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Abstract

Drowsy driving continues to be a significant cause of road traffic accidents, necessi-
tating the development of robust drowsiness detection systems. This research enhances
our understanding of driver drowsiness by analyzing physiological indicators — heart rate
variability (HRV), the percentage of eyelid closure over the pupil over time (PERCLOS),
blink rate, blink percentage, and electrodermal activity (EDA) signals. Data was collected
from 40 participants in a controlled scenario, with half of the group driving in a non-
monotonous scenario and the other half in a monotonous scenario. Participant fatigue was
assessed twice using the Fatigue Assessment Scale (FAS).

The research developed three machine learning models: HRV-Based Model, EDA-
Based Model, and Eye-Based Model, achieving accuracy rates of 98.28%, 96.32%, and 90%
respectively. These models were trained on the aforementioned physiological data, and their
effectiveness was evaluated against a range of advanced machine learning models including
GRU, Transformers, Mogrifier LSTM, Momentum LSTM, Difference Target Propagation,
and Decoupled Neural Interfaces Using Synthetic Gradients.

The HRV-Based Model and EDA-Based Model demonstrated robust performance in
classifying driver drowsiness. However, the Eye-Based Model had some difficulty accurately
identifying instances of drowsiness, likely due to the imbalanced dataset and underrepre-
sentation of certain fatigue states. The study duration, which was confined to 45 minutes,
could have contributed to this imbalance, suggesting that longer data collection periods
might yield more balanced datasets.

The average fatigue scores obtained from the FAS before and after the experiment
showed a relatively consistent level of reported fatigue among participants, highlighting
the potential impact of external factors on fatigue levels.

By integrating the outcomes of these individual models, each demonstrating strong
performance, this research establishes a comprehensive and robust drowsiness detection
system. The HRV-Based Model displayed remarkable accuracy, while the EDA-Based
Model and the Eye-Based Model contributed valuable insights despite some limitations.
The research highlights the necessity of further optimization, including more balanced
data collection and investigation of individual and external factors impacting drowsiness.
Despite the challenges, this work significantly contributes to the ongoing efforts to improve
road safety by laying the foundation for effective real-time drowsiness detection systems
and intervention methods.
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Chapter 1

Introduction

1.1 Motivation

The motivation for this thesis is rooted in the substantial concern of driver fatigue,
which continues to be a signi cant cause of road tra ¢ accidents globally. Studies suggest
that fatigue can signi cantly impair a driver's performance, leading to a higher risk of
collisions, injuries, and fatalities [25]. Despite the growing body of evidence linking fatigue
to poor driving performance, e ective and reliable fatigue detection systems are not yet
widespread [30]. The need for such systems becomes more pressing with the growing
number of drivers and increased length of commutes.

Traditional fatigue detection methods often rely on indirect measures, such as track-
ing vehicle movements or relying on driver self-reports [10]. These measures have proven
to be inadequate and unreliable as they either lack the sensitivity to detect early signs of
fatigue or su er from subjectivity [58]. For instance, drivers may not be fully aware of
their fatigue levels or might underreport their drowsiness due to social desirability bias or
underestimation of risks. Therefore, developing a system that directly measures physio-
logical indicators of fatigue can overcome these limitations and signi cantly enhance our
ability to detect driver fatigue accurately and promptly.

Emerging technologies, such as eye-tracking devices, heart rate monitors, and EDA
sensors, provide a unique opportunity to capture direct physiological measures indicative
of fatigue [22] [46] [15]. However, the complex and dynamic nature of these data requires
advanced analysis techniques to accurately interpret and classify fatigue levels. Machine
learning o ers a promising solution to this challenge by providing sophisticated algorithms



capable of identifying intricate patterns and relationships in large and complex datasets
[45] [28] [66].

Furthermore, the motivation for this study extends to the fact that previous research
often employed an unimodal approach to fatigue detection, relying on a single data source.
This approach overlooks the multifaceted nature of fatigue, which is likely to manifest
through various physiological changes. Hence, a multimodal approach that combines dif-
ferent physiological measures can provide a more comprehensive and accurate detection of
fatigue [30].

Ultimately, the driving motivation for this thesis is to signi cantly contribute to
enhancing road safety. By developing a robust, comprehensive, and reliable drowsiness de-
tection system, this research aims to enable timely interventions to prevent fatigue-related
accidents, thereby potentially saving lives and reducing injuries on the roads [30] [10]. This
thesis seeks to bring us closer to the goal of safer roads by providing more sophisticated
and accurate tools for real-time drowsiness monitoring in various transportation settings.

1.2 Research objectives

1.2.1 General

Develop a comprehensive and robust drowsiness detection system that leverages ma-
chine learning models trained on diverse physiological indicators, including HRV, PERCLOS,
BR, BP, and electrodermal activity (EDA) signals.

1.2.2 Specic

1. Develop a robust machine learning model for detecting driver drowsiness based on
HRV data.

2. Design and train a separate machine learning model that can accurately analyze and
interpret eye movement patterns (PERCLOS, BR, BP) for drowsiness detection.

3. Build a third machine learning model focused on interpreting EDA signals as an
additional physiological indicator of drowsiness.

4. Compare the performance and reliability of each individual model in accurately de-
tecting drowsiness in drivers.



5. Evaluate the correlation between the detected physiological indicators of drowsiness
(HRV, eye movement patterns, EDA signals) and the self-reported fatigue levels using
the FAS.

6. Explore the possibilities of integrating the outcomes from these individual models for
a more comprehensive and robust drowsiness detection system.

7. Conduct rigorous performance assessments of each model, utilizing established eval-
uation metrics such as accuracy, precision, recall, and F1 score.

8. Identify the optimal machine learning models for each physiological data type, draw-
ing from contemporary advancements such as gated recurrent unit (GRU), Trans-
formers, Mogri er LSTM, Momentum LSTM, Dierence Target Propagation, and
Decoupled Neural Interfaces Using Synthetic Gradients.

9. Contribute to the ongoing e orts to improve road safety by providing e ective tools
for real-time drowsiness detection and timely intervention.

1.3 Thesis overview

The remainder of this thesis is structured as follows:

Chapter 2 o ers a comprehensive review of existing literature on drowsiness, includ-
ing its causes and e ects, along with an overview of its measurement techniques,
emphasizing the speci c methods employed in this study.

In Chapter 3, the research hypotheses are clearly de ned, followed by a detailed
outline of the experimental protocol. This section also delves into the speci cs of the
study methodology and the experimental procedure.

Chapter 4 presents the key ndings from the application of the drowsiness detection
system, thoroughly analyzing and interpreting the results.

Chapter 5 draws conclusions from the study and o ers recommendations for future
research, outlining potential avenues to continue exploring this important eld of
study.



Chapter 2

Background

2.1 Drowsiness causes and e ects

Drowsiness can be described as the state in which a person is feeling excessively
tired or sleepy during the day [3]. This sleeping disorder could arise by many factors,
including medical conditions, lifestyle changes or medications. One of the most common
medical conditions that can lead to drowsiness is diabetes. Long-term (chronic) pain, as
well as hyponatremia or hypertremia (changes in blood sodium levels), can also impact
metabolism and mental state, leading to drowsiness [39]. Lifestyle habits such as working
for very long hours or in night shifts, not getting adequate sleep [3] can also contribute
with this sleeping disorder. Medications which the user might be ingesting have drowsiness
as a side e ect (something common in modern-age medicine).

Drowsiness can pose a serious threat for drivers as it has been proven to have detri-
mental e ects on their abilities. Speci cally, these e ects include, increased reaction times
required for sudden brakes or steering changes, reduced attention levels on the road and
a ecting drivers ability to make sound decisions [25]. The likelihood of road accidents and
loss of lives could be signi cantly ampli ed by these negative impacts.

2.2 Drowsiness measurement techniques

The measurement of drowsiness can be achieved through various techniques at dif-
ferent levels, which can be classi ed into ve categories: subjective, physiological, vehicle-
based, behavioural, and hybrid [71]. Currently, subjective tools are used to assess how
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sleepy a subject is, and are based on questionnaires and electro-physiological measures
of sleep. Some of the most well-known subjective tools are the Fatigue Assessment Scale
(FAS) which is a 10-item scale evaluating symptoms of chronic fatigue [48]. The FAS treats
fatigue as a uni-dimensional construct, and the questions represent a combination of phys-
ical and mental health symptoms. Additionally, the Epworth Sleepiness Scale (ESS) [35]

is an eight item self assessment tool to measure the subject tendency to fall asleep in non-
stressful situations (watching tv, reading, etc.). The Stanford Sleepiness Scale (SSS) [29]
is another tool which has seven di erent statements where individuals mark their current
level of alertness every two hours through the day.

Physiological techniques are more reliable and accurate in detecting drowsiness based
on the driver's physical conditions as they are connected to what the driver is feeling phys-
ically at a particular time [58]. These signals have shown promising results as they start
to change in the early stages of drowsiness [9]. This leads to drowsiness detection systems
having extra time to notify drivers in the early stages of fatigue and therefore prevent
accidents. Some of the most commonly used methods include Electrocardiogram (ECG),
which records the electrical activity of the heart muscle from the body surface [41]. This
data can be used to extract di erent heart features such as heart rate, P-R intervals, and
QRS complex. Another technique used is Electroencephalogram (EEG), which records
the human brain's activity and divides the signal into di erent bands depending on the
frequency spectrum, and is able to distinguish between states of vigilance, such as wakeful-
ness and sleep [9]. Additionally, Electrooculogram (EOG) measures the electrical potential
di erence between the cornea and retina of the eye [36]. However, the application of this
technique is highly invasive, which is why it is not commonly used for research purposes.

Behavioural measurements are used to detect patterns in the driver's behaviour while
in a drowsy state. These measurements mainly focus on identifying characteristics in
facial expressions, such as constant blinking, nodding or swinging of the head, or frequent
yawning [71]. Typically, these systems use video cameras and machine learning techniques
to detect these patterns. Some of the most common methods are the detection of yawning
and eye state. For the rst, although evidence proves that yawning is a common stimulus
for drowsiness, it can also be provoked by dierent actions such as boredom, thinking
about it, reading, or listening to something [27]. Many studies have concluded that using
yawning as the sole indicator for detecting drowsiness is inconclusive and may result in too
many false positives.

On the other hand, eye state detection methods include, PERCLOS, blink percentage
(BP), and blink rate (BR). The First one, is considered as a reliable measure of drowsiness
by the National Highway Tra ¢ Safety Administration (NHTSA) [65]. It measures the
proportion of time in one minute or 30 seconds where the eye is at least 80 to 70 percent
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closed. Blink Percentage (BP), refers to calculating the number of eye blinks over a speci c
period of time and calculating the percentage of time that the eyes are closed based on
the total duration of the measurement period [17]. And the third, refers to the number of
times a person blinks their eyes per minute. Itis a measure of the frequency of eye blinking
and can be easily obtained during a clinical examination or using a using high frame rate
video analysis [20] [55].

Hybrid techniques are formed by combining other measurements techniques and lever-
aging their respective strengths and weaknesses. The goal is to merge di erent techniques
to create a competitive drowsiness detection system [71]. In this research, a hybrid method
will be used that integrates PERCLOS, BP, BR, HRV, and EDA. Moreover, the FAS will
be applied to every participant before and after the study to assess their level of fatigue.

2.3 Overview of the variables to analyze

2.3.1 Percentage of eyelid closure over time (PERCLOS)

PERCLOS stands for Percentage of Eye Closure over the Pupil over time. Itis a
measure of the proportion of time that a person's eyes are closed or nearly closed during a
given time interval [44]. PERCLOS is recognized as an important indicator of drowsiness
and is widely used for the detection and evaluation of fatigue driving [45]. It can be
calculated by dividing the total time where the eye is closed more than 80% with respect to
some reference maximum opening by the window length [21]. PERCLOS can be measured
using eye tracking glasses or even a dash cam and can be used to estimate the driver's
state in real-time [3].

2.3.2 Blink Percentage (BP)

Blink percentage refers to the total time it takes for an eyelid to close and reopen
during a blink on a determined amount of time. Studies have shown that longer blink
durations are associated with increased drowsiness [40]. To measure BP, researchers often
use automated algorithms to detect eye blinks in real-time. These algorithms analyze video
recordings or images captured by cameras, the algorithms identify blinks based on eyelid
movement and calculate the duration of the eye closed [16].



2.3.3 Blink Rate (BR)

Blink rate is de ned as the number of times an individual blinks their eyes per
minute. On average, a healthy human blinks approximately 15-20 times per minute [63].
However, the mean values can vary depending on factors such as age, gender, and the
speci c activity being performed. While it is a measure that can be easily obtained during
a clinical examination, there is currently a lack of proper standardization [20]. BR can
be measured either manually [47] or through high frame rate video analysis [55]. Manual
measurement involves counting the number of blinks within a speci ¢ time frame, whereas
high frame rate video analysis utilizes advanced imaging techniques to accurately capture
and quantify BR.

2.3.4 Heart rate variability (HRV)

Heart rate variability (HRV) is a measure of the variation in time between consecutive
heartbeats, which re ects the activity of the autonomic nervous system [32]. HRV analysis
has been used to detect drowsiness in drivers, as changes in sleep condition a ect the
autonomic nervous system (ANS) and then HRV [23]. Previous studies demonstrated that
driver drowsiness was successfully detected in seven out of eight cases before accidents
occurred [22]. When reading HRV values to detect drowsiness, one should look for changes
in both time domain and frequency domain. In the time domain, the root mean square of
successive di erences (Root Mean Square of Successive Di erences between normal heart
beats (RMSSD)) should increase because of the parasympathetic activity [61]. In the
frequency domain, the high frequency (High frequency (HF)) band should increase and the
low frequency (Low frequency (LF)) band should decrease because of the parasympathetic
activity [67]. Therefore, HRV analysis can be used to detect drowsiness in drivers, and
changes in RMSSD and HF band should be looked for when reading HRV values to detect
drowsiness.

2.3.5 Overview of Electrodermal activity (EDA)

Electrodermal activity is a measure of the electrical changes that occur in the skin
in response to various stimuli, including emotional or cognitive events [11]. It involves
recording the electrical conductance or resistance of the skin to assess the activity of the
sympathetic nervous system, making it a common physiological measure in research on
emotion, stress, and other psychological processes [11]. While EDA was initially used as a



lie detector, it has also been found to be useful in assessing stress levels that can lead to
sleep disorders and heart diseases [46].

While EDA has been shown to be useful in distinguishing between wake and
sleep states, there is currently insu cient evidence to accurately identify sleep stages using
EDA measures alone. Moreover, during periods of deep sleep, EDA signals may appear as
elevated high frequency, which could potentially lead to misinterpretation [60].

2.3.6 Overview of Fatigue Assessment Scale (FAS)

The Fatigue Assessment Scale is a 10-item scale that was developed to evaluate
symptoms of chronic fatigue [48]. It considers fatigue as a uni-dimensional construct and
combines physical and mental health symptoms in its questions. Respondents are required
to select one answer from a 5-point rating scale ranging from 1= Never to 5= Always. The
scale has been shown to have good validity in assessing fatigue, emotional stability, and
depression [48]. It is also noteworthy that the scale has demonstrated no variance related
to gender or age. A score less than 22 indicates no fatigue, while scores between 22-34
suggest mild-to-moderate fatigue. Scores of 35 or higher indicate severe fatigue [18].

2.4 Drowsiness detection technologies:

2.4.1 PERCLOS for drowsiness detection

The use of PERCLOS as a measure of drowsiness detection has been widely studied
and applied in various research studies. The e ectiveness and reliability of PERCLOS
for detecting drowsiness have been validated by the NHTSA. PERCLOS is calculated by
dividing the number of images where the eyes are closed (pupil coverage of 70%, 80%, or
the mean, square percentage of eyelid closure rating (EYEMAS), also known as P70, P80,
and EM respectively) by the total number of images recorded within a speci c time frame
multiplied by 100 [45], [69], [70], [28], [15]. The time frame usually ranges from 15 to 60
seconds, and the total number of images analyzed depends on the acquisition frequency
rate. For instance, if the camera records at 60Hz and the time period is 30 seconds, then
the total number of images would be 1800.

The classi cation of PERCLOS is de ned as PERCLOS less than 0.2 for an \Awake"
state and PERCLOS greater than 0.2 for a \Drowsy" state, although the speci c values
may vary depending on the study. Some researchers have introduced a \Questionable
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state" between the Awake and Drowsy states to improve the accuracy of the classi cation
[45], [69], [70], [28], [15]. Moreover, the choice between P70, P80 or EM is still a matter of
debate. However, the NHTSA recommends the use of P80 since it is considered to have the
highest correlation with drowsiness [65]. Nonetheless, it should be noted that PERCLOS
has some limitations such as sensitivity to lighting conditions, variations in the driver's eye
shape, and the need for high processing power to analyze data in real-time [33], [42]. On
the other hand, one of the main advantages of PERCLOS is that it can be implemented
as a dash cam, making it a non-intrusive fatigue detection system.

2.4.2 Blink Percentage for drowsiness detection

The measurement of BP has been extensively investigated in drowsiness detection
systems. The underlying principle is that as an individual becomes more fatigued or
drowsy, their blinking patterns undergo changes. Notably, longer blink durations have
been found to be correlated with increased drowsiness or sleepiness [12]. To ensure accurate
measurement and calibration, preprocessing techniques are often employed, including the
normalization of blink features using the mean and standard deviation [24]. However,
there is currently no speci ¢ method universally adopted for approaching or calculating
this variable.

The threshold for determining if a subject is drowsy varies across studies, but a
common consensus suggests that when the proportion of closed-eye frames exceeds 30%,
the driver is considered fatigued [19]. For instance, if a person's eyes remain closed for 3
minutes out of a 10-minute observation period, their BP would be 30%.

2.4.3 Blink Rate for drowsiness detection

Research has revealed that BR can vary in relation to the level of drowsiness experi-
enced by individuals. For instance, one study observed an increase in BR as a characteristic
of drowsy driving [51]. Similarly, another study found that the number of blinks tends to
rise when an individual begins to feel drowsy, but decreases as wakefulness declines [4].
However, it is important to note that not all studies have shown signi cant di erences in
BR between alert and drowsy conditions [12].

Furthermore, BR is in uenced by various factors, including the time of day. Spon-
taneous eye-blink rate tends to notably increase during the evening and during activities
such as reading or driving a car. Additionally, BR can be a ected by sleep deprivation
[12] [62]. Therefore, these contextual elements should be taken into consideration when
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interpreting BR data within the context of drowsiness detection. Moreover, it is worth
mentioning that the speci c BR thresholds for determining drowsiness may vary across
studies and populations.

2.4.4 HRV for drowsiness detection

HRV has been investigated as a means of measuring drowsiness, a leading cause of
fatal accidents, injuries, and property damage [13]. It is used to examine the Autonomic
Nervous System (ANS) [32] by analyzing HRV signals, which typically exhibit changes
during episodes of stress, extreme fatigue, and drowsiness [68]. Using HRV as a measure
of drowsiness o ers several bene ts, including its non-invasiveness, ease of measurement,
and ability to identify ANS activity changes [68]. HRV-based drowsiness detection methods
have been suggested and validated with EEG (electroencephalography)-based sleep scoring
[22], [43]. However, using HRV as a drowsiness measure could also have drawbacks, such as
the potential impact of illuminance and color temperature on HRV measures [52], and the
need for additional information, such as ECG-derived respiratory information, driver face
images, or other physiological measures in some HRV-based drowsiness detection methods

[22], [43], [64].

2.45 EDA for drowsiness detection

Electrodermal activity (EDA) has been utilized in several studies to measure drowsi-
ness [60], [31], [46], [56]. EDA measurement can be classi ed into two types: Endosomatic
method of measurement, which involves nding the amount of current passing through
the skin while the potentials are kept constant, and Exosomatic method, which involves
measuring the skin potential when the current ow is kept constant; this method measures
the skin conductance of the user [46].

An advantage of EDA is that its signals tend to become unstable when participants
become drowsy, making it a potential indicator of drowsiness [46]. Furthermore, EDA
data can be collected non-invasively during normal day-to-day activities, without requiring
controlled laboratory settings [46]. However, despite its potential usefulness in detecting
drowsiness, little research has been conducted on implementing EDA as a feature to detect
driving drowsiness, and its accuracy in detecting driving drowsiness remains unknown [31].
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2.5 Combined use of PERCLOS, Blink Rate, Blink
Percentage, EDA and HRV

Heart rate variability (HRV), electrodermal activity (EDA), and PERCLOS have
served as variables in previous studies to detect drowsiness [22] [46] [15]. Technological
advancements have enabled the non-invasive acquisition of these variables. Studies have
indicated the e ectiveness of HRV-based drowsiness detection systems [13] [68] [43] [53]
[66]. A model that analyzes HRV in the HF band, LF band, and the LF/HF features has
demonstrated promising results in detecting drowsiness in drivers [43]. Similarly, studies
focusing on PERCLOS as the primary variable have successfully detected drowsiness in
drivers across various scenarios [45] [69] [70] [28] [15]. In one study [69], the combination of
a dashcam and facial recognition achieved close to 95% accuracy in identifying drowsiness.
EDA studies have revealed signi cant di erences in data obtained from di erent activities
[31] [46] [56]. For instance, during sleep, EDA tends to exhibit a steady pattern, whereas
during drowsiness, EDA displays high variability [46], suggesting that EDA could be a
crucial variable for detecting drowsiness in drivers. BR and PERCLOS have also been
utilized to detect drowsiness [38]. A study focused on real-time drowsiness detection com-
bined these variables with the Haar algorithm for face detection, resulting in a system that
achieved 98.55% accuracy in identifying drowsy drivers. Experimental evaluations of BR
and BP [12] have also yielded meaningful insights as drowsiness measures, highlighting the
signi cance of analyzing the duration of blink closures.

Several studies have demonstrated the potential bene ts of combining PERCLOS
and HRV [15] [66] [64], leading to a more robust algorithm for detecting drowsiness. Since
PERCLOS can be in uenced by lighting conditions during video capture, HRV can still
serve as a viable variable for detecting drowsiness, and vice versa. For example, if the
driver's watch battery dies, HRV may become unavailable, but PERCLOS continues to
collect data and monitor the driver's fatigue state. HRV and EDA serve as useful tools for
assessing the driver's sympathetic nervous system, although limited studies have examined
their application in fatigue assessment among drivers. Nevertheless, one study demon-
strated promising results in assessing drivers' drowsiness solely by utilizing these variables

[56].
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2.6 Previous studies on PERCLOS, Blink Rate, Blink
Percentage, EDA, and HRV for drowsiness detec-
tion

In recent years, there has been increasing interest in using machine vision-based tech-
niques to detect driver fatigue. One such approach involves fatigue driving detection based
on facial multi-feature fusion, which combines di erent facial characteristics to identify
signs of fatigue [45]. This method employs machine learning models such as YOLO-V3
convolutional neural network to capture every facial region. Additionally, the Dlib toolkit
is used to introduce Eye Feature Vector (EFV) and Mouth Feature Vector (MFV), which
evaluate the state of the eyes and mouth, respectively. The drivers' closed eyes time, blink
frequency, and yawn frequency are then calculated to evaluate their fatigue state. By
following this approach, researchers have achieved a 95.10% accuracy in detecting driver
fatigue.

A real-time comprehensive algorithm has been developed based on drivers' facial and
landmark expressions to detect fatigue [70]. This algorithm utilizes a deep convolutional
neural network (DCNN) and extracts the eye feature of the eye aspect ratio (EAR), mouth
aspect ratio (MAR), and PERCLOS from video recordings based on facial landmarks. The
overall accuracy of the system has been achieved at 95.1%. Similarly, another study utilized
the driver's facial features for real-time fatigue detection [69]. The algorithm comprises
three parts: facial feature location, state recognition, and fatigue state estimation. Firstly,
the multitask convolutional neural network (MTCNN) and practical Facial Landmark De-
tector (PFDL) classi cation networks are used to extract the eyes and mouth. Then, a
sliding window model is applied to evaluate driver fatigue state by combining PERCLOS,
blinking frequency, and yawning frequency. The team achieved a remarkable accuracy of
95% in detecting drowsiness with an average detection time of 38.72 ms.

Another study related to PERCLOS utilized a multivariate multiscale entropy (MMSE)
method to analyze various features, including electroencephalogram (EEG) and electroocu-
logram (EOG) signals, to di erentiate between drowsy, tired, and awake states [3]. The
MMSE approach was also used to identify PERCLOS values. By combining the MMSE
analysis with a Support Vector Machine (SVM) model and incorporating EEG signals and
PERCLOS values, the authors were able to achieve a classi cation accuracy of 76.2%. Fur-
thermore, PERCLOS and the Stanford Sleeping Scale (SSS) were used to determine the
threshold of fatigue degree, depending on the monotonous scenario [28]. Data was collected
from 36 participants who completed a driving simulation that included both roadway and
low-grade rural areas as scenarios. A Long short-term memory network (LSTM) was uti-
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lized to detect various fatigue levels. The results indicated that fatigue levels increased as
driving time increased in both scenarios, with drivers more prone to experiencing fatigue
on the expressway rather than in the rural area. The di erent states of fatigue were cate-

gorized into awake, mild fatigue, moderate fatigue, and severe fatigue, with a recognition
rate of 97.8%.

A study implemented deep learning techniques with adaptive neural networks based
on MobileNet-V2 and ResNet-50V2 [54]. The study focused on detecting blink patterns
such as BR and BP by counting the duration and number of blinks and setting individual
eye-opening thresholds. The study achieved a high accuracy of 97% in detecting driver
drowsiness, demonstrating its practical potential in preventing accidents [55]. An algo-
rithm was introduced in [55] that uses high frame rate video analysis to detect driver
drowsiness. The algorithm incorporates blink features such as duration, PERCLOS, blink
frequency, and amplitude-velocity ratio using fuzzy logic. It demonstrated over 80% accu-
racy in drowsiness detection and is independent of the driver, requiring no adjustments.
Additionally, [34] develops a drowsiness prevention system using machine learning, facial
recognition, and eye-blink recognition. The system tracks blink speed using a Haar classi-
er and CO2 concentration in the vehicle to detect drowsiness. If drowsiness is detected,
the system activates music or guides the driver to a rest area. The study shows improved
accuracy and reduced error rate in drowsiness detection.

In a study aimed at enhancing the robustness of drowsiness detection systems, the
LF/HF ratio from heart rate variability (HRV) analysis and PERCLOS were incorporated
to accurately and robustly determine fatigue levels in drivers [15]. To capture the data,
a near-infrared webcam was used to obtain facial images under di erent light sources,
and the appropriate RGB channel was utilized to obtain the LF/HF ratio from HRV.
The study evaluated the sympathetic/parasympathetic balance index and PERCLOS of
10 wakeful participants and 30 drowsy participants, resulting in an accuracy rate of 92.5%.
Likewise, using Standard deviation of the IBI intervals measured in ms (SDNN), RMSSD,
LF, HF, and PERCLOS variables obtained from HRV analysis to detect drowsiness [66].
Back Propagation Neural Networks (BPNN) and long short-term memory (LSTM) were
used for the analysis. By using LSTM on PERCLOS, a true positive rate of 75% and an
accuracy of 88% were achieved. Using BPNN on HRV, a true positive rate of 80% and an
accuracy of 88% were obtained.

Furthermore, a study utilized eyelid closure and HRV to estimate drowsiness levels
[64]. Two multi-class classi ers, namely, error-correcting output coding (ECOC) and loss-
based error-correcting output coding (LD-ECOC), were employed for this purpose. The
data was collected from ve subjects across ten di erent experiments, each lasting for
20 minutes. The ECOC classi er achieved an accuracy of 90.69%, while the LD-ECOC
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classi er achieved an accuracy of 88.78%.

On the other hand, it has been suggested in some studies that focusing only on HRV
analysis might be su cient [22]. In this proposed method, validation was performed by
comparing it with an electroencephalography (EEG)-based sleep scoring system. Eight
HRV features were extracted, and the results demonstrated that drowsiness was detected
in 12 out of 13 cases, with a false positive rate of 1.7 times per hour. Also, a comparison
between machine learning algorithms and deep learning methods was made using HRV
analysis [13]. The machine learning classi ers used in the study were Random Forest (RF),
Support Vector Machine (SVM), Decision Tree (DT), and Naive Bayes (NB). Additionally,

a one-dimensional convolutional neural network (1D CNN) was used for deep learning. The
study achieved a 99.94% accuracy using the 1D CNN method.

Moreover, a paper presents a neural network-based approach that utilizes HRV analy-
sis to detect drowsiness in its early stages [53]. The analysis focuses on three HRV features,
namely, HF which represents parasympathetic activity, LF which represents sympathetic
activity, and the ratio of both (LF/HF). The study collected data from 12 participants
and achieved a 90% accuracy on the model. In contrast to this, a paper researched into
developing a Samsung Gear S smartwatch application to detect drowsiness using HRV
time domain features R-R and RMSSD [59]. While the idea is promising, the study did
not provide any evidence of its e ectiveness or real-life application. Further research and
testing are required to validate the potential of this application.

Subsequently, a system was designed to detect the driver's heartbeat using a pulse
sensor [57]. The system was connected to an Arduino, and the variables captured from HRV
included LF, HF, and LF/HF. The study also reported that the LF/HF ratio demonstrated
decreasing trends when the driver transitioned from an awake and alert state to a state
of drowsiness. In comparison, a study implemented fabric electrodes mounted on the
steering wheel, the researchers monitored the driver's heart rate and obtained HR, SDNN,
RMSSD, proportion of NN50 divided by the total number of NN (R-R) intervals (pNN50),
LF, and HF from the original ECG signals [37]. With this system, they were able to detect
drowsiness and fatigue. Although the accuracy of the results was not very promising,
the authors noted that they were able to capture HRV in a non-invasive and convenient
manner.

Even though HRV and PERCLOS for drowsiness detection has been deeply studied,
EDA which hasn't has shown some interest in some studies. A hybrid model was created
to detect drowsiness by capturing Electro Dermal Activity (EDA), respiration (RESP),
and Photoplethysmography (PPG) data [31]. Dierent models were compared including
k-nearest neighbours (KNN), back propagation neural networks (BPNN), and Cascade
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forward neural networks (CFNN). The best average accuracy was obtained from the CFNN,
reaching 97%, with an average training time of 0.3 s. Additionally, An EDA-based wearable
device was developed to detect drowsiness in individuals [46]. EDA was selected as the
variable to capture, as it is related to sweat, which directly corresponds to the subject's
mental state. Although no machine learning or additional studies were conducted to create
a drowsiness detection system, the author demonstrated the relationship between EDA
activity in a participant's active, asleep, and drowsy states using this device.

Table 2.1: Summary of Fatigue Detection Methods

No. | Method Techniques Variables Accuracy | Additional Ref.
Information
1 Fatigue YOLO-V3 EFV, MFV, | 95.10% - [45]
detection | CNN, Dlib | closed eyes
based toolkit time,  blink
on facial frequency,
multi- yawn fre-
feature quency
fusion
2 Real-time | DCNN EAR, MAR, | 95.1% - [70]
fatigue PERCLOS
detection
using fa-
cial and
landmark
expres-
sions
3 Real-time | MTCNN, PERCLOS, 95% Average de-| [69]
fatigue PFDL blinking tection time:
detec- frequency, 38.72 ms
tion using yawning
driver's frequency
facial
features

Continued on next page
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Table 2.1 { Continued from previous page

No. | Method Techniques | Variables Accuracy | Additional Ref.
Information

4 Fatigue MMSE, SVM | EEG, EOG, | 76.2% - [8]
analysis PERCLOS
using EEG
and EOG
signals

5 Fatigue LSTM PERCLOS, 97.8% Awake to | [28]
detection SSS severe fatigue
in driving categoriza-
simula- tion
tion using
PERCLOS
and SSS

6 Drowsiness| MobileNet- Blink pat- | 97% - [54],
detection | V2, ResNet-|terns (BR, [55]
using deep| 50V2 BP), dura-
learning tion, number
techniques of blinks,
and adap- eye-opening
tive neural thresholds
networks

7 High frame | Fuzzy logic Blink dura- | 80% Independent | [55]
rate video tion, PER- of the driver
analy- CLOS, blink
sis for frequency,
drowsiness amplitude-
detection velocity ratio

8 Drowsiness| Haar classi er | Blink speed,| Not speci-| Activates mu- | [34]
prevention CO2 concen-| ed sic or guides
system tration to rest area
using
machine
learning
and facial
recognition
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Table 2.1 { Continued from previous page

No. | Method Techniques | Variables Accuracy | Additional Ref.
Information

9 Drowsiness| Near-infrared | LF/HF ratio | 92.5% Evaluated [15]
detec- webcam, from  HRV, on 10 wake-
tion using | RGB channel | PERCLOS ful and 30
LF/HF drowsy par-
ratio from ticipants
HRV anal-
ysis and
PERCLOS

10 | Drowsiness| BPNN, SDNN, 88% True positive | [66]
detection | LSTM RMSSD, (LSTM™), | rate: 75%
using HRV LF, HF, | 88% (LSTM), 80%
analysis PERCLOS (BPNN) (BPNN)
variables

11 | Estimation | ECOC, LD- | Eyelid clo-| 90.69% Data  from | [64]
of drowsi- | ECOC sure, HRV (ECOC), |5 subjects
ness levels 88.78% across 10
using eye- (LD- experiments
lid closure ECOC)
and HRV

12 | Drowsiness| Not specied | HRV features | Not speci- | False positive| [22]
detection ed rate: 1.7
using HRV times per
analysis hour
compared
with EEG-
based sleep
scoring

17
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Table 2.1 { Continued from previous page

No.

Method

Techniques

Variables

Accuracy

Additional
Information

Ref.

13

14

15

16

Comparison
of machine
learning
and deep
learning
methods
using HRV
analysis
Neural
network-
based
approach
using HRV
analysis
for early
drowsiness
detection
Samsung
Gear S
smart-
watch
applica-
tion using
HRV time
domain
features
Driver's
heartbeat
detec-

tion using
a pulse
sensor
connected
to Arduino

RF, SVM,
DT, NB, 1D
CNN

Neural Net-

work

Not speci ed

Pulse sensor
Arduino

HRV analysis

HF,
LF/HF

LF,

R-R, RMSSD

LF,
LF/HF

HF,

99.94%
(1D
CNN)

90%

Not speci-
ed

Not speci-
ed

Data from 12
participants

No evidence
of e ective-
ness provided

LF/HF  ra-
tio showed
decreasing
trends
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Table 2.1 { Continued from previous page

No. | Method Techniques | Variables Accuracy | Additional Ref.
Information

17 | Drowsiness| Fabric elec-| HR, SDNN, | Not speci-| Non-invasive | [37]
detec- trodes RMSSD, ed HRV capture
tion using PNN50, LF,
fabric HF
electrodes
mounted
on the
steering
wheel

18 | Drowsiness| KNN, BPNN, | EDA, RESP, | 97% Average [31]
detec- CFNN PPG (CENN) | training time:
tion using 0.3s
EDA,
RESP, and
PPG data

19 | EDA- Not specied | EDA Not speci-| Demonstrated| [46]
based ed relationship
wearable between EDA
device for states
drowsiness
detection
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Chapter 3

Current Study

Distinct machine learning models, trained individually on eye movement data, heart
rate variability (HRV) features, and electrodermal activity (EDA) signals, will each capture
unique manifestations of drowsiness, thereby providing complementary information. This
integrated approach will contribute to a comprehensive and robust drowsiness detection
system.

This thesis aims to develop an advanced, comprehensive, and robust drowsiness de-
tection system by leveraging distinct machine learning models speci cally tailored to eye
movement data, HRV features, and EDA signals. Each data source captures unique physi-
ological changes associated with drowsiness, and their combined analysis can yield a more
comprehensive understanding of this state. This study will involve collecting these phys-
iological data from a diverse group of participants under controlled conditions. Three
separate machine learning models, speci cally optimized for each data source, will be de-
veloped and trained. The performance of each model will be rigorously evaluated using
appropriate evaluation metrics, including accuracy, precision, recall, and F1 score. This
study also seeks to determine the potential bene ts of integrating the outputs from these
individual models in enhancing the overall accuracy and reliability of the drowsiness de-
tection system. Additionally, this thesis will aim to address potential confounding factors,
adhere to strict ethical guidelines, and underscore the need for a multimodal approach to
build a comprehensive and e ective drowsiness detection system.
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3.1 Materials

3.1.1 Questionnaires and Activity Log

The participants completed various questionnaires, including the MSSQ-Short, FAS,
demographic survey, and an Activity Log.

The Motion Sickness Susceptibility Questionnaire-Short form (MSSQ-Short [26], see
Appendix A) was used to determine an individual's susceptibility to motion sickness and
the speci c types of motion that cause discomfort, such as queasiness, nausea, or vomiting.
Participants rated their level of sickness on a scale of 0-3 for various modes of transportation
and entertainment attractions, including cars, trains, aircraft, and funfair rides.

In addition, the participants were required to Il out an activity log that collected
information about their recent activities. This included data about the amount of sleep
they had and details about their meals, such as what they had for dinner, breakfast, and
lunch (if applicable). This additional information aimed to provide a more comprehen-
sive understanding of the participants' physiological state and potential factors that could
in uence their drowsiness levels during the test.

To evaluate fatigue levels, the Fatigue Assessment Scale (FAS) [48] (see Appendix
B) was employed. This questionnaire assesses fatigue as a unidimensional construct, in-
corporating both physical and mental health symptoms. Participants rate their typical
experiences on a scale from 1-5 for various statements, such as feeling tired quickly, having
di culty thinking clearly, and experiencing mental exhaustion.

To collect participant responses, questionnaires including the demographic, the MMSQ-
Short, FAS, and the Activity Log, as well as consent forms, were hosted on the Qualtrics
online platform. This allowed participants to conveniently access and complete the neces-
sary forms before the experiment.

3.1.2 Drowsiness Detection Sensors

Drowsiness was measured using the Ergoneers Dikablis Glasses 3 eye-tracker (See
gure 3.1) and the Empatica E4 wristband (See gure 3.2).
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Figure 3.1: Ergoneers Dikablis Glasses 3 eye-tracker.

The Ergoneers Dikablis 3 is a wearable wired binocular eye-tracker with a 60 Hz eye
camera tracking frequency, 0.05visual angle pupil tracking accuracy, and 0.10.3 visual
angle glance direction accuracy. It includes an eye camera with a resolution of up to &8
488 pixels and a eld camera with a resolution of 1920 1080 pixels at 30 fps (frames per
second). Calibration is performed to ensure accurate tracking by having the participant
xate on markers placed at four corner points of the screen. The eye-tracker also captures
the wearer's pupils using a red circular cross-hair.

Figure 3.2: Empatica E4 wristband.

The Empatica E4 wristband combines EDA and PPG sensors, allowing simultaneous
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measurement of sympathetic nervous system activity and heart rate at a sampling rate of
64Hz. The PPG sensor measures Blood Volume Pressure (BVP), Interbeat Interval (IBI),
and heart rate (HR). The GSR sensor, also known as the EDA sensor, detects uctuating
changes in certain electrical properties of the skin. The wristband also includes a 3-axis
accelerometer to capture motion-based activity and a skin temperature sensor displayed on
Figure 3.3. The device connects via Bluetooth to a smartphone, where the data is stored
in the cloud and automatically synchronized before recording.

Figure 3.3. Empatica E4 features and placement of the sensors.

3.1.3 Simulation Setup

The driving scenario was implemented using CARLA [2], an open-source autonomous
driving simulator (see Figure 4). The simulation and eye tracking software were installed on
a computer equipped with an AMD Ryzen 9 5950Xi processor, 32 GB of RGB RAM (4x8
GB), an NVIDIA GeForce RTX 3080 LHR Graphics Card, and GIGABYTE AORUS Gen
4 7000s M.2 1TB SSD. The setup also included a Logitech G29 steering wheel controller
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with force feedback and a set of pedals for vehicle control. The driving scenarios were
displayed on a single 27-inch Full HD 1080p LED monitor, providing participants with a
high-resolution and wide-angle view of the road ahead.

Figure 3.4. Sample driving scenario.

3.2 Participants

The experimental setup, including the arrangement of the sensors on the participants,
is shown in Figure 3.5. Participants eligible for the research were required to be over 18
years of age and hold a valid Canadian Driver's License (e.g., Ontario Class G2 or G) with
at least one year of driving experience. Moreover, they had to be active drivers during the
time of the experiment.

Participants were screened using a cut-o score of 23 on the MSSQ-Short, and those
lacking full or corrected eye vision were excluded from the experiment. Participants were
randomly selected to participate in either the monotonous or non-monotonous scenario.
The group chosen for the non-monotonous scenario served as a control group and was
compared against the monotonous participants. Recruitment occurred following ethical
approval to conduct the study, through channels such as social media, yers, and email
lists. The participant pool primarily comprised students from the University of Waterloo,
as well as neighboring universities and colleges.
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