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Abstigies

This project presents a driver drowsiness detection system based on facial image analysis
using deep learning. The goal is to automatically identify whether a driver is alert or
drowsy by analyzing behavioral signs such as eye closure, yawning, and head position.We
used the UTA-RLDD dataset, which contains real facial images of drivers in both drowsy
and non-drowsy states. After preprocessing the images, we applied transfer learning with
four pre-trained models : ResNet50, MobileNet, DenseNet201, and EfficientNetV2.The
best results were achieved using EfficientNetV2, which reached an accuracy of 99.98%.
Our system was evaluated using standard performance metrics such as precision, recall,
F1-score, and AUC.

This work shows that combining computer vision with deep learning can provide an accu-

rate and practical solution for detecting driver fatigue, helping reduce the risk of accidents.

Keywords : Drowsiness detection, deep learning, transfer learning, neural networks,
image classification , reused models, binary classification, facial analysis, driver assistance

systems.




Ce projet propose un systeme de détection de la somnolence chez les conducteurs basé
sur I'analyse des images faciales a ’aide des techniques d’apprentissage profond. L’objectif
est d’identifier automatiquement si un conducteur est en état d’éveil ou de somnolence
en analysant des signes comportementaux tels que la fermeture des yeux, le baillement
et les changements de position de la téte.Nous avons utilisé la base de données UTA-
RLDD, qui contient des images faciales réelles de conducteurs dans différents états. Apres
un prétraitement des images, nous avons appliqué 'apprentissage par transfert (transfer
learning) a l'aide de quatre modeles pré-entrainés : ResNet50, MobileNet, DenseNet201
et EfficientNetV2.Le meilleur résultat a été obtenu avec EfficientNetV2, atteignant une
précision de 99,98 %. Le systéme a été évalué a 'aide de métriques standards telles que
la précision, le rappel, le score F1 et 'AUC.

Ce travail montre que la combinaison de la vision par ordinateur et de I'apprentissage
profond permet de développer une solution fiable et pratique pour détecter la somnolence

au volant, contribuant ainsi a la sécurité routiere.

Mots-clés : Détection de la somnolence, apprentissage profond, transfert d’apprentis-
sage, réseaux neuronaux, classification d’images, modeles réutilisés, classification binaire,

analyse faciale, systémes d’assistance a la conduite.
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Chapter

General introduction

Road safety remains one of the most pressing public concerns worldwide, particularly
as traffic accidents resulting from driver fatigue continue to claim lives and cause sig-
nificant economic losses. Traditional safety measures, while helpful, often fall short of
addressing the real-time cognitive state of drivers. In this context, the integration of
intelligent systems into vehicles has emerged as a vital strategy for monitoring driver
alertness and enhancing road safety.

With the rapid development of artificial intelligence (AI) and, more specifically, deep
learning (DL), the ability to analyze complex patterns from high-dimensional data has
greatly improved. Deep learning models, inspired by the structure and functioning of
the human brain, have demonstrated exceptional performance in tasks such as image
recognition, speech processing, and behavior analysis. These capabilities are particularly
relevant for developing systems that can detect signs of driver drowsiness through facial
analysis.

Biometric-based approaches, which rely on the unique behavioral characteristics of
individuals, offer a promising direction for real-time driver monitoring. Facial image
analysis, in particular, provides a non-invasive and widely accepted method for identifying
subtle signs of fatigue, such as eye closure, yawning, or facial muscle relaxation.

In response to the challenges of limited labeled data and the need for accurate clas-
sification, this work employs a combination of advanced deep learning techniques and

transfer learning strategies. Transfer learning enables the adaptation of pre-learned visual
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knowledge acquired from large-scale datasets to the specific task of drowsiness detection,
thereby reducing the computational cost and training time while improving model accu-
racy. Additionally, a pseudo-labeling process is applied to leverage unlabeled data further
and enhance the model’s robustness.

This research focuses on developing a binary classification framework that distin-
guishes between alert and drowsy states based on visual cues extracted from facial images.
The model is trained and evaluated on real-world data from the UTA-RLDD dataset,
which is recognized as one of the most extensive and reliable datasets for early drowsiness
detection, making the results realistic and applicable in real-life driving conditions.

This dissertation is structured in the following manner.

THE SECOND CHAPTER provides a comprehensive overview of drowsiness
detection, including its fundamental concepts, key indicators, and various detection ap-
proaches. We also examine the architecture and essential components of a typical drowsi-
ness detection system, as well as the processes involved in identifying and monitoring
driver fatigue. The chapter concludes with a comparative analysis of traditional and
modern methods for detecting drowsiness, highlighting their respective advantages, limi-
tations, and areas of application.

THE THIRD CHAPTER reviews the fundamental concepts of deep learning and
transfer learning, along with an explanation of convolutional neural networks and their
role in facial image classification for drowsiness detection.

THE FOURTH CHAPTER provides system design, preprocessing, and training
methods and discusses results, performance, and real-world data impact.

THE FIFTH CHAPTER concludes the study by summarizing the main findings

and suggesting directions for future work in Al-driven driver monitoring systems.

University Kasdi Merbah of Ouargla 2024/2025 page 2



Chapter

Comprehensive Querview of

Driving Drowsiness Detection

2.1 Introduction

Understanding and addressing driver drowsiness is a critical step toward improv-
ing road safety and reducing fatigue-related accidents. Over the years, various methods
have been developed to detect signs of drowsiness in drivers, ranging from traditional ap-
proaches based on physiological signals and behavioral observation to modern techniques
that leverage advancements in machine learning and computer vision. Traditional meth-
ods, such as monitoring eye closure, yawning frequency, and heart rate variability, have
laid the foundation for early detection systems but often face limitations in accuracy and
adaptability. In contrast, modern methods utilize deep learning models, real-time video
analysis, and sensor fusion to provide more reliable and automated solutions. The inte-
gration of these cutting-edge technologies enables systems to recognize complex patterns
of drowsiness with minimal human intervention, significantly enhancing detection perfor-
mance. This chapter provides a comprehensive overview of both traditional and modern
approaches, highlighting their respective strengths and limitations. By comparing these
methods, we aim to understand the evolution of drowsiness detection technologies and em-

phasize the importance of continuous innovation in ensuring safer driving environments.
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2.2 Factors Contributing to Driving Drowsiness

Drowsiness can greatly impact focus and alertness, especially while driving. While

lack of sleep is a primary cause, other factors also contribute.

e Not getting enough sleep before a long drive can make you very tired and unsafe on
the road.

e It’s important to rest well before driving to stay alert and safe. Being awake for
more than 24 hours can slow your brain and body, making it dangerous to drive.

e Drinking alcohol makes things worse. It makes you sleepy and slows down how fast
you react and make decisions.

e Stress and anxiety can also make you feel tired, so it’s important to relax and take
care of yourself to stay focused while driving.

e Some medicines can also make you sleepy. Ask your doctor if your medicine might
affect your driving. If not, avoid driving.

e Being sick or stressed all the time can make you feel worn out, making it also harder
to focus while driving.
The dangers of drowsy driving are well documented. According to a study by the Amer-
ican Automobile Association Foundation for Traffic Safety, more than 320,000 drowsy
driving accidents occur annually, resulting in approximately 6,400 fatal accidents [1].
other Research indicates that fatigue-related accidents account for around 20% of all road
incidents, with this figure rising to 50% on certain roads. Fatigue remains a significant
factor in numerous vehicle accidents, with recent statistics estimating that each year,
around 1,200 deaths and 76,000 injuries are directly linked to fatigue-related crashes.|2]
alarming figures highlight the critical importance of addressing drowsiness and fatigue to

improve road safety and reduce preventable accidents.(Figure 2.1).

Figure 2.1 — Factors Causing Driving Drowsiness

University Kasdi Merbah of Ouargla 2024/2025 page 4
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2.3 Traditional Drowsiness Detection Techniques

Drowsiness detection methods are developed to help individuals recognize early
signs of fatigue and take preventive actions before it poses a risk. Various approaches
exist for detecting drowsiness, and many systems integrate multiple techniques to enhance

accuracy and effectiveness.

2.3.1 Physiological Measures

Physiological measurements for detecting drowsiness involve monitoring a range
of bodily functions and responses to assess an individual’s level of alertness or fatigue.
These methods are based on the principle that drowsiness is associated with specific
physiological changes that can be detected and analyzed. Key physiological signals used
in this context include electroencephalography (EEG), electrooculography (EOG), elec-
tromyography (EMG), and electrocardiography (ECG). Although these techniques are
often considered intrusive, they are widely recognized for their reliability and accuracy, as
they provide direct insight into the individual’s internal state. To improve the accuracy of
drowsiness detection systems, these physiological indicators can be applied individually or
in combination. Such methods are extensively used in clinical research, therapeutic set-
tings, and in the development of technologies aimed at enhancing safety and performance

in critical fields such as machine operation and driving.

2.3.1.1 Electroencephalography (EEG)

Electroencephalogram (EEG) signals are a powerful tool for real-time monitoring
of neural activity with millisecond accuracy. EEG signals are categorized into frequency
bands delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and gamma
(>30 Hz) each associated with specific cognitive processes and brain states. researchers
can analyze these signals to detect changes in brain activity. For practical applications,
EEG monitoring often involves wearable devices, such as specialized headsets or caps
equipped with electrodes placed on the scalp. These devices, like the Emotiv EPOC or
NeuroSky MindWave, provide a noninvasive way to monitor brain activity in real time,

making them suitable for use in environments such as driving, aviation, or industrial work-
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places. However, EEG based systems have limitations, including susceptibility to noise
from muscle movements, environmental interference, and the need for precise electrode

placement, which can affect accuracy and user comfort.(Figure 2.2).

Electrodes
Electroencephalogram (EEG) -record the activity
Headbox-
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Figure 2.2 — EEG Signal Acquisition for Brain Activity Monitoring

2.3.1.2 Electrocardiography (ECG)

Electrocardiography (ECG) is a widely used, non-invasive technique for assessing
the heart’s electrical activity. It involves placing electrodes on specific areas of the skin,
usually on the chest, arms, and legs, to capture and record the heart’s electrical signals
during contraction and relaxation. The resulting electrocardiogram (ECG waveform)
comprises distinct components, including the P wave, QRS complex, and T wave, each
representing different stages of the cardiac cycle. Electrocardiogram signals play a crucial
role in detecting sleepiness by analyzing heart rate variability (HRV), which reflects the
activity of the autonomic nervous system. The low frequency (LF) band indicates sympa-
thetic influence, while the high frequency (HF) band represents parasympathetic activity.
A high HRV indicates sleepiness due to parasympathetic dominance, while fatigue results
from the balance between sleep (parasympathetic activation) and staying awake (sympa-
thetic activation). Finally, stress states correspond with higher LF levels caused mainly
by sympathetic activation while the subject is awake (Figure 2.3) [3]. However, challenges
such as motion artifacts, skin contact variability, and individual heart rate differences can

affect accuracy and reliability.

University Kasdi Merbah of Ouargla 2024/2025 page 6



Chapter 2. Comprehensive Overview of Driving Drowsiness Detection
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Figure 2.3 — Relationship Between LF/HF Power and Cognitive States

2.3.1.3 Electrooculography (EOG)

The skin surrounding the eyes can be used to measure the EOG, an electrical sig-
nal produced by the polarisation of the eye ball. Its size fluctuates according to how
far the eyeball moves from its resting position. EOG features slow eye movements (SEM)
and rapid eye movements (REM) [1],which happen when a person is awake , to estimate
vigilance changes during a monotonous task . Ag/AgCI electrophysiology electrodes are
placed around the eyes to obtain the EOG signal. For analysis, two bipolar EOG signal
channels—the horizontal and vertical channels—are obtained. Whereas the vertical chan-
nel EOG shows vertical eye movements, the horizontal channel EOG shows horizontal eye
movements. To measure vertical EOG, two disposable Ag/AgCI electrodes were positioned

above and below the right eye. (Figure 2.4).

Vertical channel

(b)

Figure 2.4 — EOG-Based Drowsiness Detection Using Electrodes and Wearable Glasses

2.3.1.4 Electromyography (EMG)

The diagnostic method for determining the electrical activity of skeletal muscles is
electromyography (EMG). EMG measures electrical signals associated with muscle activ-

ity through surface electrodes placed on the driver’s skin. It provides useful data on muscle

University Kasdi Merbah of Ouargla 2024/2025 page 7
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function, such as force production, recruitment order, and muscle activation patterns. By
assessing abnormalities in muscle recruitment and activity, it is frequently used in clinical
practice to diagnose neuromuscular disorders, including neuropathies, myopathies, and
motor neuron diseases [0]. EMG is used in research to examine muscle biomechanics,
motor control, and movement disorders in addition to its diagnostic uses.The main draw-
back of using EMG signals is its random and complex nature. Furthermore, the collected

signals may change due to the structural and biological properties of the muscle. [0]
EMG (Electromyography)
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Figure 2.5 — Electromyography (EMG) System for Muscle and Nerve Testing

2.3.2 Behavioral Measures

In behavioral measures of drowsiness, observable behaviors that might be signs of
tiredness are observed. These include facial expressions, eye closure, PERCLOSE (per-
centage of eyelid closure), eye blinking, yawning, and changes in head or eye movement.
Behavioral metrics can be used in conjunction with physiological data to provide real-time
insights regarding sleepiness levels. Their interpretation, nevertheless, can vary depend-
ing on the situation nature of the person . Behavioral Actions Numerous researches have
employed behavioral assessments based on facial expressions, eye blinks, eye closure, and
frequent yawning .With the use of recorded photos or videos, numerous machine learning
algorithms have been crucial in detecting driver drowsiness in recent years. Researchers
have used a variety of lightweight algorithms in an attempt to improve accuracy, decrease

execution time, and lower cost.[7]

University Kasdi Merbah of Ouargla 2024/2025 page 8
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2.3.2.1 Facial Expressions

Drowsiness detection involves monitoring facial features that reflect a driver’s level
of alertness. Changes such as drooping eyelids, reduced blinking, and slackened jaw
muscles are common indicators of fatigue. Eye states—open or closed—along with lip
and facial movements, can provide crucial information about the driver’s condition. A
system utilizing a dataset of 2,904 classified images of facial, eye, and lip expressions
helps detect these signs. By tracking mouth-to-eye ratios and feature point positions in
video sequences(Figure 2.6), the system can assess drowsiness over time. When signs
of sleepiness persist, a warning is issued to alert the driver. Tools such as facial profile
detectors, the Dlib package, and the Local Binary Patterns Histogram (LBPH) method
are used to enhance facial recognition accuracy. Monitoring these facial cues enables the

system to identify fatigue and promote road safety by preventing drowsy driving incidents

[5].

Figure 2.6 — Facial Expression Mapping for Emotion Recognition

2.3.2.2 Yawning Detection

Yawning is a well-known reflexive action involving opening the mouth wide and
taking a deep breath, often linked to drowsiness, fatigue, or the need for more oxygen.
Despite decades of research, its exact mechanism remains unclear, though theories suggest
it may be related to an intrinsic release mechanism or empathy. Current yawning detection
techniques rely on static images and lack temporal elements, making them less effective
in distinguishing yawns from similar facial expressions. While yawning may help increase

alertness, its biological basis is likely tied to changes in physiological states.(Figure 2.7).

University Kasdi Merbah of Ouargla 2024/2025 page 9
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Yawning Yawning Not Yawning  Not Yawning

Figure 2.7 — Yawning Detection Using Facial Image Analysis

2.3.2.3 Eye-Based Measures
The eye- based measures categorized into the following categories:

A. Eye Blink Rate

The quick closure and opening of the eyelids is referred to as eyeblinking.In all
eight investigations using blink category data, there was a positive correlation between
mental weariness and the blink count, blink frequency, and normalised blink ratio[9].eye-
blinks are characterized by positive deflection in the most anterior electrodes with a rapid
amplitude fall-off at more posteriorly located electrodes.Traditionally, these artifacts are
explained by an upward rotation of the eyeball during the lid closure, with the eyeball

representing a dipole with corneal positivity and retinal negativity [10].

Camera Image Acquisition Face Detection Eye Detection

Drowsiness Detection Eye Tracking

Eye Tracking

Figure 2.8 — Flowchart of Eye Tracking for Drowsiness and Attention Monitoring

B. Eye Closure
In order to determine a person’s state of alertness or exhaustion, eye closure is a
crucial signal utilised in drowsiness detection systems. Changes in eye closure behaviour,

such as longer eyelid closure times or more frequent blinking, can indicate a decrease in
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attentiveness in sleepiness detection. Eye-tracking technology, which makes it possible
to record and quantify eye closure events(Figure 2.9), is frequently used to analyse these
patterns.Systems can objectively assess a person’s degree of tiredness and provide prompt
alarms or interventions to avoid potential mishaps brought on by diminished attentiveness
by integrating eye closure data into drowsiness detection algorithms. An important part of

improving the precision and efficacy of sleepiness detection systems is eye closure analysis.

(b)

Figure 2.9 — Infrared-Based Eye with and without Glasses

C. PERCLOS (Percentage of Eye Closure)

The Percentage of Eye Closure (PERCLOS) measures drowsiness by calculating
how often someone’s eyes are at least 80% closed. In a study, twelve professional drivers
(around 45 years old) completed two driving simulations: one after a normal night’s sleep
and another after 24 hours without sleep. Researchers tracked slow eye closure during the
task and found that sleep-deprived drivers had significantly more eyelid closure, greater
lane position variation, and more attention lapses compared to when they were well-
rested. The results showed a strong link between eye closure and both attention lapses
(r = 0.68) and lane position variability (r = 0.61). This method proved to be a reliable
way to detect drowsiness, outperforming the drivers’ own ratings of how sleepy they felt.
It was especially effective in predicting lapses within the first 22 hours of waking time,

making it a valuable tool to assess alertness in critical tasks like driving [11].
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Figure 2.10 — PERCLOS Graph for Drowsiness Detection with Sample Face Images

2.3.2.4 Head Position Changes with eye movements

Head Position Changes with eye movements are frequently employed as objective
indicators of drowsiness. To determine a person’s state of alertness or drowsiness, these
metrics track changes in patterns of head movements, like nodding or swaying, and eye
movements, like blink rate, length, and eyelid closure. For example, drowsiness may be
indicated by a slower eye blink rate or an increase in head nodding, as these behaviors
are frequently linked to increased weariness and decreased attention(Figure 2.11). Quan-
titative information can be obtained to objectively assess sleepiness levels in real time by
analyzing these motions using technology such as motion sensors or eye tracking systems.
In addition to subjective evaluations and physiological markers, these objective measure-
ments based on head and eye movements provide important information about a person’s

level of awareness .
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DROWSINESS DETECTION

Figure 2.11 — Real-Time Driver Head Position Monitoring for Attention and Drowsiness De-
tection

2.3.3 Vehicle-Based Measures

Although detection of drowsiness can be based on physiological measures and Behav-
ioral Measures, an alternative source of information is available from the vehicle system.
For example, sleep deprivation can produce greater variability in driving speed and lane
departures quite likely. Another important vehicle-based measure is steering wheel move-
ment (SWM). When indicators of tiredness are identified, these vehicle-based measures
can give the driver real-time feedback or alerts. They are frequently incorporated into
advanced driver-assistance systems (Advanced Driver-Assistance System, or ADAS). Ad-
ditionally, some systems might suggest rest periods or pauses to avoid collisions brought

on by sleepy driving.
2.3.3.1 Lane Position Deviation

Driving behavior is significantly influenced by road alignment, especially by its
cross-sectional elements such as shoulder width, lane width, and lane position. The in-
fluence of shoulder width, lane position, and lane width on driving behavior has been
the subject of many researches. Studies have shown that the difference between the left
and right tunnel wall is statistically significant on driving behavior[l2].Driver inattention,
distraction, drowsiness, or impairment are frequently linked to lane position deviation.
Reduced attentiveness and a higher chance of lane departure or collision may be indicated
by an increase in lane position deviation. Using sensors or cameras mounted on vehicles
to monitor lateral lane deviation can help identify changes in driving behaviour associated

with tiredness and initiate prompt interventions to avoid collisions.(Figure 2.12).
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Figure 2.12 — Vehicle Path Deviation Scenarios in Lane Departure Analysis

2.3.3.2 Brake and Acceleration Response

Brake response time (RT) is a driving behaviour metric that has drawn the atten-
tion of researchers and is crucial for both road design and the accident lawsuit process.
Brake RT is used, among other things, to evaluate stopping sight distance, which deter-
mines the level of alertness and attention of the driver. The legal process in accident
litigation frequently tries to ascertain whether the participating driver responded to the
approaching collision in a time that was "acceptable." Acceptability is defined as a specific
percentile of the RT distribution that is believed to represent the driver population (or
a pertinent fraction of it) under the relevant circumstances|l3].The changes in a car’s
speed over time, as determined by acceleration and deceleration rates, are referred to as
acceleration in drowsiness detection. These modifications can reveal information about
driving behaviour since they represent the driver’s control inputs, such as braking and
throttle. Since tired drivers frequently exhibit delayed reactions, uneven speed control,
or decreased acceleration rates, sudden accelerations or decelerations may be a sign of
tiredness, distraction, or impairment. Drowsiness detection systems can detect unusual
driving behaviour and provide alarms or interventions to improve road safety by examin-

ing acceleration trends.

2.3.3.3 Steering Wheel Movements

Using a steering angle sensor to measure steering wheel movements is a popular
technique for identifying driver tiredness. The steering behaviour of the driver is recorded
by this sensor, which is fixed to the steering column. Studies like Furlough and Graham’s
have demonstrated that when drivers are sleep deprived, they make less minor steering

changes (between 0.5° and 5°) than when they are not driving. These minor motions are
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examined to determine tiredness and are essential for preserving lane position. Corrective
steering actions were triggered in simulated tests by elements such as curving roads and
side breezes. Although this approach has been used by automakers like as Nissan and
Renault, its applicability is restricted in certain situations due to its strong reliance on
road geometry and vehicle dynamics. Overall, steering behavior provides valuable insights

into drowsiness but works best when combined with other detection systems [14].

[Sway by drowsy drivingl
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Steering Amplitude
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Steering frequency

Figure 2.13 — Steering Movement Based Detection

2.3.4 Hybrid Approaches

Hybrid drowsiness detection methods, which combine physiological, behavioral, and
vehicle-based signals, offer greater accuracy and reliability than single-signal approaches.
They provide a more complete understanding of fatigue levels. However, few studies
directly compare hybrid and individual methods, limiting our insight into their relative
strengths. For instance, combining EEG and ECG signals can improve detection perfor-
mance by capturing both brain and heart activity, making these systems more effective

in preventing drowsy driving.

2.4 Modern Drowsiness Detection Methods

Modern methods of drowsiness detection use advanced technologies such as artificial
intelligence, deep learning, wearable devices, computer vision, and machine learning to
analyze facial signals such as eye movements, blinking patterns, and yawning to create
effective, non-invasive systems. These systems, which are often integrated into cameras or
wearable devices, can detect fatigue with high accuracy, for example (96-99%). Therefore,

a study was conducted to evaluate fatigue and drowsiness by applying deep learning

University Kasdi Merbah of Ouargla 2024/2025 page 15



Chapter 2. Comprehensive Overview of Driving Drowsiness Detection

techniques, such as convolutional neural networks (CNNs) and recurrent neural networks
(RNNs), and combining video-based analysis and classification methods such as random
forests and neural networks, and reached an accuracy of up to 99% [15]. These methods are
reliable, safe, and often do not require any additional equipment, making them practical
for real-world applications such as driving or operating heavy machinery. This is done
by alerting users in real time, making them effective solutions that prevent accidents in

human life activities.

2.4.1 Deep Learning Approaches

Deep learning, a subset of artificial intelligence, plays a pivotal role in modern
drowsiness detection systems by automatically learning patterns from complex data through
multiple layers of artificial neural networks. These models, such as Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs), are inspired by the structure
of the human brain and excel at identifying subtle signs of fatigue. Trained on large
datasets using optimization techniques like backpropagation, these networks can make
accurate predictions by analyzing intricate relationships within data. In the context of
drowsiness detection, deep learning is often applied through computer vision techniques
that monitor facial expressions, eye movements, and head posture in real time. For in-
stance, CNNs are used to extract visual features such as blinking frequency, PERCLOS
(percentage of eye closure), yawning, and head tilt from video feeds. Algorithms like
Viola-Jones can detect and analyze head positions to infer levels of alertness. Moreover,
integrating machine learning into these vision-based systems improves their performance
under noisy or variable lighting conditions, making them highly reliable for use in driver
monitoring applications. Through the synergy of deep learning and Al-driven vision sys-
tems, drowsiness detection has become more precise, enabling proactive interventions to
enhance road safety..we take a example of deep learning for driver drowsiness detection

in(Figure 2.14).
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Figure 2.14 — Drowsiness Detection System Using Multimodal Data and Deep Learning

2.5 Comparison Between Traditional and Modern Approaches

e Traditional Methods: Traditional drowsiness detection methods, such as physi-
ological, behavioral, and vehicle-based measures, have several limitations. They are often
affected by measurement variability, sensitivity to noise, and challenges in real-world ap-
plication. Physiological and behavioral measures may lack specificity, while vehicle-based
indicators can be influenced by external factors like road conditions or driver habits. Ad-
ditionally, extracting meaningful drowsiness indicators from traditional methods can be
difficult due to environmental factors, sensor inconvenience, and driver movements.

e Modern Methods: Modern approaches leverage artificial intelligence (AI), deep
learning, and advanced sensor technology to enhance accuracy and robustness. These
methods improve upon traditional techniques by integrating machine learning models
that analyze facial expressions, head posture, and eye movement more reliably, even in
challenging conditions like variable lighting or occlusions. However, as seen in the ta-
ble, modern methods still face limitations, such as difficulty in real-time video analysis,
susceptibility to environmental conditions, and challenges in handling diverse facial char-
acteristics,(Table 2.1) summarizes the key differences between traditional and modern

approaches:
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Aspect Traditional Methods Modern Methods

Accuracy Easily affected by noise and signal | Improved noise handling, but still
instability sensitive to poor data quality

Environmental | High impact on performance More robust, but still affected

Sensitivity

Measurement | Heavily dependent on sensor cal- | More standardized with auto-

Consistency ibration and expert input mated analysis

Driver Adapt-
ability

Less adaptable to individual dif-
ferences

More adaptive through model
personalization, though not per-
fect

Real-time Limited Enhanced through deep learning
Processing algorithms

Implementation Sensor inconvenience, driver dis- | Avoids intrusive sensors, but
Challenges comfort requires high computation and

raises privacy issues

Table 2.1 — Key Differences between Traditional and Modern Methods

o Key Differences :

Both approaches have strengths and weaknesses, but modern methods provide more

precise and adaptable solutions while still facing implementation challenges. Future ad-

vancements aim to combine sensor fusion, Al optimization, and real-world adaptability

to create more effective drowsiness detection systems.

2.6 Conclusion

Drowsiness detection methods include behavioral, physiological, and vehicle-based

approaches. Behavioral methods, especially facial analysis, are preferred due to their non-

intrusive nature and simplicity. With advances in deep learning and computer vision, these

methods now offer high accuracy. This project focuses on using deep neural networks for

facial-based drowsiness detection.
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Deep Learning for Drowsiness

Detection

3.1 Introduction

Artificial intelligence (AI) aims to replicate human thinking and decision-making.
It allows machines to learn from data and adapt to their environment. A key branch of Al
is machine learning (ML), which enables systems to improve through experience without
explicit programming.
As problem complexity grew, deep learning (DL) emerged as a powerful extension of ML,
allowing models to automatically extract patterns from large datasets and achieve high
performance in many scientific and technological fields. [16].
This chapter examines deep learning, how it differs from traditional machine learning,

and how it processes large data to uncover complex patterns with high accuracy.
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Machine Learning
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Figure 3.1 — The relationship between Al, ML, and DL

3.2 Deep Learning: Fundamentals and Concepts
3.2.1 What is Deep Learning?

Deep learning is a branch of machine learning that relies on artificial neural networks
to automatically learn complex representations from data, without the need for manual
feature engineering. These representations are extracted through multiple layers that
hierarchically learn patterns directly from raw data. These models excel at processing
large volumes of data and uncovering subtle nonlinear relationships. Such patterns include
complex dependencies between features, hierarchical data representations, latent hidden
characteristics, and intricate feature interactions that simpler models find difficult to
interpret. Their widespread success is largely attributed to advances in computational

techniques and the availability of large and diverse datasets [17].

Multiple hidden layers
process hierarchical features

1i'5;ht/dark el \.f < or features

A e (R il A i S
———3 of edges

=44 HEF TH® "z @A

= “CE BEJ H5F B

Figure 3.2 — Illustration of deep learning
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3.2.2 Evolution from Machine Learning to Deep Learning

As ATl advanced, traditional machine learning methods based on statistical models
like decision trees and logistic regression faced challenges due to the need for manual
feature extraction, especially with complex data such as images and text. Artificial neu-
ral networks (ANNs) gained attention but were initially limited by scarce data and low
computing power.

The early 21st century brought breakthroughs with GPUs and large datasets, enabling
training of deeper models. By 2006, combining support vector machines (SVMs) with
computer vision improved automatic pattern recognition significantly.

This progress led to deep neural networks (DNNs) capable of learning directly from
raw data with minimal human intervention. DNNs now outperform traditional methods
across many fields [13].

Below is a picture that shows more evolution from machine learning to deep learning
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Figure 3.3 — Evolution from Machine Learning to Deep Learning
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3.2.3 Machine learning vs deep learning: why does deep learning

excels?

Deep learning surpasses traditional machine learning by automatically processing com-
plex data without the need for manual feature engineering. Its deep architecture enables

efficient learning from large-scale data, leading to superior performance in areas such as

computer vision and natural language processing [19].

In the following table|

|, we illustrate the key factors that make it more advanced:

Factors Machine Learning Deep Learning
Performance Ineffective in processing complex | Effective in processing complex
in complex | data; suitable only for simple to | data such as image recognition
tasks moderately complex tasks
Accuracy  of | Accuracy depends heavily on the | Very high accuracy, especially in
results quality of extracted features; usu- | image and video processing

ally lower than deep learning

Ability to han-
dle big data

Limited; performs poorly with
large volumes of unstructured
data

Efficient at extracting hidden pat-
terns in big data

Feature
traction

eXx-

Features must be manually ex-
tracted, risking the loss of impor-
tant information

Features are extracted automati-
cally via neural networks, improv-
ing performance

Dealing with
new data

Requires resetting features and
retraining for new data

Capable of continuous learning
and adapting to new data due to
deep architecture

Table 3.1 — Comparison Between Machine Learning and Deep Learning
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Figure 3.4 — Comparison Between Machine Learning and Deep Learning

Through this comparison, we recognise that deep learning offers superior capability

in processing large and unstructured data, granting it a clear advantage over traditional
machine learning methods, particularly in automatic feature extraction and performance
improvement as data volume increases. With these advantages, we see it as the optimal

solution for advanced applications we aspire to develop across various fields.
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3.3 How deep learning works?

Deep learning relies on the use of deep artificial neural networks, known as Deep Neu-
ral Networks (DNNs), which are computational models consisting of multiple layers of
interconnected nodes (neurons). These networks are used to extract high-level represen-
tations from raw data. DNNs are an extension of traditional artificial neural networks
(ANNs), as they include more than one hidden layer, granting them greater capacity to

model complex nonlinear relationships within the data [21].

3.3.1 Basics of neural networks

After moving beyond the biological inspiration, artificial neural networks (ANNs)
are primarily defined by their layered structure and internal computational mechanisms,
which process data through multiple layers. The typical model of these networks consists
of three main layers:

a e Input layer: This layer is responsible for receiving the raw data. For example, if
the input is an image, this layer consists of units that represent each pixel of the image.
The input layer serves as the entry point for the data to be processed in the subsequent
layers [22].

b e Hidden layers: The hidden layers play a crucial role in enabling the neural
network to learn complex patterns.The process starts with the calculation of the weighted
sum, where each input is multiplied by its corresponding weight, and the bias term is
added. This adjustment helps modify the activation threshold, allowing the model to
learn more intricate patterns. After this transformation, the result is passed through
a non-linear activation function such as ReLU, Sigmoid, or Tanh, which introduces the
necessary non-linearity to handle complex relationships within the data [21].

ce Output layer: This layer is responsible for producing the final output after the
analysis of data in the hidden layers. The output could be a classification or a numerical
value, depending on the specific task being performed [22].

Sewak and colleagues (2020) indicated that the performance of these models is influ-
enced by several factors, including the number of layers, the type of activation functions

used, as well as the method adopted for weight initialization and data normalization. The
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strength of DNNs lies in their ability to automatically learn hierarchical representations
of data without the need for manual feature engineering, making them well-suited for var-
ious applications such as image classification, biosignal analysis, and pattern recognition
[21].

We illustrate in the following figure the fundamental structure of an artificial neural net-
work, including its main layers and the mechanism of data flow for processing information
and generating outputs.
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Figure 3.5 — Structure of an Artificial Neural Network

Neural networks rely on diverse training strategies that vary in how they handle data
and the extent of prior knowledge available about the desired outputs. In certain scenarios,
the model is trained using data that includes reference information, allowing it to fine-
tune its internal parameters with precision. In other cases, the model is exposed to data
without any prior output information and is required to autonomously identify latent
structures and patterns. These training approaches are chosen based on the nature of
the task and the availability of resources, and they play a critical role in determining the

performance of neural networks across various practical applications [23].

3.4 Convolutional neural networks (CNNs)

The Convolutional Neural Network (CNN) was first introduced by Kunihiko Fukushima
and later developed by Yann LeCun, who integrated it with the back-propagation algo-
rithm to recognize handwritten digits and perform document analysis. LeCun’s system
was ultimately employed for reading handwritten checks and postal codes.

CNNs rely on convolutional and pooling layers. Convolutional layers are responsible

for filtering input data to extract useful features. These layers contain learnable param-
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eters, allowing the filters to adjust automatically to extract the most relevant features
for a given task. Multiple convolutional layers are used sequentially, each extracting in-
creasingly abstract features from the input. Pooling layers provide limited invariance to
translation and rotation, while also reducing memory usage, which enables deeper network

architectures [24].

3.4.1 Architecture of CNNs

Convolutional Neural Networks (CNNs) are primarily composed of two main blocks:

e Feature Extraction Block: responsible for extracting important features from
input data using operations such as convolution and pooling.

e Classification Block:responsible for classifying the extracted features into target

classes using fully connected layers.

FULLY
NPUT | CONVOLUTION4RELU POOLING ~ CONVOLUTION + RELU POOLING 5 lmmm CONNECTED su;m.u;
Y Y
FEATURE LEARNING CLASSIFICATION

Figure 3.6 — CNN Architecture

The process begins with extracting important features from the data using specialized
layers, which include:

ae Convolutional Layer (CONV):

The convolutional layer performs a mathematical operation called convolution on the
input data. Convolution is used to determine the degree of overlap between the input data
and a filter (or kernel). In CNNs, the kernel slides across the input matrix, performing
element-wise multiplication followed by summation to produce transformed feature maps.
For example, convolving a 3x3 region from the upper-right corner of an image with a
specific kernel might result in a value such as 77 (Figure 3.7) . This operation enables

various image processing functions such as edge detection, sharpening, and blurring.
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Figure 3.7 — A basic representation of the two-dimensional convolution process

By stacking multiple convolutional layers, CNNs can learn hierarchical representations
starting from raw pixels, then progressing to edges, primitive shapes, parts, and eventually
entire objects. After each convolution, a non-linear activation function, typically the
Rectified Linear Unit (ReLU), is applied to enhance learning by setting negative values
in the feature maps to zero [24].

Several key hyperparameters significantly influence the performance of convolutional
layers, including [23]:

e Depth: Refers to the number of filters used, determining how many distinct features
the network can learn.

e Stride: Indicates how many pixels the filter moves across the input, affecting the
spatial dimensions of the output.

e Padding: Zero-padding helps preserve spatial dimensions and retain edge informa-

tion.

Padding Stride
f (of 1) (0f2) \

(b)

Figure 3.8 — Padding and Stride Mechanisms in Feature Extraction

b « Pooling layer (POOL)

The pooling layer reduces the spatial dimensions of activation maps while retaining
critical information. Common pooling strategies include [24]:

e Max pooling: Retains the maximum value within each pooling window, helping
to extract the most prominent features.

e Average pooling: Calculates the average of values within each pooling window,

resulting in a smoother representation of the data.
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Max Pooling Average Pooling
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Figure 3.9 — Example of max and average pooling

Pooling enhances the model’s invariance to translation and deformation and reduces
the number of parameters and computations, improving overall efficiency.
After feature extraction, the processed feature maps are passed to the classification part,
which includes:

c ¢ Fully Connected Layer :

vector through flattening. This vector is then fed into fully connected layers, where
each neuron connects to every neuron in the next layer. These layers analyze and combine
learned features to generate final predictions. The output of the final fully connected
layer typically passes through a softmax activation function, converting raw outputs into

probability distributions over target classes [21].

Fully Connected Layer

Flatt
= )=

7x7%2048=100,352 Neurons Final Classification Array
S is the number of classes)

Figure 3.10 — Fully Connected layers

This hierarchical structure, characterized by successive convolutional, pooling, and
fully connected layers, enables CNNs to progressively extract and integrate visual fea-
tures. Owing to this organized and multi-layered design, CNNs achieve high accuracy
and efficiency in a wide range of intelligent visual applications, including facial recogni-

tion and autonomous driving.
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3.4.2 Activation Functions in CNNs

Activation functions are essential components in Convolutional Neural Networks (CNNs),
as they introduce non-linearity into the model. This non-linearity enables the network to
learn and approximate complex patterns and relationships in data that linear transfor-
mations alone cannot capture [25].

Below are the most commonly used activation functions in deep learning, each with unique

characteristics and applications:

3.4.2.1 Sigmoid function

Also known as the logistic function, it transforms any real-valued input into a range
between 0 and 1. It is commonly used to convert model outputs into probabilities [25].

It is mathematically defined as:

B 1
C l4e®

() (2.3)

Its curve resembles the letter S, allowing it to smoothly and consistently represent prob-

abilistic outputs.

3.4.2.2 Tanh (Hyperbolic Tangent)

The hyperbolic tangent function, or tanh, is similar to the sigmoid but outputs values

in the range [—1,1] [25]. Tt is defined as:
el — T
tanh(z) = —— 24
anh(r) = £ (2.4

This function is also S-shaped but centered around zero, which allows it to produce
outputs with a mean closer to zero, often resulting in better convergence during training

compared to the sigmoid.
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Figure 3.11 — Graphical Sigmoid and Tanh Activation Functions

3.4.2.3 ReLU (Rectified Linear Unit)

The ReLU function has become the most widely used activation function in modern
deep learning models. It introduces non-linearity by converting all negative input values

to zero while allowing positive values to pass through unchanged [25]. It is defined as:

f(x) = max(0,x) (2.5)

The figure below illustrates the behavior of the ReLLU function

RelU
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RelLU Layer
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Figure 3.12 — Example and Curve ReLLU Function

3.4.2.4 Softmax function

The softmax function is primarily used in the output layer of neural networks for
multi-class classification problems. It converts raw output scores (logits) into a probability
distribution over classes, where the sum of all probabilities is equal to 1.

The softmax function highlights the largest values in the input vector while suppressing the
smaller ones, making it easier to interpret the most likely class [25]. The diagrams below
demonstrate how softmax transforms a set of raw scores into a normalized probability

distribution:
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Figure 3.13 — Softmax Function

3.5 Transfer Learning
3.5.1 Concept of Transfer Learning

Transfer learning is an advanced technique in artificial intelligence that involves trans-
ferring knowledge and skills acquired from a source task to a related target task. This
process resembles how humans leverage prior experiences to accelerate the acquisition of
new skills rather than starting from scratch, individuals draw upon previously acquired
knowledge to enhance learning speed and efficiency .

According to Pan (2020), transfer learning makes use of neural architectures that have
already been developed using large and diverse datasets. These knowledge-rich models
reduce the need for extensive labeled data specific to the new task, which is especially
valuable in data-scarce scenarios [20].

The mechanism of transfer learning operates through several key strategies, including;:

« Using a pretrained model as a fixed feature extractor: In this method, a new
linear classifier is added as the final layer (classifier layer) and trained only on the new
dataset, while the feature extraction layers remain fixed and unchanged. This approach
is effective when the new dataset is small but similar to the original training data.

e Fine-tuning the entire model: In this approach, the classifier layer is replaced
by a new fully connected layer, and the entire network is retrained using the new dataset.
This includes extending the backpropagation process to the upper layers, allowing all

weights to be adjusted to better fit the new task [27].
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3.5.2 Benefits of Transfer learning

Neural models used in transfer learning rely on diverse datasets, providing generaliz-
able patterns that can be adapted to new tasks. One major advantage is faster training
convergence, as prior knowledge offers a strong initialization, reducing time and compu-
tational cost especially when labeled data is scarce [27] [26]. These models also improve
performance and generalization, often achieving higher accuracy compared to models
trained from scratch. Furthermore, they enable effective learning with fewer labeled ex-
amples, making them suitable for resource-limited domains[26]. Finally, their reusable
architecture allows easy adaptation to multiple tasks without rebuilding from scratch,

lowering development costs and accelerating deployment[27].
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Figure 3.14 — Transfer Learning for Drowsiness Detection

3.6 Popular CNN Architectures in Drowsiness Detection

Convolutional Neural Networks (CNNs) include a wide range of architectures, with

the most common ones being:

3.6.1 ResNet(2015)

Residual Network (ResNet), developed by Kaiming He et al., won the ILSVRC 2015
competition and marked a major breakthrough in deep neural network design. It is dis-
tinguished by the use of skip connections that allow certain layers to be bypassed, which
helps mitigate the vanishing gradient problem during training and enables the construc-

tion of very deep networks. Well-known variants include ResNet-50, ResNet-101, and
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ResNet-152, with 50, 101, and 152 layers respectively. The architecture also incorporates
techniques such as Batch Normalization and Global Average Pooling to enhance training

efficiency and reduce computational complexity [24].

3.6.2 DenseNet (2017)

Densely Connected Convolutional Network (DenseNet), introduced by Gao Huang et
al., received the Best Paper Award at CVPR 2017. It features a unique architecture in
which each layer is directly connected to all preceding layers in a feed-forward fashion,
encouraging feature reuse and facilitating gradient flow. This design enhances learning
efficiency and helps to alleviate the vanishing gradient problem. DenseNet has proven
effective on several challenging datasets such as CIFAR-10, CIFAR-100, SVHN, and Im-
ageNet, showing significant improvements over previous state-of-the-art architectures in
object recognition tasks [24]. Common variants include DenseNet-121, DenseNet-169, and
DenseNet-201, with networks comprising between 121 and 201 layers, incorporating inter-
leaved convolutional layers, skip connections, pooling, normalization, and fully connected

layers.

3.6.3 EfficientNet (2019)

EfficientNet, introduced in 2019, is an advanced convolutional neural network model
known for achieving an effective balance between classification accuracy and computa-
tional efficiency. The model is based on a compound scaling strategy that systematically
and simultaneously increases the network’s depth, width, and input image resolution,
leading to significant performance improvements without excessive growth in model size
or computational requirements. EfficientNet is highly resource-efficient, allowing it to
achieve high accuracy while reducing energy consumption and processing time compared
to larger and more complex models [25]. Its most well-known variants include EfficientNet-
B0 through EfficientNet-B7, as well as the improved version EfficientNetV2. Typically,
the architecture consists of around 10 to 30 layers, including convolutional, pooling, nor-
malization, and fully connected layers, along with advanced activation functions. These
characteristics make it suitable for lightweight deep learning applications that demand

high performance in image classification and recognition.
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3.7 Conclusion

In this chapter, we have examined the theoretical foundations of deep learning, from
the core principles of neural networks to their advanced applications. We placed par-
ticular emphasis on the analytical structure of Convolutional Neural Networks (CNNs),
meticulously deconstructing their complex layers and precise operational mechanisms.
Furthermore, we explored the transfer learning methodology adopted in our research.
Our discussion also included an analysis of leading architectural models in this field. In
the next chapter, we will transition to practical implementation, presenting and closely

examining the experimental results obtained.
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Results and discussions

4.1 Introduction

This chapter presents the experimental results of our deep learning-based approach
to detecting driver drowsiness. The study focuses on evaluating the effectiveness of sev-
eral advanced convolutional neural network (CNN) architectures, specifically MobileNet,
ResNet50, DenseNet201, and EfficientNetV2. These models were selected for their strong
performance in image-based classification tasks and applied to the dataset using a transfer
learning approach. The trials compared each CNN’s performance in identifying signs of

drowsiness, offering insights into their suitability for real-time driver monitoring systems.

4.2 Proposed Framework

The proposed framework(Figure 4.1) for drowsiness detection consists of four main
stages: dataset DDD used ,dataset preparation, feature extraction, and classification.
Initially, facial images are collected to build the dataset, which includes samples labeled
as either drowsy or alert. During the preprocessing stage, the images are resized, rotated
to introduce variation, and augmented to increase dataset diversity and improve model
performance. Next, deep features are extracted using transfer learning, aided by pseudo-
labeling, to utilize both labeled and unlabeled data effectively. These features are then
used to train a classification model capable of distinguishing between drowsy and non-
drowsy states. Finally, the system outputs a binary classification indicating whether the

subject is drowsy or alert.
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Dataset

Transfer learning with
pseudo-labeling

classification

No Drowsy

Figure 4.1 — An overview of the proposed drowsiness detection method

4.2.1 Dataset Description

The UTA-RLDD (University of Texas at Arlington Real-Life Drowsiness Dataset) was
developed for multi-stage drowsiness detection, aiming to identify not only obvious signs
but also subtle micro-expressions linked to early drowsiness. These micro-expressions are
instinctive and difficult to fake, making the dataset more realistic and valuable. It includes
approximately 30 hours of RGB video data from 60 participants—each contributing one
video for three states: alertness, low vigilance, and drowsiness, totaling 180 videos (Fig-
ure 4.2). The participants, aged 20 to 59 and from diverse ethnic backgrounds, recorded
themselves using their cell phones or webcams in real-life environments at a frame rate of
under 30 fps, mimicking common camera conditions. This makes UTA-RLDD the largest
and one of the most realistic datasets available for early drowsiness detection [29].

The Kaggle version focuses on a more compact and practical image-based represen-
tation. In this dataset, facial images were extracted from the original videos using VLC
Media Player, followed by face detection and cropping using the Viola-Jones algorithm
to isolate the region of interest (ROI). This preprocessing step ensured that only relevant
facial features were retained for training the model. The resulting data set contains over

41,790 RGB images, uniformly resized to 227 x 227 pixels and organized into three folders:
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e drowsy : images labeled as exhibiting signs of drowsiness.

 no drowsy : images labeled as showing alertness(Figure 4.3)[30].

To simplify the classification task, we adopted a binary labeling strategy, where:
o Label 0 (Drowsy) corresponds to images in the drowsy/ folder.

o Label 1 (No Drowsy) corresponds to images in the no drowsy/ folder.

Figure 4.2 — Sample frames from the UTA-RLDD dataset in the alert (first row), low vigilant
(second row) and drowsy (third row) states
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Figure 4.3 — Sample frames from the DDD dataset (extracted from UTA-RLDD) in the alert
(first row) and drowsy (second row) states

4.2.2 Face Preparation

Prior to training, all facial images underwent several preprocessing steps to ensure
compatibility with the input requirements of the deep learning models and to improve
overall performance. The dataset was divided into four subsets: 12,549 images for training,
8,367 for validation, 8,367 for testing, and 12,550 images as an unlabeled set (Figure 4.4),
which can be used for further experiments, such as semi-supervised learning. Class labels
were balanced across all subsets to maintain an even distribution of drowsy and non-
drowsy samples.

To prepare the images for model input, all images were resized either to 224 x 224 pixels
or 64 x 64 pixels, depending on the specific model architecture used. Higher-resolution
inputs (224 x 224) were used with deeper models, while lighter models or experimental
configurations used the smaller 64 x 64 size for faster computation and reduced complexity.

Since the original image data was in BGR format (as read by OpenCV), a color space
conversion to RGB was applied to meet the requirements of deep learning frameworks such
as PyTorch and TensorFlow, which expect RGB inputs. Additionally, data augmentation
was applied to improve model robustness. In particular, a random rotation of up to 20
degrees was introduced to simulate natural variations in head pose and facial orientation,

which are common in real-life driving scenarios.
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Figure 4.4 — split of the dataset

4.2.3 Feature Extraction and Classification Using Transfer Learn-
ing (TL)

To support the development of intelligent transportation systems and enhance road
safety, this study proposes a comprehensive framework for driver drowsiness detection
using transfer learning techniques. The framework relies on four advanced deep mod-
els—DenseNet201, ResNetb0, EfficientNetV2, and MobileNet and employs a pseudo-
labeling mechanism to improve training efficiency. The process begins with face detection
and data preprocessing. Then, pseudo-labeling is employed to support both feature ex-
traction and classification stages, leading to improved model performance.

The feature extraction phase benefits from the pre-trained weights of each model,
where most of the feature layers are initially frozen to preserve general visual knowledge
learned from large-scale datasets such as ImageNet. Pre-processed facial images are passed
through the deep feature layers of the models to extract rich visual representations that
highlight drowsiness-related facial cues such as eyelid closure, yawning, or head tilt.

e In DenseNet201, the pretrained convolutional layers remain frozen and are used to
extract high-level visual features that are directly transferred to the classification head.
e In ResNet50, the entire model is fine-tuned, allowing its feature layers to adapt to
the domain-specific characteristics of drowsiness detection.

e In EfficientNetV2-S and MobileNetV2, full fine-tuning is also applied, allowing

the feature extraction and classification layers to be updated for optimal performance.
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Model Strategy Classification Head | Dropout | The Train

Dense(512)

Dense(2)

ResNet 50 Full fine-tuning Dropout(0.3) 0.3 Full model

Dense(512)

Dense(2)

MobileNet Full fine-tuning Dropout(0.2) 0.2 Full model

Dense(1024)

Dense(2)

DenseNet201 | Frozen pretrained layers | Dense(512) None Head only

Dropout(0.3)

EfficientNetV2 | Full fine-tuning Dense(2)

0.3 Full model

Table 4.1 — Model Configurations and Training Parameters

A key innovation of this framework is the integration of pseudo-labeling directly into
the feature learning process. After an initial training round using labeled data, the model
is used to generate predictions on the unlabeled samples. Only those predictions with high
confidence are selected and treated as pseudo-labeled data, allowing the model to self-
generate additional supervision. These pseudo-labeled samples are then passed through
the feature extraction pipeline again, enriching the training distribution and enabling the
model to learn from a broader dataset without manual annotation.

In the classification stage, the extracted feature maps are passed to a custom classi-
fication head tailored for binary classification (alert vs. drowsy). This head consists of
fully connected (dense) layers activated by ReLU functions and regularized with dropout
layers to prevent overfitting. In the end, a Softmax activation function is used to output
class probabilities.

Pseudo-labeling also plays a critical role in this classification phase. As the model
generates confident predictions for unlabeled data, these pseudo-labeled examples are
added to the training set, helping the classifier generalize beyond the limited labeled
dataset.

To improve the model’s robustness, data augmentation techniques are applied during
preprocessing. These include resizing facial images to 64 x 64 pixels, applying random
rotations of £20 degrees to simulate natural head movements, and normalizing pixel

intensities using the ImageNet mean and standard deviation.
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Parameter Value

Image size 64 x 64 pixels
Rotation range | +20 degrees
Normalization | ImageNet mean

Optimizer Adam

Learning rate 0.001

Batch size 128

Framework PyTorch Lightning

Table 4.2 — Preprocessing and Training Setup

Training begins with a small labeled dataset using the Adam optimizer (learning rate
0.001, batch size 128) within the PyTorch Lightning framework. After each training iter-
ation, the model evaluates the unlabeled dataset and generates soft predictions. Samples
that exceed a confidence threshold are assigned pseudo-labels and added to the training
set. This pseudo-labeling-enhanced pipeline gradually increases the diversity and size
of the training data, significantly improving model generalization with minimal labeling
cost.

With repeated training cycles, the quality of pseudo-labels improves, and the model
becomes increasingly confident in its predictions. Over time, this results in a more robust
feature space and improved classification accuracy. Finally, the model is evaluated on a
separate test set that was not used during training to assess its real-world performance.
By combining transfer learning with pseudo-labeling in a unified pipeline, the proposed
framework offers a scalable, efficient, and accurate solution for driver drowsiness detection

based on facial imagery, particularly suitable for contexts with limited labeled data.

4.3 Evaluation Metrics

To comprehensively assess the performance of the proposed drowsiness detection model,
a set of standard evaluation metrics was employed. These include Accuracy, Precision,
Recall, F1-Score, and the Area Under the Receiver Operating Characteris-
tic Curve (AUC-ROC). Each of these metrics provides a different perspective on the
model’s predictive ability, especially in binary classification scenarios such as distinguish-
ing between drowsy and alert driver states.

e Accuracy : Accuracy measures the proportion of correctly classified instances
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both positive and negative relative to the total number of predictions. It is a general
indicator of overall model performance but may be insufficient on its own in imbalanced

datasets.
TP+TN
TP+TN+FP+FN

Accuracy = (3.1)

e Precision : Precision, also known as Positive Predictive Value, evaluates the
proportion of correctly predicted positive cases among all cases predicted as positive. It

is especially relevant when the cost of false positives is high.

Precisi P (3.2)
eClsion == ———— .
Ireclision TP+FP

o Recall (Sensitivity) : Recall quantifies the model’s ability to correctly identify
all relevant positive instances. It is defined as the ratio of true positives to the total
number of actual positive instances. High recall is critical when missing a positive case

(e.g, undetected drowsiness) carries serious risk.

TP
Recall = m (33)

e F1-Score : The F1-Score is the harmonic mean of precision and recall, providing
a single metric that balances both. It is particularly useful when there is an uneven class

distribution or when both false positives and false negatives are critical.

Precision x Recall
F1- =2 4
Score x Precision + Recall (3-4)

o AUC (Area Under the Curve) : The Area Under the Curve (AUC) represents
a comprehensive metric that quantifies the overall performance of a classification model
based on the ROC curve. A higher AUC value reflects a stronger ability of the model to
distinguish between positive and negative classes across varying decision thresholds.
Where:
e TP: True Positives

o TN: True Negatives
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o FP: False Positives

o FN: False Negatives

o TPR: True Positive Rate

o FPR: False Positive Rate

These metrics collectively provide a robust framework for evaluating model performance,
particularly in safety-critical applications such as real-time driver monitoring, where both

detection accuracy and error minimization are crucial.

4.4 Work environment

e Hardware environment :
« PC: DESKTOP-0INKGUO
« Memory (RAM): 8.00 GB.
« Processor: Intel(R) Core(TM) i5-8250U CPU @ 1.80GHz
« System type: 64-bit operating system.
o During the training phase, high-performance GPUs were utilized via cloud comput-
ing, including:
o NVIDIA Tesla P100
o NVIDIA A100
e Software environment :
e Deep learning models were developed and implemented using the Python program-
ming language.
o The PyTorch Lightning framework was employed to construct neural networks and
manage the training process.
 Training and experimentation were conducted on cloud-based platforms, specifically:
o Google Colab Pro+
o Kaggle Notebooks
These platforms provide an integrated environment for model development, with direct

support for GPU acceleration.
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4.5 Experimental Results and Analysis

In this section, we present the quantitative results obtained from the experiments
conducted using four different pre-trained convolutional neural network models: ResNet,
MobileNet, DenseNet, and EfficientNet. The transfer learning technique was applied to
adapt these models to the task of driver drowsiness classification.

The performance was evaluated using a set of common classification metrics: Accuracy,
Precision, Recall, F1 Score, and AUC. The results demonstrate the effectiveness of the
adopted deep learning approaches, with certain models showing superior performance in

specific aspects (Table 4.3).

Model Accuracy | precision | Recall | F1 score | AUC
ResNet 50 0.9877 0.9950 0.9782 | 0.9865 0.9978
MobileNet 0.9983 0.9967 0.9997 | 0.9982 0.9999
DenseNet201 0.9971 0.9974 0.9964 | 0.9969 0.9996
EfficientNetV2 | 0.9998 1.0000 0.9995 | 0.9997 1.000

Table 4.3 — model performance applying transfer learning

After analyzing the results of the four models ResNet50, MobileNet, DenseNet201, and
EfficientNetV2, it is clear that all models demonstrated excellent performance in classi-
fying driver drowsiness from images, reflecting the effectiveness of the transfer learning
strategy in this context.

Focusing specifically on accuracy, the MobileNet model achieved the highest accu-
racy of 99.83%, along with an outstanding recall of 99.97% and a strong F1 score of
99.82%. These results indicate a high balance between correctly identifying positive and
negative cases, making it the most suitable for applications requiring fast execution and
low resource consumption, such as those on mobile devices and in real-time systems. In
contrast, the ResNet50 model showed good performance but recorded the lowest accu-
racy among the four models at 98.77%, with a slightly lower recall of 97.82%, reflecting
a relatively higher error rate compared to MobileNet, which may affect its reliability in
sensitive operational environments.

The DenseNet201 model stood out with consistently excellent performance across all

metrics, achieving an accuracy of 99.71% and recall of 99.64%, which can be attributed to
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its architectural design that facilitates information flow within the network and minimizes
feature loss.

Finally, the EfficientNetV2 model outperformed all others, achieving the highest ac-
curacy of 99.98% and the highest AUC value of 100%, indicating its superior ability to
discriminate between classes. This model also offers an optimal balance between perfor-
mance and accuracy with fewer computational parameters, making it an ideal choice for
resource-constrained systems without sacrificing prediction quality.

For a more detailed understanding of each model’s performance, confusion
matrices and ROC curves were presented to illustrate the models’ accuracy

and error patterns.

Receiver Operating Characteristic

Figure 4.5 — Results using MobileNet
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The evaluation metrics for the MobileNet model indicate very strong performance.
The ROC curve attains an AUC of 1.00, reflecting complete separation between the two
classes across threshold values.

From the confusion matrix, 4,467 negative samples were correctly classified, with a false
positive count limited to just 13. On the positive side, 3,886 instances were identified
correctly, while only a single positive sample was missed. This small number of errors
indicates a well-balanced trade-off between sensitivity and precision, resulting in an overall
low misclassification rate.

These results suggest that the MobileNet model is well-suited to binary classification tasks
that require high accuracy and reliability.

Receiver Operating Characteristic
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Figure 4.6 — Results using ResNet50

T

The ResNetb0 model shows strong results across the evaluation metrics. The ROC
curve, with an AUC of 1.00, indicates clear separation between the two classes with
virtually no overlap.

The confusion matrix reveals that most samples were classified correctly: 19 negative cases
were incorrectly flagged as positive, and 84 positive cases were missed. This distribution
suggests a good balance between sensitivity and precision, with a relatively low overall
error rate.

Taken together, these outcomes indicate that ResNet50 is a suitable choice for binary
classification tasks where minimizing errors is important.

The figure illustrates the performance of the DenseNet201 model through the ROC
curve and the confusion matrix. The ROC curve shows a near-perfect performance, with

the curve closely hugging the top-left corner of the graph. This shape indicates that
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Figure 4.7 — Results using Densenet201

DenseNet201 achieves a very high true positive rate while maintaining a low false positive
rate. The area under the ROC curve being approximately 1 confirms the model’s strong
discriminative power in classifying between drowsy and alert states.

The confusion matrix complements this result by revealing that the majority of predictions
are correctly classified, as seen by the dominant diagonal values. Misclassifications are
minimal, indicating that DenseNet201 maintains high precision and recall across both
classes. This strong balance reflects the model’s robustness and reliability in real-world

drowsiness detection tasks.
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Figure 4.8 — Results using EfficientNetV2

University Kasdi Merbah of Ouargla 2024/2025 page 46



Chapter 4. Results and discussions

The performance of the EfficientNetV2 model demonstrates exceptional effectiveness
across key evaluation metrics. The ROC curve achieves an AUC of 1.00, indicating per-
fect separability between the two classes. This result confirms the model’s ability to
distinguish accurately between drowsy and alert states with no overlap, reflecting strong
discriminative power and high reliability.

The confusion matrix further highlights this strength. All samples from the “alert” class
were classified correctly, with zero false positives. For the “drowsy” class, only two sam-
ples were misclassified as alert, resulting in a minimal number of false negatives. This
extremely low error rate indicates that the model maintains a near-perfect balance be-
tween precision and recall, ensuring both sensitivity and specificity. Such performance is
particularly valuable in safety-critical applications like driver drowsiness detection, where
minimizing misclassification is crucial.

Overall, EfficientNetV2 proves to be a highly robust and accurate model, delivering near-

flawless classification results in this context.

4.6 Comparison with Previous Work

Ref Dataset Method Reported Accuracy
2021 [31] UTA-RLDD  DenseNet201 99.00%
2024 [32] UTA-RLDD  EfficientNetV2, ResNet50 94.03%

UTA-RLDD, .

2024 [33] YawDD MobileNet 98.44%
ResNet50 98.77%
X DenseNet201 99.71%
2025 (our project) UTA-RLDD MobileNet 99.83%
EfficientNetV2 99.98%

Table 4.4 — Comparison of Reported Accuracy on UTA-RLDD and YawDD Datasets

Table 4.4 presents a comparative analysis between the proposed system and several
recent studies using the UTA-RLDD dataset for drowsiness detection. The study in [31]
achieved 99% accuracy using DenseNet201, while our DenseNet201-based model slightly
outperformed it, reaching 99.71%. Similarly, the models presented in [32] used Efficient-
NetV2 and ResNet50 and obtained a maximum accuracy of 94.03%, whereas our imple-
mentation of these models achieved 99.98% and 98.77%, respectively. In [33], MobileNet

was applied using both UTA-RLDD and YawDD datasets, yielding 98.44% accuracy.
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Our MobileNet implementation surpassed this with a performance of 99.83%. These re-
sults demonstrate the effectiveness and robustness of our proposed system, particularly
in optimizing deep learning architectures through fine-tuning and enhanced preprocessing

techniques.

4.7 Conclusion

This chapter, which presents the experimental results, highlights the strong capabili-
ties of all evaluated convolutional neural network models in detecting driver drowsiness.
MobileNet and EfficientNetV2 stood out for their balance between accuracy and efficiency,
making them ideal choices for practical applications and real-time monitoring systems.
This study confirms the value of transfer learning in developing effective and resource-

efficient systems for drowsiness detection.
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Chapter 5. General conclusion and future work

Detecting driver drowsiness through facial image analysis has recently garnered sig-
nificant attention due to its potential to enhance road safety and reduce accidents caused
by fatigue. However, accurately identifying drowsiness remains a challenging task be-
cause of the subtle and variable nature of facial fatigue indicators under different lighting
conditions, head poses, and facial structures. This research addresses this challenge by
developing an intelligent system capable of distinguishing between alert and drowsy states
with high precision, using advanced deep learning techniques and transfer learning with

pseudo-labeling.

The study began with a review of fundamental concepts in deep learning, trans-
fer learning, and convolutional neural networks, establishing a solid theoretical foun-
dation for the system design. We implemented several state-of-the-art models, includ-
ing DenseNet201, EfficientNetV2, ResNet50, and MobileNet, leveraging both pre-trained
weights and training from scratch to improve performance on a real-world dataset featur-

ing complex challenges.

Utilizing the UTA-RLDD dataset, which is considered one of the most comprehensive
datasets for early drowsiness detection, provided a robust evaluation environment. Our
models demonstrated outstanding performance, surpassing or closely matching the accu-
racy reported in recent studies, achieving accuracy rates of up to 99.98%. These results
confirm the effectiveness of transfer learning in adapting existing deep models to new

tasks with limited data while maintaining high accuracy.

This research emphasizes the importance of extracting distinctive features from facial
images related to fatigue indicators and employing fine-tuning techniques to optimize the
model’s performance in response to new data characteristics. The proposed system lays
the groundwork for future enhancements through the integration of multimodal data or

advanced feature extraction methods.
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Future perspectives for the development of drowsiness detection systems will leverage
advanced Al techniques, such as generative models like GANs, to augment training data
and enhance system performance. Multimodal transformer architectures will enable the
simultaneous analysis of visual, auditory, and physiological signals, leading to improved
accuracy. Federated learning enhances privacy by training models on devices without
requiring data to be shared centrally. Edge computing with IoT devices enables real-
time processing within vehicles, reducing latency and preserving user privacy. Ultimately,
adaptive alert systems will deliver dynamic and personalized warnings to enhance driver

safety while minimizing distractions.
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