8509 9497 7 1229 train
5 1-3 15 1 988 7 1229 test
6 2-1 30 1 1976 3 0 train
7 2-1 30 15923 17899 7 597 train
8 2-2 15 1 988 7 597 test
9 2-2 15 8413 9401 6 1254 train
10 2-3 15 1 988 6 1254 train
11 3-1 30 1 1976 2 0 train
12 3-1 30 15906 17882 3 596 train

13 3-2 15 1 988 3 596 Not Considered

14 3-2 15 7860 8848 4 1186 train
15 3-3 15 1 988 4 1186 train
16 4-1 30 1 1976 4 0 train
17 4-1 30 15813 17789 8 593 test
18 4-2 15 1 988 8 593 train
19 4-2 15 7475 8463 9 1157 train
20 4-3 15 1 988 9 1157 train
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21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57

5-1
5-1
5-2
5-2
5-3
6-1
6-1
6-2
6-2
6-3
7-2
7-2
7-3
8-1
8-1
8-2
8-2
8-3
9-2
9-2
9-3
10-1
10-3
11-1
11-1
11-2
11-2
11-3
12-1
13-1
13-1
13-2
14-1
14-1
14-2
14-2
14-3

30
30
15
15
15
30
30
15
15
15
15
15
15
30
30
15
15
15
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30
30

1
15922
1
7187
1

1
15937
1
7864

15938

15910

15907
1
15885
1

1976
17898
988
8175
988
1976
17913
988
8852
988
988
7912
988
1976
17863
988
8874
988
1976
17908
1976
1976
1976
1976
17914
1976
17886
1976
1976
1976
17902
1976
1976
17883
1976
17861
1976

3
7
7
8
8
2
3
3
7
7
4
9
9
2
6
6
8
8
6
8
8
3
7
4
7
7
7
7
2
6
3
3
5
7
7
8

8

597
597
1142
1142

597
597
1187
1187
590
1117
1117

595
595
1187
1187
590
1187
1187

1181

597
597
1193
1193
0

0
597
597
0
596
596
1191
1191

train
train
Not considered
Not considered
Not considered
train
test
Not considered
train
train
train
train
test
test
train
train
train
test
train
test
train
train
train
train
train
train
test
train
train
train
test
train
train
train
train
train

train

Table E.1: Summary information of each sample, including

video of origin, KSS score, and calculated driving time.
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APPENDIX

LANDMARK ERROR TABLE

Algorithm min error mean error max error
FaceBoxes MobileNet 2,91 3,95 5,02
RetinaFace MobileNet 2,91 3,93 5,04
FaceBoxes MobileFaceNet 2,26 3,44 4,46
FaceBoxes MobileNet 2,37 3,35 4,18

Table F.1: Minimum, mean, and maximum distribution of
error (by Euclidian distance of pixels), by algorithms applied,

over all samples.

Algorithm Facial subsection min error mean error max error
MobileFaceNet_FaceBoxes Face Outline 2.67 6.58 11.80
MobileFaceNet_FaceBoxes EyeBrow Right 2.06 3.47 4.72
MobileFaceNet_FaceBoxes EyeBrow Left 1.44 2.76 5.02
MobileFaceNet FaceBoxes Nose 2.07 3.25 5.24
MobileFaceNet_FaceBoxes Eye Right 2.55 3.38 4.62
MobileFaceNet_FaceBoxes Eye Left 1.99 2.83 4.21
MobileFaceNet_FaceBoxes Mouth Ext 2.02 2.79 4.16
MobileFaceNet_FaceBoxes Mouth Int 2.33 3.26 5.93
MobileFaceNet_Retinaface Face Outline 2.65 6.51 11.57
MobileFaceNet_Retinaface EyeBrow Right 2.09 3.46 4.71
MobileFaceNet_Retinaface EyeBrow Left 1.46 2.68 4.79
MobileFaceNet_Retinaface Nose 2.11 3.27 5.26
MobileFaceNet_Retinaface Eye Right 2.53 3.38 4.65
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MobileFaceNet_Retinaface Eye Left 1.98 2.84 4.19

MobileFaceNet_Retinaface Mouth Ext 2.04 2.79 4.21
MobileFaceNet_Retinaface Mouth Int 2.31 3.25 5.88
MobileNet_FaceBoxes Face Outline 2.60 5.10 8.23
MobileNet_FaceBoxes EyeBrow Right 1.39 3.13 5.32
MobileNet_FaceBoxes EyeBrow Left 1.20 2.93 5.80
MobileNet_FaceBoxes Nose 2.20 3.01 4.82
MobileNet_FaceBoxes Eye Right 2.20 2.97 4.30
MobileNet_FaceBoxes Eye Left 1.88 2.59 3.77
MobileNet_FaceBoxes Mouth Ext 1.83 2.70 4.38
MobileNet_FaceBoxes Mouth Int 1.84 3.01 5.07
MobileNet_ Retinaface Face Outline 2.50 4.82 7.05
MobileNet_Retinaface EyeBrow Right 1.43 3.14 5.31
MobileNet_ Retinaface EyeBrow Left 1.13 2.85 5.69
MobileNet_Retinaface Nose 2.21 2.97 4.79
MobileNet_Retinaface Eye Right 2.30 3.05 4.35
MobileNet_Retinaface Eye Left 1.86 2.56 3.72
MobileNet_Retinaface Mouth Ext 1.82 2.65 4.34
MobileNet_Retinaface Mouth Int 1.81 2.98 5.12

Table F.2: Minimum, mean, and maximum distribution of
error (by Euclidian distance of pixels), by facial subsection

and algorithms applied, over all samples.

87



APPENDIX

MorE oN THE ECG

Electrocardiography is defined as the process of sensor recording the electrical activity
of the heart, usually displaying it in a graph of micro voltage over time. This is done by
measuring small electric changes created by the heart muscle tissue when its chambers
are contracting and relaxing, during each cardiac cycle. Hence, a physiological signal is
recorded. The heart has 4 chambers, namely, two atriums and two ventricles, anatomi-

cally organized as represented in figure G.1.

The ECG, the graph produced by electrocardiography, is widely used in medicine to

assess cardiovascular health and to alert for a variety of possible heart diseases.

The signal is created due to the successive contractions and relaxations of the my-
ocardium, which in turn create different depolarization and repolarization directions
that are registered. As such, the ECG is defined by a periodic and very specific wave
format, described in figure G.2, which is usually characterized by five different types
of waves: P, Q, R, S, T, and in some cases a sixth wave, denominated as U. The health
assessment is done by analyzing the ECG and, more specifically, by detecting variations

on the properties of the electrocardiographic signal [128].

The acquisition of an ECG can be done either in an intrusive or a non-intrusive
methodology. The intrusive acquisition method is done in a clinical setting, where several
electrodes are attached to the human body. Electrodes are sensors that require the use
of a conductive material to enable physical contact between them and the skin. This is
usually the procedure most commonly used in a medical setting, as it accurately cap-
tures the electrocardiographic signal, given that the electrode type, application, and skin
preparation are correct [130]. Nonetheless, this process has the limitation of requiring a
controlled physical environment as an ambulance or a treatment room. In this type of
acquisition configuration, 10 electrodes are attached, creating 12 ECG-Leads, as repre-
sented in figure G.3. This means that, under some circumstances, the placement of up
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Atrioventricular
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Ventricular
Muscle

Figure G.1: Abbreviation’s: RA - Right Atrium; LA - Left Atrium; LV - Left Ventricle; RV -
Right Ventricle. Adapted of [127]

@ DEPOLARISATION @ DEPOLARISED @ REPOLARISATION

Figure G.2: Electrical conduction events in the heart. Diagrams 1-6 are color coded to
match the respective phase on the ECG signal. Another color code is used to indicate the
polarisation state in each heart cavity. [129]
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APPENDIX G. MORE ON THE ECG

to twelve electrodes is required. All these limitations are serious disadvantages for the
acquisition of the ECG under a surveillance context, like the one this work will focus on,

as it may affect the action performance of the individuals.

RA - right forearm or wrist

LA - left forearm or wrist

LL - left lower leg, proximal to ankle

RL - right lower leg, proximal to ankle

V1 - 4-th intercostal space, right sternal edge
V2 - 4-th intercostal space, left sternal edge

V3 - midway between V2 and V4

V4 - 5-th intercostal space, mid-clavicular line
V5 — anterior axillary line in straight line with V4
V6 — mid-axillary line in straight line with V4 and V5 aVvF

(a) (b)

Figure G.3: (a) Schematic representation of the placement in the human body of the 10
eletrodes as well as their names, under a invasive methodology (b) Schematic representa-
tion of the directions of each of the 12 ECG leads along the human body, with aVR, aVL,
AVF, V1, V2,V3,V4 and V5 being unipolar and I, II and III being bipolar. Moreover the
arrows in color red correspond to precordial leads, and the arrows in blue indicate the
limb leads[131], [132]

On the other hand, non-intrusive methods acquire data without the sensors needing
to be placed in the body. Instead, these are placed on objects which are used recurrently
and are in contact with the human subject. These sensors take advantage of human
perspiration to acquire signals through the use of dry electrodes, electrodes which do not
require a conductor gel material to acquire. Non-intrusive ECG acquisition hence has the
very significant advantage of not interfering with the human daily actions, despite being
more susceptible to noise when compared with intrusive methods, and consequently

requiring a more complex pre-processing step. [133]
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A NNEX

QUESTIONNAIRES FOR THE AUTOMOTIVE

AcquisitioN PrRoTOCOL

Please find the following questionnaires enclosed in the following pages:
* The Horne and Ostberg’s Morningness-Eveningness Questionnaire (MEQ);
* The Epworth Sleepiness Scale (ESS);
* The Immersive Tendencies Questionnaire (ITQ);

* The Subject Characterization Questionnaire;

The Motion Sickness Susceptibility Questionnaire (MSSQ)-short;
* The System Usability Scale (SUS).

Notably, they are written in Portuguese, as this is the mother tongue of the designed

experience’s target group.
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Questionario de Horne e Ostberg

Este questionario destina-se a aplicacao do "Morningness-Eveningness Type Questionnaire" de
Horne e Ostberg, adaptado para Portugués de Portugal por Silvério, Silva e Macedo, em 1998.

Este questionario é uma ferramenta utilizada para aferir a tipologia circadiana de um individuo.
Por favor responda o melhor que conseguir a todas as 16 (dezasseis) alineas.

*Qbrigatorio

Considerando apenas o seu bem-estar pessoal e tendo liberdade total para planear a
sua noite, a que horas se deitaria? *

Por favor selecione o nimero, de 1 a 5, correspondente a sua resposta, tendo em conta a imagem abaixo em que a escala
horizontal representa determinadas horas num dia.

21 22 23 24 01 02 03 04 05
Noite

e S —p 44— 3 > < 2 > < I >

Marcar apenas uma oval.

2. Até que ponto precisa do despertador para acordar a uma determinada hora de

manha? *

Marcar apenas uma oval.

Nao preciso
Preciso poucas vezes
Preciso muitas vezes

Preciso sempre



3. Quando estad em boas condigdes mentais, fisicas e ambientais (ex.: temperatura do
quarto agradavel), com que facilidade acha que se levanta de manha? *

Marcar apenas uma oval.
Nada facil
Pouco facil
Facil

Muito facil

4. Na primeira meia hora depois de ter acordado de manha, em que medida se sente
desperto/a? *

Marcar apenas uma oval.
Nada desperto
Pouco desperto
Desperto

Muito desperto

5. Depois de acordar, como € o seu apetite durante a primeira meia hora? *
Marcar apenas uma oval.

Muito mau apetite
Mau apetite
Bom apetite

Muito bom apetite

6. Depois de ter acordado de manha, em que medida se sente cansado/a na primeira
meia hora? *

Marcar apenas uma oval.
Muito cansado
Cansado
Fresco

Muito fresco



7. Habitualmente, a que horas da noite se sente cansado/a e com vontade de dormir? *
Por favor selecione o nimero, de 1 a 5, correspondente a sua resposta, tendo em conta a imagem abaixo em que a escala

horizontal representa determinadas horas num dia.

2 22 23 24 0l 02 03 04 05
Noite

<4+ —>r < 4 > < 3 > <4 2 > < 1 >

Marcar apenas uma oval.
1

2

8. Quer estar no MAXIMO DA SUA FORMA para fazer um teste que dura duas horas e sabe
que é mentalmente cansativo. Considerando o seu bem-estar pessoal e com liberdade

total para planear o seu dia, qual destes horarios escolheria para fazer esse teste? *
Marcar apenas uma oval.

Das 08h00 as 12h00

Das 12h00 as 16h00

Das 16h00 as 20h00

Das 20h00 as 24h00

9. Depois de um dia normal, qual seria o seu nivel de cansago se tivesse de se deitar as
23h00? *

Marcar apenas uma oval.
Nada cansado
Cansado
Muito cansado

Extremamente cansado



10. Por alguma razao, foi dormir varias horas mais tarde do que é habitual. Se no dia

seguinte nao tiver hora certa para acordar, o que acontece? *

Marcar apenas uma oval.
Acordo a hora habitual, sem sono
Acordo a hora habitual, com sono
Acordo a hora habitual, mas adormeg¢o novamente

Acordo mais tarde do que é habitual

11. Se tiver de ficar acordado das 04h00 as 06h00 horas da manha para realizar uma

tarefa e nao tiver nenhum compromisso no dia seguinte, o que faz? *

Marcar apenas uma oval.
Durmo s6 depois de realizar a tarefa
Tiro uma soneca antes da tarefa e durmo depois
Durmo bastante, antes de realizar a tarefa, e tiro uma soneca depois

S6 durmo antes de realizar a tarefa

12. Imagine que tem duas horas de exercicio fisico pesado para realizar. Considerando
apenas o seu bem-estar pessoal e tendo total liberdade para planear o seu dia, qual

destes horarios escolheria? *

Marcar apenas uma oval.
Das 07h00 as 11h00
Das 11h00 as 15h00
Das 15h00 as 19h00

Das 19h00 as 23h00

13. Decidiu fazer exercicio fisico "duro”. Um amigo sugeriu o horario das 22h00 as 23h00,
duas vezes por semana. Considerando apenas o seu bem-estar pessoal, como acha
gue seria o seu desempenho se fizesse exercicio entre as 22h00 e as 23h00? *

Marcar apenas uma oval.
Seria excelente
Seria bom
Seria mau

Seria muito mau



14. Suponha que poderia escolher o seu proprio horario de trabalho e que deveria
trabalhar 5 (cinco) horas seguidas por dia, sendo possivel efetuar pequenos
intervalos nesse periodo. Imagina que seja um servigco interessante e que vocé
ganharia pelos resultados da producgao. A que horas comecaria a trabalhar? *

Por favor selecione o numero, de 1 a 5, correspondente a sua resposta, tendo em conta a imagem abaixo em que a escala
horizontal representa determinadas horas num dia.

| N N Y T

I A O I Kk |
It (203 a5 Te [7 18 19 [wo]ur]i2]3]14]15]16]17[18]19]20]21 |22

< ! P45 Pet—i —PEt— 33—t 2 —Pet— | —>

Marcar apenas uma oval.

15. Em termos de bem-estar geral a que hora do dia se sente no seu melhor? *

Por favor selecione o niumero, de 1 a 5, correspondente a sua resposta, tendo em conta a imagem abaixo em que a escala
horizontal representa determinadas horas num dia.




16. Ouve-se dizer que ha pessoas que funcionam melhor de manha (tipo matutino) e
pessoas que funcionam melhor a tarde/noite (tipo vespertino). Qual destes tipos acha
que é? *

Marcar apenas uma oval.
Sem duvida do tipo matutino
Mais matutino do que vespertino
Mais vespertino do que matutino

Sem duvida do tipo vespertino

Este conteudo néo foi criado nem aprovado pela Google.



Questionario da Escala de Sonoléncia de Epworth

Este questionario destina-se a extragao da sua posigao na Escala de Sonoléncia de Epworth.

O questionario da Escala de Sonoléncia de Epworth é uma ferramenta utilizada para aferir niveis
excessivos de sonoléncia diurna.

Por favor responda o melhor que conseguir a todas as 8 (oito) alineas.

*Qbrigatorio

Este questionario refere-se ao seu modo de vida habitual nos ultimos tempos. Mesmo que nao tenha feito
algumas destas coisasultimamente, tente imaginar como é que elas o/a afetariam.

1. Qual a probabilidade de dormitar ("passar pelas brasas") ou de adormecer - e ndo apenas sentir-
se cansado/a - nas seguintes situagoes? *

Nenhuma probabilidade Ligeira probabilidade Moderada probabilidade Forte probabilidade
de dormitar de dormitar de dormitar de dormitar

Sentado/a a ler

A ver televisao

Sentado/a inativo/a num lugar
publico (por exemplo, sala de
espera, cinema ou reuniao)

Como passageiro num carro
durante uma hora, sem paragem

Deitado/a a descansar a tarde
quando as circunstancias o
permitem

Sentado/a a conversar com
alguém

Sentado/a calmamente depois de
um almogo sem ter bebido alcool

Ao volante, parado/a no transito
durante uns minutos

Este contelido ndo foi criado nem aprovado pela Google.



Immersive Tendencies Questionnaire

Este questionario destina-se a aplicacdao do "Immersive Tendencies Questionnaire" de Witmer e
Singer, em Portugués.

Indique a sua resposta preferencial, assinalando a opg¢ao adequada da escala de sete pontos. Tenha
em conta toda a escala ao dar as suas respostas, uma vez que os niveis intermédios se podem

aplicar. Por exemplo, se a sua resposta for uma ou duas vezes, deve assinalar '2'. Se a sua resposta
for muitas vezes, mas nao com extrema frequéncia, entao deve assinalar '6".

Por favor responda o melhor que conseguir a todas as 18 (dezoito) alineas.

*Qbrigatorio

1. Fica facilmente envolvido/a em filmes ou séries de televisiao? *

Marcar apenas uma oval.

Nunca Frequentemente

2. Alguma vez se envolveu tanto num programa ou num livro que as pessoas tém
dificuldade em captar a sua atencao? *

Marcar apenas uma oval.

Nunca Frequentemente

3. Quao mentalmente alerta se sente neste momento? *

Marcar apenas uma oval.

Nada alerta Completamente alerta



4. Alguma vez se envolveu tanto num filme que nao se apercebe do que acontece a sua volta? *

Marcar apenas uma oval.

Nunca Frequentemente

5. Com que frequéncia se identifica intimamente com as personagens de uma histéria? *

Marcar apenas uma oval.

Nunca Frequentemente

6. Alguma vez se envolveu tanto num jogo de video que € como se estivesse dentro do jogo em vez
de estar a mover um joystick e a ver o ecra? *

Marcar apenas uma oval.

Nunca Frequentemente

7. Quao fisicamente em forma se sente hoje? *

Marcar apenas uma oval.

Nada em forma Completamente alerta

8. Qual é a sua capacidade de bloquear distragdes externas quando esta envolvido/a em
algo?*

Marcar apenas uma oval.

Muito ma Muito boa



9. Ao ver desporto, alguma vez se envolveu tanto num jogo que reagiu como se fosse um dos
jogadores? *

Marcar apenas uma oval.

1 2 3 4 5 6 7

Nunca Frequentemente

10. Alguma vez ficou tao envolvido/a num daydream que nao se apercebe do que acontece a
sua volta? *

Marcar apenas uma oval.

1 2 3 4 5 6 7

Nunca Frequentemente

11. Alguma vez teve sonhos tao reais que se sentiu desorientado quando acordou? *

Marcar apenas uma oval.

1 2 3 4 5 6 7

Nunca Frequentemente

12. Quando pratica desporto, fica tdo envolvido/a na atividade que perde a nogao do tempo? *

Marcar apenas uma oval.

1 2 3 4 5 6 7

Nunca Frequentemente

13. Quao bem se concentra em atividades agradaveis? *

Marcar apenas uma oval.

1 2 3 4 5 6 7
Nada Muito bem



14. Com que frequéncia joga jogos de arcada ou de video? (Entenda-se por frequentemente
todos os dias ou de dois em dois dias, em média). *

Marcar apenas uma oval.

1 2 3 4 5 6 7

Nunca Frequentemente

15. Alguma vez se entusiasmou durante uma cena de perseguig¢ao ou de luta na televisdo ou no
cinema? *

Marcar apenas uma oval.

1 2 3 4 5 6 7

Nunca Frequentemente

16. Alguma vez se assustou com algo num programa de televisao ou num filme? *

Marcar apenas uma oval.

1 2 3 4 5 6 7

Nunca Frequentemente

17. Alguma vez ficou apreensivo ou com medo muito tempo depois de ver um filme de terror? *

Marcar apenas uma oval.

1 2 3 4 ) 6 7

Nunca Frequentemente

18. Alguma vez se envolveu tanto a fazer algo que perdeu a nogao do tempo? *

Marcar apenas uma oval.

1 2 3 4 5 6 7

Nunca Frequentemente

Este conteldo ndo foi criado nem aprovado pela Google.



Motion Sickness Susceptibility Questionnaire Short-Form

Este questionario destina-se a aplicagao do "Motion Sickness Susceptibility Questionnaire Short-
Form" em Portugués (MSSQ-short), para prevenir episédios de cinetose (conjunto de sintomas
associados ao enjoo e provocados por ambientes em movimento) na sua participagdo na
componente presencial do estudo.

O MSSQ-short € um questionario que afere os movimentos responsaveis por iniciar sintomas de
nausea e tonturas, considerando a sua relagdo com nove meios de transporte e entretenimento,
atualmente e na sua infancia.

Por favor responda o melhor que conseguir a todas as 18 (dezoito) alineas.

*Qbrigatorio

1. Na sua infancia (antes dos 12 anos), qudo frequentemente se sentiu adoentado/a ou com
nauseas nas seguintes situagoes? *

N&o aplicével (nunca viajei ou Nunca ficava Raramente ficava As vezes ficava Frequentemente
participei na agdo descrita) enjoado/a enjoado/a enjoado/a ficava enjoado/a

Numa viagem de carro

Numa viagem de autocarro

Numa viagem de comboio

Numa viagem de aviao

Numa viagem num barco
pequeno

Numa viagem num navio
ou cacilheiro

Nos baloigos do parque
infantil

Na roda/gira-gira/chavena
do parque infantil

Em montanhas-russas ou
grandes carrosséis




2. Ao longo dos ultimos 10 anos, quéo frequentemente se sentiu adoentado/a ou com nauseas nas
seguintes situagdes? *

N&o aplicével (nunca viajei ou Nunca ficava Raramente ficava As vezes ficava Frequentemente
participei na agdo descrita) enjoado/a enjoado/a enjoado/a ficava enjoado/a

Numa viagem de carro

Numa viagem de autocarro

Numa viagem de comboio

Numa viagem de avido

Numa viagem num barco
pequeno

Numa viagem num navio
ou cacilheiro

Nos baloigos do parque
infantil

Na roda/gira-gira/chavena
do parque infantil

Em montanhas-russas ou
grandes carrosseéis

010]0]0]010/0|0]0
010]0]0]010/0|0]0
010]0]0]010/0|0]0
010]0]0]010/0|0]0
010]0]0]010/0|0]0

Este contelido ndo foi criado nem aprovado pela Google.



Caracterizacao

Este questionario destina-se a recolher informacgao adicional sobre si com vista a caracteriza-lo,
ndo sendo usavel para o/a identificar.

Por favor responda da forma mais verosimil que conseguir.

*Qbrigatério

1. Idade (anos) *

2. Sexo*

Marcar apenas uma oval.

Feminino
Masculino

Outra:

3. Como avalia a qualidade do seu sono numa escala de 1a 10?7 *

Péssima Excelente

4. Com que frequéncia consome cafeina atualmente? *

Marcar apenas uma oval.

Nunca
Raramente
1 ou 2 cafés por dia

Mais de 2 cafés por dia



5.  Com que frequéncia conduz, num ano tipico? *

Marcar apenas uma oval.

Ocasionalmente
Varias vezes por més
Varias vezes por semana

Varias vezes por dia

6. Como avalia a sua relagao com o exercicio de conduc¢ao atualmente? *

Marcar apenas uma oval.

Extremamente desconfortavel a conduzir
Algum desconforto a conduzir
Razoavel desconforto a conduzir

Total confianga a conduzir

7. Se usar pacemaker ou tomar alguma medicac¢ao que influencie o seu ritmo cardiaco,
por favor indique-os.

Esta questdo nao é obrigatéria. Caso nado se aplique a si, por favor deixe em branco.

8. Se tiver algum disturbio do sono diagnosticado, por favor indique-o.

Esta questdo ndo é obrigatéria. Caso ndo se aplique a si, por favor deixe em branco.

9. Horario de trabalho (ou equiparavel) tipico.

Se trabalhar por turnos por favor indique-o, referindo também se faz turnos durante a noite. Com "equiparavel"
pretende-se dar a entender que esta questao estd focalizada na sua principal atividade diaria, admitindo como
resposta ndo sé um horario laboral, como também horario de aulas ou de voluntariado, por exemplo, se for o que
mais se aplica a si. Esta questdo nao é obrigatéria. Caso nao se aplique a si, por favor deixe em branco.



Este conteldo nao foi criado nem aprovado pela Google.

Google Formularios



System Usability Scale (SUS)

Este questiondrio destina-se a aplicagdo da System Usability Scale (SUS), adaptada para Portugués
de Portugal por Ana Isabel Martins et al. (2015), seguindo as linhas orientadoras estabelecidas
internacionalmente, de forma a assegurar a qualidade da tradugado resultante e a equivaléncia
semantica, garantido a consisténcia do significado dos conceitos entre esta versao e a original.

*Qbrigatério

1. Por favor responda o melhor que conseguir a todas as 10 (dez) alineas. *

1. Discordo Fortemente

2

4

5. Concordo Fortemente

1. Acho que gostaria de utilizar este produto com
frequéncia.

2. Considerei o produto mais complexo do que
necessario.

3. Achei o produto facil de utilizar.

4. Acho que necessitaria de ajuda de um técnico
para conseguir utilizar este produto.

5. Considerei que as varias funcionalidades deste
produto estavam bem integradas.

6. Achei que este produto tinha muitas
inconsisténcias.

7. Suponho que a maioria das pessoas aprenderia
a utilizar rapidamente este produto.

8. Considerei o produto muito complicado de
utilizar.

9. Senti-me muito confiante a utilizar este
produto.

10. Tive que aprender muito antes de conseguir
lidar com este produto.

Este contelido ndo foi criado nem aprovado pela Google.
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